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ΠΕΡΙΛΗΨΗ 

 
Η έκφραση της γενετικής πληροφορίας, σε όλους τους οργανισμούς, χαρακτηρίζεται από 

μια σταθερή κατάσταση «ροής» στην οποία όμως μόνο ένα μέρος του γονιδίου μέσα στο 

γονιδίωμα (genome) εκφράζεται ανά χρονική στιγμή. Το γονιδιακό μοτίβο έκφρασης (gene 

expression pattern or gene expression profile) θα μπορούσαμε να πούμε ότι αντανακλά την 

αντίδραση των κυττάρων στα διάφορα εξωτερικά ερεθίσματα. Για να μπορέσουν να 

απαντηθούν ερωτήματα σχετικά με τους μηχανισμούς που επηρεάζουν και μεταβάλλουν τη 

γονιδιακή έκφραση ανάλογα με το εξωτερικό ερέθισμα είναι απαραίτητη η μελέτη της 

γονιδιακής έκφρασης σε μεταγραφικό επίπεδο (transcription level) ή/και άλλα στάδια 

(παράγοντες)  που ρυθμίζουν τη γονιδιακή έκφραση (gene regulation) σε επίπεδο mRNA.  

Η ολοκλήρωση του προγράμματος για τη μελέτη του ανθρώπινου γονιδιώματος (Human 

Genome Project)σε συνδυασμό με την εμφάνιση της τεχνολογίας των μικροσυστοιχιών 

(microarray) κατέστησε εφικτή τη σφαιρική και σε βάθος μελέτη του γονιδιώματος σε 

επίπεδο γονιδιακής μεταγραφής. Με τη χρήση της τεχνολογίας των μικροσυστοιχιών, οι 

ερευνητές έχουν πλέον τη δυνατότητα να μελετήσουν ταυτόχρονα την γονιδιακή έκφραση 

δεκάδων ή και εκατοντάδων χιλιάδων γονιδίων σε ιστούς, κύτταρα όγκους κλπ με τη χρήση 

ενός και μόνο πειράματος. Κατά συνέπεια, και από τη στιγμή που τα γονιδιακά μοτίβα 

έκφρασης συσχετίζονται έντονα λειτουργικά (functionally correlated), η τεχνολογία των 

μικροσυστοιχιών παρέχει ανεκτίμητης αξίας πληροφορίες που μπορούν να δώσουν ώθηση 

τόσο στην ανάπτυξη της βασικής έρευνας π.χ. μελέτη των γονιδιακών προφίλ έκφρασης 

διαφορετικών ιστών όσο και στην ανάπτυξη της εφαρμοσμένης έρευνας π.χ. μελέτη 

ασθενειών, δράση φαρμάκων και ορμονών κλπ. 

Η πρώτη εμφάνιση της τεχνολογίας των μικροσυστοιχιών χρονολογείται τη δεκαετία του 

'70. Η ιδέα πάνω στην οποία στηρίζεται η τεχνολογία των μικροσυστοιχιών αποτελεί εξέλιξη 

της ιδέας του E. Southern. Προς το τέλος της δεκαετίας του '80, μια ομάδα επιστημόνων με 

επικεφαλή τον Stephen P.A. Fodor, Ph.D. κατάφερε να υλοποιήσει το πρώτο πειραματικό 

πρωτόκολλο μικροσυστοιχίών, ενώ η πρώτη λεπτομερής περιγραφή της τεχνολογίας των 

μικροσυστοιχιών παρουσιάστηκε το 1994. Η περιγραφή αυτή, αφορούσε την τεχνολογία 

Affymetrix VLSIPS που υιοθετήθηκε για την παραγωγή της πρώτης διχρωματικής 

μικροσυστοιχίας DNA (two color DNA microarray) από τον Dr. Schena και την ερευνητική 

του ομάδα στο Πανεπιστήμιο του Stanford. Η δημοσίευσή της εργασίας τους στο περιοδικό 

Science αποτελεί την πρώτη ερευνητική δημοσίευση αναφορικά με την τεχνολογία των 

μικροσυστοιχιών και είναι η πλέον αναφερόμενη όσον αφορά την τεχνολογία αυτή. Ωστόσο, 
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έως και σήμερα, πολύ μεγάλος είναι ο αριθμός τόσο των εργασιών αναφορικά με την 

τεχνολογία των μικροσυστοιχιών όσο και των εφαρμογών της τεχνολογίας αυτής σε 

διάφορους τομείς της επιστήμης 

Στόχος της τεχνολογίας των μικροσυστοιχιών τα επόμενα χρόνια αποτελεί η μελέτη των 

μεταγραφικών προφίλ έκφρασης «υψηλότερων» οργανισμών (higher organisms) με τη χρήση 

όσο το δυνατόν λιγότερων μικροσυστοιχιών DNA. Με αυτό τον τρόπο θα καταστεί δυνατή 

και η σφαιρική μελέτη γονότυπων (genotypes) που αντιστοιχούν σε διαφορετικούς 

φαινότυπους (phenotypes) κυττάρων. Τα αποτελέσματα μιας τέτοιας μελέτης είναι σχεδόν 

βέβαιο ότι θα φέρουν νέα δεδομένα και θα εξελίξουν πολλούς τομείς της ιατρικής επιστήμης. 

 

Στόχοι και Συνεισφορές της παρούσας Διατριβής 
 

Παρά τη δυνατότητα που παρέχει η τεχνολογία των μικροσυστοιχιών για την ταυτόχρονη 

μέτρηση των επιπέδων έκφρασης χιλιάδων γονιδίων, η ποσοτικοποίηση της γονιδιακής 

έκφρασης (δηλ. η εξαγωγή των επιπέδων έκφρασης των γονιδίων), επηρεάζεται από τους 

διάφορους τύπους θορύβου που υπεισέρχονται τόσο κατά την πειραματική διαδικασία 

κατασκευής των μικροσυστοιχιών (π.χ. προετοιμασία δειγμάτων) όσο και από τα 

πιθανοκρατικά χαρακτηριστικά που διέπουν τη διαδικασία ανίχνευσης (microarray scanning 

procedure) των μικροσυστοιχιών (π.χ. λάθη ανίχνευσης). Η «θορυβώδης» φύση των γονιδίων 

και κατά συνέπεια των μετρούμενων γονιδιακών εκφράσεων «κρύβει» (obscure) μερικά από 

τα πιο σημαντικά χαρακτηριστικά των βιολογικών διαδικασιών ενδιαφέροντος και καθιστά 

δύσκολη την εξαγωγή χρήσιμων βιολογικών συμπερασμάτων. Κατά συνέπεια, ως μια από τις 

μεγαλύτερες προκλήσεις στην γονιδιωματική ανάλυση μέσω μικροσυστοιχιών θα μπορούσε 

να θεωρηθεί ο αποτελεσματικός διαχωρισμός των πραγματικών γονιδιακών εκφράσεων από 

το θόρυβο.  

Συνήθως, η εξαγωγή των γονιδιακών εκφράσεων από εικόνες μικροσυστοιχιών στηρίζεται 

σε μια ευρέως διαδεδομένη αλγοριθμική μεθοδολογία (microarray analysis pipeline) που 

περιλαμβάνει τρία διαδοχικά βήματα γνωστά ως: διευθυνσιοδότηση (gridding), κατάτμηση 

(segmentation) και εξαγωγή εντάσεων (intensity extraction). Έως και σήμερα, έχουν 

δημοσιευτεί πολλές ερευνητικές εργασίες που προτείνουν διάφορες τεχνικές για κάθε ένα από 

τα 3 αυτά βήματα και οι οποίες έχουν ως στόχο τον ακριβή προσδιορισμό των γονιδιακών 

εκφράσεων. Παρ’ όλα αυτά, έχει αποδειχτεί ότι τόσο οι τιμές των γονιδιακών εκφράσεων όσο 

και τα εξαγόμενα βιολογικά συμπεράσματα μεταβάλλονται ανάλογα με την εκάστοτε 

χρησιμοποιούμενη μέθοδο.  
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Από τα παραπάνω διαφαίνεται ότι η μείωση του θορύβου είναι μια πολύ σημαντική 

διαδικασία η οποία θα πρέπει να ενσωματωθεί στην αλγοριθμική μεθοδολογία που μέχρι 

στιγμής χρησιμοποιείται για την εξαγωγή των γονιδιακών εκφράσεων από τις εικόνες 

μικροσυστοιχιών. Με αυτό τον τρόπο θα ελαχιστοποιηθούν τα πιθανά «λάθη» τα οποία 

μεταφέρονται (propagate) κατά τη διαδικασία εξαγωγής των εντάσεων (μέσω της 

χρησιμοποιούμενης αλγοριθμικής μεθοδολογίας) και τελικά επηρεάζουν την «ακριβή» 

εξαγωγή των γονιδιακών εκφράσεων. 

‘Ως πιθανή λύση για την αντιμετώπιση του θορύβου στις εικόνες μικροσυστοιχιών, έχει 

προταθεί στη διεθνή βιβλιογραφία η χρήση τεχνικών αναβάθμισης εικόνας. Τα αποτελέσματα 

αυτών των επιστημονικών εργασιών συμπεραίνουν ότι με τη χρήση τεχνικών αναβάθμισης η 

ποιότητα των επεξεργασμένων εικόνων είναι σαφώς καλύτερη. Ωστόσο, καμία από αυτές τις 

εργασίες δεν μελετάει εάν οι τεχνικές αναβάθμισης οδηγούν στον ακριβέστερο προσδιορισμό 

των παρυφών των κουκίδων (spot) από τις οποίες εξάγονται οι γονιδιακές εκφράσεις ή εάν 

βοηθάνε στη μείωση της μεταβλητότητας (variability) των εξαγόμενων γονιδιακών 

εκφράσεων.  

Επιπρόσθετα, όπως έχει ήδη προαναφερθεί, ο θόρυβος παρεμποδίζει την εξαγωγή 

χρήσιμων βιολογικών συμπερασμάτων. Παρά το μεγάλο πλήθος εξελιγμένων μεθόδων που 

έχουν προταθεί στη διεθνή βιβλιογραφία για την αποτροπή της ομαδοποίησης γονιδίων που 

χαρακτηρίζονται ως «θορυβώδη», δεν έχει καθοριστεί ακόμα (από τους ειδικούς) μια ενιαία 

μέθοδος που να βρίσκει και να ομαδοποιεί γονίδια τα οποία θα παρέχουν βιολογικά χρήσιμες 

πληροφορίες. Αποτέλεσμα αυτής της «ασυμφωνίας» μεταξύ των ειδικών αποτελεί η εξαγωγή 

διαφορετικών βιολογικών συμπερασμάτων ανάλογα α) με τον αριθμό των δημιουργούμενων 

γονιδιακών ομάδων (που εξαρτάται άμεσα από τη διαφορετική μέθοδο ομαδοποίησης 

(clustering)) και β) με τις διαφοροποιήσεις που μπορεί να έχουμε στις παραμέτρους των 

διαφόρων μεθόδων ομαδοποίησης.  

Κατά συνέπεια, θα μπορούσαμε να πούμε ότι είναι σημαντικό όχι μόνο να αξιολογηθεί η 

απόδοση κάθε σταδίου ανάλυσης ανεξάρτητα (δηλ. εάν οι τεχνικές που υιοθετούνται κατά 

την αλγοριθμική μεθοδολογία ανάλυσης των μικροσυστοιχιών μπορούν να εξαγάγουν με 

ακρίβεια τις γονιδιακές εκφράσεις ή εάν οι μέθοδοι που χρησιμοποιούνται για την 

ομαδοποίηση γονιδίων παρέχουν ομάδες γονιδίων που χαρακτηρίζονται από βιολογικό 

ενδιαφέρον) αλλά επίσης να εξασφαλιστεί η συνολική βέλτιστη απόδοση όσον αφορά την 

εξαγωγή βιολογικά σημαντικών πληροφοριών. 

Από τα ανωτέρω, είναι εμφανές ότι κατά πάσα πιθανότητα αυτό που «λείπει» είναι ένα 

πλήρες και ισχυρό (vigorous) πλαίσιο (framework) πάνω στο οποίο θα στηριχτεί η ανάλυση 

των εικόνων μικροσυστοιχιών. Αυτό το πλαίσιο θα πρέπει να μοντελοποιήσει κατάλληλα τις 

επιδράσεις του θορύβου με σκοπό όχι μόνο να αυξήσει την ακρίβεια των εξαγόμενων 
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επιπέδων γονιδιακής έκφρασης αλλά, ταυτόχρονα, να διευκολύνει το αμέσως επόμενο βήμα 

της ανάλυσης της γονιδιακής έκφρασης. Έτσι, θα δοθεί η δυνατότητα στους βιολόγους να 

κατανοήσουν ολοκληρωμένα και σε βάθος τη διαδικασία που μελετάται σε ένα πείραμα που 

πραγματοποιείται με τη χρήση μικροσυστοιχιών. 

H παρούσα διατριβή στοχεύει στη δημιουργία ενός ολοκληρωμένου πλαισίου για την 

επεξεργασία και ανάλυση εικόνων μικροσυστοιχιών με σκοπό την βελτιστοποίηση της 

εξαγωγής και κατά συνέπεια της ποσοτικοποίησης των γονιδιακών εντάσεων από εικόνες 

μικροσυστοιχιών κουκίδων (spotted cDNA microarray images). Οι στόχοι της παρούσας 

διατριβής συνοψίζονται ως εξής: 

 

• μοντελοποίηση και περιορισμός των επιδράσεων του θορύβου σε εικόνες 

μικροσυστοιχιών κουκίδων κατά τέτοιο τρόπο ώστε να αυξηθεί η ακρίβεια των 

εξαγόμενων γονιδιακών εκφράσεων 

• μελέτη της επίδρασης του θορύβου και βελτιστοποίηση των μεθόδων ανάλυσης 

των γονιδιακών εκφράσεων με σκοπό τη διευκόλυνση των βιολόγων στην 

εξαγωγής βιολογικών συμπερασμάτων και την καλύτερη κατανόηση της 

βιολογικής διεργασίας που μελετάται 

• εισαγωγή ενός ημιεποπτευόμενου (semi-supervised) κριτηρίου που στηριζόμενο 

σε βιολογικές πληροφορίες θα αποσκοπεί στην ανεύρεση βιολογικά σημαντικών 

ομάδων γονιδίων τα οποία ταυτόχρονα θα απαντούν σε συγκεκριμένα βιολογικά 

ερωτήματα  

• μελέτη της επίδρασης και της απόδοσης διαφόρων τεχνικών κατάτμησης εικόνων 

μικροσυστοιχιών κουκίδων, τόσο ανωτάτου επιπέδου (state-of-art) όσο και νέων, 

στην ποσοτικοποίηση γονιδιακών εκφράσεων. 

 

Για την πραγματοποίηση των παραπάνω στόχων σχεδιάστηκε και κατασκευάστηκε μια 

πλήρως δομημένη μεθοδολογία (a complete and robust framework) που περιελάμβανε 

αλγοριθμους επεξεργασίας και ανάλυσης εικόνας κουκίδων μικροσυστοιχιών Η 

προτεινόμενη μεθοδολογία ενσωμάτωσε στην ήδη υπάρχουσα αλγοριθμική μεθοδολογία 

(microarray analysis pipeline) έναν πρωτότυπο συνδυασμό τεχνικών επεξεργασίας και 

ανάλυσης εικόνας βασισμένο στην εις βάθος ποσοτική έρευνα της επίδρασης του θορύβου 

στην κατάτμηση κουκίδων (spot segmentation), στην εξαγωγή εντάσεων και στην εξόρυξη 

δεδομένων (data mining). Επιπρόσθετα, κατά την παρούσα διατριβή προτάθηκαν, 

κατασκευάστηκαν και αξιολογήθηκαν νέες τεχνικές κατάτμησης εικόνας από μικροσυστοιχές 

κουκίδων. Η χρησιμότητα των προτεινόμενων μεθοδολογιών αξιολογήθηκε τόσο σε 

εικονικές (simulated) όσο και σε πραγματικές εικόνες μικροσυστοιχιών κουκίδων. 
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Η πρώτη συνεισφορά της παρούσας διατριβής συνοψίζεται στην κατασκευή ενός πλήρως 

δομημένου μεθοδολογικού πλαισίου που περιλαμβάνει μεθόδους επεξεργασίας και ανάλυσης 

εικόνας μικροσυστοιχιών κουκίδων με σκοπό την βελτιστοποίηση των αποτελεσμάτων του 

ομολογουμένως απαιτητικού σταδίου της ανάλυσης εικόνας μικροσυστοιχιών κουκίδων. Ο 

σχεδιασμός της προτεινόμενης μεθοδολογίας στηρίχθηκε στην εις βάθος ποσοτική έρευνα της 

επίδρασης του θορύβου στην κατάτμηση κουκίδων (spot segmentation) και κατά συνέπεια 

στην εξαγωγή εντάσεων και αποτελείται από τα εξής επί μέρους στάδια: α) διευθυνσιοδότηση 

για τη διευκόλυνση της εύρεσης των κουκίδων, β) μη εποπτευόμενο διαχωρισμό μεταξύ 

κουκίδων και υποβάθρου για την αύτοματη εύρεση και μοντελοποίηση του θορύβου τοπικά 

στην εκάστοτε κουκίδα, γ) αποκατάσταση της εικόνας της κουκίδας τοπικά, δ) κατάτμηση 

των αποκατεστημένων κουκίδων, ε) εξαγωγή εντάσεων από τις κουκίδες και στ) αποτίμηση 

(assessment) της επαναληψιμότητας και της αξιοπιστίας των εξαγόμενων από τις κουκίδες 

γονιδιακών εντάσεων. Η προτεινόμενη μεθοδολογία αποδεικνύεται ότι βελτιστοποιεί τον 

ακριβή προσδιορισμό των γονιδιακών εκφράσεων και αυξάνει την επαναληψιμότητά τους σε 

σύγκριση με ευρέως διαδεδομένα πακέτα (SPOT, Scanalyze) τόσο σε εικονικές όσο και σε 

πραγματικές εικόνες μικροσυστοιχιών κουκίδων [Appendix I, 1,4,5,6,7,8,9]
. 

Η δεύτερη συνεισφορά της παρούσας διατριβής προκύπτει από τα αποτελέσματα της 

πρώτης και αναφέρεται στην εισαγωγή μιας εξελιγμένης μη-εποπτευόμενης τεχνικής 

ομαδοποίησης γονιδιακών εκφράσεων (Quantum Clustering) στο ήδη προτεινόμενο 

αλγοριθμικό πλαίσιο (που στηρίζεται στην ποσοτική έρευνα της επίδρασης του θορύβου σε 

εικόνες μικροσυστοιχιών κουκίδων) με στόχο την εξαγωγή βιολογικά χρήσιμων γονιδιακών 

ομάδων οι οποίες ταυτόχρονα θα απαντούν σε συγκεκριμένα βιολογικά ερωτήματα Για το 

σκοπό αυτό εισήχθηκε ένα νέο ημιεποπτευόμενο βιολογικό κριτήριο βάσει του οποίου 

κρίνονται τα αποτελέσματα της προτεινόμενης μεθοδολογίας σε σχέση με τα αποτελέσματα 

άλλων μεθόδων μη-εποπτεύομενης ομαδοποίησης (FCM, SOM’s). Τα αποτελέσματα της 

προτεινόμενης μεθοδολογίας συνιστούν τη δημιουργία ενός ενοποιημένου μεθοδολογικού 

πλαισίου αλγορίθμων για την εξαγωγή και ανάλυση των γονιδιακών εκφράσεων από εικόνες 

μικροσυστοιχιών κουκίδων ώστε να καταστεί εφικτή η εύρεση των «κρυμμένων» 

ρυθμιστικών γονιδιακών μηχανισμών [Appendix I, 2].  

Η τρίτη συνεισφορά της παρούσας διατριβής προκύπτει και πάλι από τα αποτελέσματα 

της πρώτης και συνοψίζεται στην μελέτη και εισαγωγή νέων μεθόδων κατάτμησης εικόνας 

μικροσυστοιχιών κουκίδων με στόχο την βελτιστοποίηση της εξαγωγής των γονιδιακών 

εκφράσεων. Για το σκοπό αυτό μελετήθηκαν εκτενώς διάφορες υπάρχουσες αλλά και νέες 

τεχνικές τμηματοποίησης εικόνας μικροσυστοιχιών κουκίδων τόσο μεμονωμένα όσο και σε 
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διάφορους ομαδικούς σχηματισμούς (ensemble majority vote schemes) βασισμένες πάντα 

στο ήδη προτεινόμενο αλγοριθμικό πλαίσιο που διερευνά την επίδραση του θορύβου στις 

εικόνες αυτές. Οι συγκρίσεις των διαφόρων τεχνικών κατάτμησης πραγματοποιήθηκαν σε 

εικονικές αλλά και πραγματικές εικόνες μικροσυστοιχιών κουκίδων [Appendix I,3]. 

 

Διάρθρωση της παρούσας Διατριβής 
 

Η παρούσα διατριβή χωρίζεται σε 2 μέρη 

 

• Το πρώτο μέρος αποτελείται από τα κεφάλαια 2-4 τα οποία πραγματεύονται τις 

βασικές βιολογικές αρχές οι οποίες εμπλέκονται στην τεχνολογία των 

μικροσυστοιχιών καθώς επίσης και τις βασικές αρχές και μεθόδους που 

εμπλέκονται στην ποσοτικοποίηση και ερμηνεία των αποτελεσμάτων που 

προκύπτουν από τα πειράματα των μικροσυστοιχιών.  

• Το δεύτερο μέρος περιλαμβάνει τα κεφάλαια 5-8 στα οποία παρουσιάζονται 

αναλυτικά οι μέθοδοι και τα αποτελέσματα των μεθόδων επεξεργασίας και 

ανάλυσης που χρησιμοποιήθηκαν στα πλαίσια της παρούσας διατριβής  

 

Αναλυτικά, στο Κεφάλαιο 2, εισάγονται οι βιολογικές και πειραματικές αρχές όπως 

επίσης και τα κίνητρα στα οποία στηρίζεται η τεχνολογία των μικροσυστοιχιών. Στη 

συνέχεια, στα Κεφάλαια 2 και 3 παρουσιάζεται το πλέον διαδεδομένο αλγοριθμικό πλαίσιο 

που χρησιμοποιείται για την επεξεργασία και ανάλυση εικόνων από μικροσυστοιχίες 

κουκίδων. Λεπτομερέστερα, στο Κεφάλαιο 3 περιγράφονται οι βασικές αρχές και τα 

μειονεκτήματα του αλγοριθμικού πλαισίου που χρησιμοποιείται έως και σήμερα για την 

επεξεργασία και ανάλυση εικόνων από μικροσυστοιχίες κουκίδων. Στο Κεφάλαιο 4 

αναλύονται οι διαδικασίες που χρησιμοποιούνται για την ανάλυση την οπτικοποίηση 

(visualization) και την εξαγωγή χρήσιμων βιολογικών συμπερασμάτων από τα επίπεδα 

γονιδιακής έκφρασης.  

Το Κεφάλαιο 5 περιγράφει τα διαφορετικά σετ δεδομένων (εικόνων) που 

χρησιμοποιήθηκαν στα πλαίσια της παρούσας διατριβής. Στο Κεφάλαιο 6 περιγράφεται 

αναλυτικά η κατασκευή του πλήρως δομημένου μεθοδολογικού πλαισίου το οποίο 

στηρίχθηκε στην εις βάθος ποσοτική έρευνα της επίδρασης του θορύβου για την 

βελτιστοποίηση των αποτελεσμάτων που προκύπτουν από την επεξεργασία και ανάλυση των 

εικόνων μικροσυστοιχιών κουκίδων. Ακολούθως, στο Κεφάλαιο 7 παρουσιάζεται η 

προσθήκη μιας εξελιγμένης μη-εποπτευόμενης τεχνικής ομαδοποίησης γονιδιακών 
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εκφράσεων στο πλήρως δομημένο μεθοδολογικό πλαίσιο του Κεφαλαίου 6 με σκοπό την 

βελτιστοποίηση των εξαγόμενων βιολογικών συμπερασμάτων. 

Τέλος, στο Κεφάλαιο 8 παρουσιάζεται η εκτενής συγκριτική έρευνα και μελέτη διαφόρων 

υψηλού επιπέδου (state-of-art) ευρέως διαδεδομένων αλλά και νέων μεθοδολογιών που 

χρησιμοποιήθηκαν τόσο μεμονωμένα όσο και σε διάφορους ομαδικούς σχηματισμούς για την 

βελτιστοποίηση της εξαγωγής των γονιδιακών εκφράσεων από εικόνες μικροσυστοιχιών 

κουκίδων.  

 

Φορείς Χρηματοδότησης  
 

Η παρούσα διατριβή υλοποιήθηκε στο πλαίσιο του Μέτρου 8.3 του Ε.Π. 

Ανταγωνιστικότητα, Γ’ Κοινοτικό Πλαίσιο Στήριξης και συγχρηματοδοτείται κατά: 

• 80% της Δημόσιας Δαπάνης από την Ευρωπαϊκή Έένωση – Ευρωπαϊκό 

Κοινωνικό Ταμείο 

• 20% της Δημόσιας Δαπάνης από το Ελληνικό Δημόσιο – Υπουργείο Ανάπτυξης – 

Γενική Γραμματεία Έρευνας και Τεχνολογίας και από τον Ιδιωτικό Τομέα 

 

 



CHAPTER 1  

INTRODUCTION 

 
The expression of genetic information, in all organisms, might be characterized as in a 

constant state of flux with only a fraction of the gene within a genome being expressed at any 

given time. The genes’ expression pattern reflects the response of cells to stimuli that control 

growth, development and signal environmental changes. Understanding genes’ expression at 

the level of transcription and/or other stages of gene regulation at the mRNA level (half life of 

mRNA, RNA production from primary transcript) might reveal insights into the genes 

expression mechanisms that control these changes. 

The completion of the Human Genome Project [1] that provided vast amount of 

information regarding the Deoxyribonucleic Acid (DNA) sequence of the human genome in 

conjunction with the advent of microarray technology rendered the global genome-wide 

transcription analysis feasible. With the DNA microarray technology researchers are now able 

to determine, in a single experiment, the gene expression profiles of hundreds to tens of 

thousands of genes in tissue, tumors, cells or biological fluids. Accordingly, and since the 

patterns of gene expression are strongly functionally correlated [2, 3], microarrays might 

provide unprecedented information both on basic research (e.g. expression profiles of 

different tissues [4]) and on applied research (e.g. human diseases, drug and hormone action 

etc. [5, 6]). 

The origin of the microarray technology was evolved from E. Southern’s technique in the 

1970s [7]. In the late 1980’s a team of scientists led by Stephen P.A. Fodor, Ph.D. made the 

first microarray protocol while the first description of the microarray technology was reported 

in 1994 [8]. This was the Affymetrix Very Large Scale Immobilized Polymer Synthesis 

(VLSIPS) technology which was adapted for the production of the first two-color DNA 

microarray by Dr. Schena and his colleagues at Stanford University. Their publication in 

Science [9] is the first on microarrays and the most highly cited. To this end numerous studies 

[10-16] have been published regarding microarray technology and its applications. 

Future technological advances in microarrays aim to render possible the profiling of the 

whole transcriptome of higher organisms with only a few DNA chip. The latter, will provide 

us a global view of the genotypes that correspond to different cell phenotypes. Such capability 

might change the current status in biomedical research and development in many areas, 
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ranging from developing advanced diagnostics to unraveling complex biological pathways 

and networks. 

1.1 Motivation 
 

While the simultaneous measurement of thousands of gene expression levels potentially 

serves as source of profound knowledge, genes quantification (i.e. extraction of the genes 

expression levels) is confounded by various types of noise originating both from the 

microarray experimental procedure (e.g. sample preparation) and the probabilistic 

characteristics of the microarray detection process (e.g. scanning errors). The “noisy” nature 

of the measured gene expression levels obscures some of the important characteristics of the 

biological processes of interest. The latter, as a direct effect, renders the extraction of 

biological meaningful conclusions through microarray experiments difficult and affects the 

accuracy of the biological inference [17]. Thus, as a major challenge in DNA microarray 

analysis, and especially for the accurate extraction of genes expression levels, might be 

considered the effective separation of “true” gene expression values from noise.  

Commonly, the extraction of gene expression levels is achieved through a well-known 

algorithmic pipeline (microarray analysis pipeline) that involves three cascade steps, namely, 

gridding, segmentation and intensity extraction. To this end, several studies have been 

published that propose various techniques for each step of the microarray analysis pipeline 

[18-22] and which aim to accurately determine genes expression levels. Nevertheless, it has 

been proved that different gene expression levels and, consequently, different biological 

conclusions are obtained each time that a different technique is employed [18, 23].  

Thus, it is evident that noise reduction is an essential process, which has to be incorporated 

into the microarray image analysis pipeline in order to minimize the “errors” that propagate 

throughout the microarray analysis pipeline and, consequently, affect the extracted gene 

expression levels. A possible solution, as proposed in previous studies [24-27], for addressing 

microarray image noise is image enhancement. Results of these studies have indicated a 

superior quality of the enhanced images, without however examining whether enhancement 

leads to more accurate spot segmentation or reduces the variability of the extracted gene 

expression levels. 

As foresaid, noise also complicates the extraction of meaningful biological conclusions. 

While more advanced methods have been introduced [28-32] that attempt to prevent the noisy 

set of genes from being grouped, there is a lack of consensus among experts on the selection 

of a single method for determining meaningful clusters of genes. The latter, directly affects 

the biological inference, since different number of clusters are produced when different 
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clustering techniques or either different parameters in the clustering algorithms are utilized 

[33].  

Thus, it turns up that it is not only important to assess the performance of each analysis 

stage independently (i.e. whether the techniques employed in the microarray analysis pipeline 

provide accurate extracted gene expression levels or the clustering techniques group 

biologically related genes) but it is also necessary to ensure an acceptable performance of all 

steps, as a whole, in terms of biologically meaningful information.  

From the above, it is evident that what is missing is a complete and vigorous framework 

for the analysis of microarray images. This framework should properly model and address the 

effects of noise in such a way that it will not only increase the accuracy of the extracted gene 

expression levels, but it will also facilitate the subsequent step of gene expression analysis. 

Thus, biologists would be able to develop an integrated understanding of the process being 

studied in a microarray experiment. 

 

1.2 Aims, Novelties and Contributions of the Thesis 
 

This thesis has been carried out towards the development of a complete microarray image 

processing and analysis framework in order to improve the extraction and, consequently, the 

quantification of gene expression levels on spotted complementary DNA (cDNA) microarray 

images. The aims of the present thesis are: 

 

• to model and address the effects of cDNA microarray image noise in such a way 

that it will increase the accuracy of the extracted gene expression levels 

• to investigate the impact of noise and facilitate genes expression data analysis in 

order to allow biologists to develop an integrated understanding of the process 

being studied 

• to introduce a semi-supervised biologically informed criterion for the detection of 

meaningful biological clusters of genes that answer specific biological questions 

• to investigate the performance and the impact of various state-of-art and novel 

cDNA microarray image segmentation techniques in the quantification of genes 

expression levels 

 

For exploring all of these aspects, a complete and robust framework of microarray image 

processing and analysis techniques was designed, built and implemented. The framework 

incorporated in the microarray analysis pipeline a novel combination of image processing and 
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analysis techniques originating from the comprehensive quantitative investigation of the 

impact of noise on spot segmentation, intensity extraction and data mining. Additionally, 

novel formulations of known image segmentation techniques have been introduced, 

implemented and evaluated in the task of microarray image segmentation. The usefulness of 

the proposed methods has been validated experimentally on both simulated and real cDNA 

microarray images. 

The first contribution of the current thesis is the development of a complete and robust 

framework of microarray image processing steps in order to properly model and address the 

effects of microarray image noise. This framework renders the accurate determination of gene 

expression levels easier and increases the reproducibility of the extracted gene expression 

levels [Appendix I, 1, 4, 5, 6, 7, 8, and 9]. 

The second contribution of this research is the implementation of complete and vigorous 

framework for the analysis of microarray images in order to facilitate gene expression 

analysis and allow biologists to develop an integrated understanding of the process being 

studied. The aforementioned framework incorporated a novel semi-supervised biologically 

informed criterion for the detection of meaningful biological clusters of genes that answer 

specific biological questions [Appendix I, 2]. 

Finally, the third contribution stands for the introduction of new segmentation methods 

that aim to improve the extraction and quantification of genes expression levels from cDNA 

microarray images. Accordingly, independent and ensemble majority vote schemes of a 

variety of state-of-art and novel microarray image segmentation techniques, originating from 

an image restoration framework, where thoroughly investigated and comparative evaluated 

both in simulated and real cDNA microarray images [Appendix I, 3]. 

 

1.3 Organization of the Thesis 
 

This thesis is divided into two main parts. Part I comprise chapters 2-4 and deals with the 

fundamental biological concepts involved in microarray technology, and the general 

principles and methodologies employed in order to quantify and interpret the results of a 

microarray experiment. Part II consists of chapters 5-8 and presents detailed analysis and 

results of the methods applied for the automated processing and analysis of cDNA microarray 

images.  

In Chapter 2 the biological and technological principles of a microarray experiment as 

well as the motivation of the microarray technology are introduced. Accordingly, the 

workflow that is most commonly employed for the processing and analysis of cDNA 
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microarray experiments is presented in Chapters 3 and 4. In details, Chapter 3 describes the 

basic concepts and pitfalls of cDNA microarray image processing and analysis procedure 

focusing on a well-known and established algorithmic pipeline that is utilized for the 

extraction and quantification of gene expression levels. In Chapter 4 the procedure that is 

commonly utilized for the analysis, visualization and extraction of meaningful biological 

conclusions based on the extracted genes’ expression levels is explored.  

Chapter 5 describes the different microarray image datasets employed for the purposes of 

the present thesis. Chapter 6 introduces and describes the development of an alternative and 

robust framework designed to take into account the effect of noise in microarray images in 

order to assist the demanding task of microarray image analysis. Chapter 7 extends the 

framework proposed in Chapter 6 by adapting a sophisticated unsupervised learning 

technique, for extracting biologically meaningful groups of genes with similar expression 

levels. Finally, Chapter 8 provides a thorough investigation and comparative evaluation of 

state-of-art and novel segmentation techniques utilized, either individually or in ensemble 

majority vote schemes, for the extraction of gene expression levels from cDNA microarray 

images.  

 

1.4 Research Funding 
 

The present research was funded was funded as part of the 03ED379 research project, 

implemented within the framework of the "Reinforcement Programme of Human Research 

Manpower" (PENED) and co-financed by National and Community Funds (20% from the 

Greek Ministry of Development-General Secretariat of Research and Technology and 80% 

from E.U.-European Social Fund). 

 



6 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

PART I 

THEORITICAL BACKGROUND 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



CHAPTER 2  

MOLECULAR BIOLOGY AND MICROARRAYS 

 
This chapter introduces in Section 2.1 fundamental biological concepts involved in 

microarray experiments, the motivation and the basic principles of microarray technology in 

Section 2.2, microarray experimental procedure in Section 2.3, the design and the 

standardization protocols of a microarray experiment in Section 2.4 and some of the 

applications of the microarray technology in Section 2.5. 

 

2.1 Overview of Molecular Biology 
 

Cells are the structural and functional units of all living organisms [34, 35]. Primary 

biological processes might be viewed as information transfer processes [34]. The information 

necessary for the functioning of cells is encoded in molecular units called genes. Genes define 

the certain unique properties of a cell type. Moreover, genes encode information for the 

creation of the functional structures called proteins. Specifically, the information contained in 

the DNA is transcribed into messenger RiboNucleic Acid (mRNA) molecules, which are then 

translated into proteins [36, 37]. Figure 2.1 illustrates this process. 

 

 
 

Figure 2.1: Overview of the protein formation process 
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2.1.1 DNA 
 

DNA is a double stranded chain (a strand is a helix of an intertwined chain) of simpler 

molecules called nucleotides which are identical except that each contains a different nitrogen 

base. Each nucleotide contains phosphate, sugar, and one of the four bases: Adenine (A), 

Guanine (G), Cytosine (C), and Thymine (T). In the DNA molecule the bases are bond 

together as A to T and C to G. 

DNA can also replicate itself. The strand used for replication is called the template while 

the other strand is called the complementary strand (cDNA). This complementary strand is of 

interest for the understanding of microarray experiments. Indeed, when two separated but 

complementary strands are present, the two nucleic acids will eventually bond to form a 

hybrid DNA-RNA molecule. This property of nucleic acids is called hybridization and is a 

key reaction on which the microarray technology is based. 

 

2.1.2 RNA 
 

Ribonucleic Acid (RNA) is also constructed from nucleotides and, thus, might be 

characterized as similar to DNA. Nevertheless, RNA differs from DNA since instead of 

thymine an alternative base called Uracil (U) is found in RNA. Additionally, RNA is single 

stranded in contrast to DNA which is double stranded.  

Generally, there are two classes of RNAs: 

 

• RNAs that take part in the process of decoding genes into proteins and are 

commonly referred as “informational RNAs” called messenger RNA (mRNA)  

• RNAs that by themselves are the final functional products and are referred as 

“functional RNAs”. Functional RNAs are the transfer RNAs (tRNA) and the 

ribosomal RNA (rRNA) that translates the informational mRNA into protein 

 

The most important role of RNA is in protein synthesis since two of the major RNA 

molecules (mRNA and tRNA) are involved in the protein synthesis procedure. 

 

2.1.3 Gene 
 

Genes are characterized as the physical and functional units of heredity. They might be 

thought as the DNA sequence that is necessary for the synthesis of a functional protein or an 



RNA molecule. Commonly, genes are expressed as proteins through a complex process that 

consist of three steps:  

 

• Initially, each gene (segment of DNA that specifies a functional RNA) is 

converted (transcribed) into mRNA since RNA serves as a template for protein 

synthesis 

• The mRNA removes introns (gene’s non-coding regions) and splices the exons 

(gene’s coding regions) together 

•  The resulting mRNA guides the synthesis of a protein through a process called 

translation. 

 

Accordingly, mRNA isolation helps us reveal the expressed genes from the human 

genome. 

 

2.1.4 Protein 

 

Proteins are chains of smaller molecules, called amino acids that are joined by peptide 

bonds. Energy production, biosynthesis of all component macromolecules, maintenance of 

molecular architecture, and the ability to respond to intracellular and extracellular stimuli, are 

all protein dependent processes. 

 

2.1.5 Central Dogma of Molecular Biology 
 

The Central Dogma of Molecular Biology states that the region of a double stranded DNA 

molecule that corresponds to a gene is copied, or transcribed, to a complementary single 

stranded mRNA molecule [38]. Accordingly, the single stranded mRNA molecule is 

translated to a protein (Figure 2.2). In case that the mRNA molecules can be identified, the 

expression level of the corresponding genes can be determined. 

 

 
Figure 2.2: The Central Dogma of Molecular Biology 
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Commonly, the mechanism of living cells consists of four transformations monitoring the 

flow of information. The transformation from: 

 

• DNA to RNA is called transcription. 

• RNA to DNA is called Reverse Transcription 

• RNA to Protein is called Translation. 

• DNA to DNA is called Replication. 

 

The transfer of information from gene to protein starts in the nucleus of a cell where a 

copy of a gene is made. Through the transcription mechanism, the DNA helix unwinds and 

the DNA strands separate. Using one strand as a template, the RNA polymerase (enzyme) 

utilizes ribonucleotides (type of nucleotides) that are present in the nucleus to synthesize a 

molecule of mRNA (copy of the gene). Accordingly, the mRNA is released from the DNA 

template and moves into the cytoplasm (part of the cell which is enclosed within the plasma 

membrane).  

In the case of eukaryotes organisms (DNA is contained in the nucleus) the genes are not 

continuous but, instead, they are characterized by sequential parts termed as introns and exons 

(see Section 2.1.3). Following the copy of the gene into mRNA, the introns, not used in 

protein synthesis, are spliced out from the mRNA. This shortened mRNA is the molecule that 

brings the gene information to the ribosome (complexes of RNA and protein that are found in 

all cells), a structure outside the nuclear membrane of the cell where the proteins are 

synthesized through the translation mechanism.  

Accordingly, the mRNA is used as a template by ribosomes, which move along the mRNA 

strand. As the ribosome reads the information in the mRNA, tRNA molecules conduct the 

appropriate amino acid to the ribosome leading to the synthesis of a peptide chain. Once the 

ribosome reaches a stop codon (nucleotide triplet within messenger RNA that signals the 

termination of the translation mechanism), it leaves the mRNA and leads to the release of the 

newly synthesized protein.  

The shortened mRNA might be caught by biologists on its way to the ribosomes and by 

reversing the transcription process, a complementary DNA (cDNA), spliced complement of a 

gene, is obtained. This transformation from RNA to DNA is called reverse transcription. 

cDNA is a term used to define the spliced gene sequence of a complementary strand of DNA 

(an original gene sequence is called genomic DNA). This notion is important as biologists can 

reproduce a cDNA strand from the mRNA without using the genomic DNA.  
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2.1.6 Polymerase Chain Reaction  
 

Polymerase Chain Reaction (PCR) is a technique that “amplifies” or replicates (copies) 

DNA fragments based on the catalytic action of the enzyme DNA polymerase. It is commonly 

used to create billions of copies of specific fragments of DNA from a single DNA molecule 

and, thus, is employed in the preparation of the large quantity of cDNA that is necessary in a 

microarray experiment. 

The PCR technique use repeated cycles each of which consists of three cascade steps: 

 

• Initially, the reaction solution containing DNA molecules (to be copied), 

polymerases (which copy the DNA), primers (short RNA segments that regulates 

the initiation of the DNA strands copying procedure) and nucleotides (which are 

attached to the primers) are heated to a specific temperature (commonly at 95°C). 

This results in the separation of the two complementary strands, a process known 

as DNA denaturation or melting. 

• Subsequently, by lowering the temperature (commonly to 55°C) the primers bind 

to the DNA (this process is known as hybridization or annealing). The resulting 

bonds are stable only if the primer and the DNA segment are complementary, i.e. 

if the base pairs of the primer and the DNA segment match (as foresaid, A to T 

and C to G). Accordingly, the polymerases start to attach additional 

complementary nucleotides at these sites, thus strengthening the bonding between 

the primers and the DNA segment. 

• In the final step, the temperature is increased again (commonly to 72°C) leading 

the polymerases to add more nucleotides to the developing DNA strand and the 

“loose” formed bonds between the primers and DNA segments, that are not fully 

complementary, to break. 

 

Following the PCR process, the DNA samples are purified to reduce the presence of 

unwanted components (i.e. enzymes) as well as salts and primers used in the PCR process. 

DNA purification is achieved employing various techniques and protocols [39-41]. 

Subsequently, the purified PCR products that represent specific genes are employed to 

manufacture DNA microarrays. 
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2.2 Microarrays Technology 
 

The biological background explained in the previous section might be characterized as a 

prerequisite introduction to the microarray technology. Accordingly, in this section, the 

motivation and the basic principles of microarrays are described.  

 

2.2.1 Motivation 

 

The knowledge of genes’ expression has applications that range from basic research to the 

diagnosing, staging and finding treatments of various diseases. Until recently, biologists were 

limited to investigate the presence and/or abundance of mRNA cells, and consequently to 

conduct genetic analysis, only on a few genes at a time. The limitation in the number of 

“studied” genes is attributed to the fact that, generally, the traditional methods of molecular 

biology works on “one gene per experiment" basis. With the advent of high-throughput 

technology, such as microarrays, biologists have now the possibility to observe the behavior 

of thousands of genes simultaneously in a biological sample and to fasten the identification of 

gene functions and interactions. Additionally, biologists and geneticists have now the 

opportunity to obtain information about when and in what types of cell the protein product of 

a gene is expressed. The latter, provides clues about the functions of particular genes, allows 

the identification of clusters of related genes, and motivates new hypotheses and experiments 

that aim to reveal the secrets of life. 

 

2.2.2 Microarrays 

 

Microarrays were developed at Stanford University by Schena and co-workers in early 

1990s [41, 42]. Microarrays are microscope slides that contain a prearranged (ordered) series 

of samples (DNA, RNA, protein, tissue). In their most generic form microarrays might be 

characterized as prearranged two dimensional arrays (matrices) of microscopic elements 

(called probes) that lay on a planar substrate in order to allow the specific binding of genes or 

gene products [41, 43]. The substrate to which the DNA molecule is attached is usually glass, 

silicon, or nylon.  

The type of microarray depends upon the material placed onto the slide:  

 

• DNA ––› DNA microarray 

• RNA ––› RNA microarray 



• Protein ––› Protein microarray 

• Tissue ––› Tissue microarray. 

 

Figure 2.3 depicts various types of microarrays  

 

 
(a) 

 
(b) 

 
(c) 

 
(d) 

Figure 2.3: Various types of microarray chips according to the type of the probes (a) DNA 

microarray, (b) RNA microarray, (c) Protein microarray, (d) Tissue microarray 

 

Typically, a microarray contains several thousands of prearranged genes. The most 

commonly used microarray is the DNA microarray. The DNA molecules are typically either 

oligonucleotide (ranging from 35 to several hundred base pairs) or cDNAs. Commonly, DNA 

microarrays are used to determine: 

 

1.  The expression levels of genes in a sample, commonly termed as expression 

profiling procedure. 

2.  The sequence of genes in a sample, commonly termed mini-sequencing in the 

case of short nucleotide reads, and mutation or Single Nucleotide Polymorphism 

(SNP) in the case of the analysis of single nucleotide reads. 
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2.2.2.1 Microarray Types  
 

Microarray categorization is based upon the technology employed during their production 

procedure and the type of the probe they use. The latter, is taken into account only in the case 

of the spotted microarrays where various types of material (as foresaid DNA, RNA, protein, 

tissue etc) might be used as probes (for details see Section 2.2.2.1.1).  

Commonly, when measuring the concentration of mRNA in living cells through DNA 

microarrays, we use a probe of one DNA strand that matches a particular mRNA in each cell. 

The concentration of a particular mRNA is a result of expression of its corresponding gene, so 

this application is often referred to as expression analysis. While there are many technologies 

of microarray production used for expression analysis, the field has been almost dominated by 

two major technologies, the Affymetrix chips and the spotted microarrays.  

The Affymetrix, Inc. GeneChip system [8, 44] uses prefabricated oligonucleotide chips 

made by light mask technology while custom-made chips use a robot to spot cDNA, 

oligonucleotides or PCR products on a solid support.  

 

2.2.2.1.1 Affymetrix Microarray Technology 
 

Affymetrix microarray production is based on lithographic technologies familiar from the 

computers silicon chip manufacturing that are employed in order to synthesize 

oligonucleotide probes on a silicon chip [44]. Initially, a photo-protected glass substrate is 

selectively illuminated by light passing through a photolithographic mask. Consequently, the 

de-protected areas are activated and at the activated positions a chemical coupling occurs with 

the nucleoside incubation following up. Subsequently, the coupling step is repeated by 

applying a new mask pattern and this process is repeated until the desired set of probes is 

obtained. In Affymetrix microarrays each gene or portion of a gene is represented by 11 to 20 

oligonucleotides of 25 nucleobases long.  

With the Affymetrix method, each analyzed gene is monitored with several (~11 - 20) 

different oligo probes each having a Perfect Match (PM) to the sequence of interest at 

different selected areas of sequence. At the same time the background for unspecific binding 

to sequences and background signal for image analysis is estimated with similar oligo probes 

having one wrong nucleotide at the middle of the sequence (MisMatch (MM)).  

It must be noted that in Affymetrix chips each sample is measured separately and no 

reference sample is included. Additionally, there has been criticism about the use of MM in 

the data analysis [45]. This probably results from the small number of mismatch nucleotides 



15 

 

commonly used in the MM probe that causes to over measure the actual correct sequence 

[46]. 

 

2.2.2.1.2 Spotted Microarray Technology 
 

In spotted microarrays a robot spotter is employed to move small quantities of probes (in 

solution) from a microtiter plate to the surface of a glass plate. The probe might consist of 

cDNA, oligonucleotides, proteins or even a whole section from a human tumor. Commonly, 

each probe is complementary to a unique gene.  

The classical way to fix the probes in the surface of the microarray slide is by non-specific 

binding to the slide. Initially, the slides are coated with polylysine while the probes are 

prepared in microtiter plates. Subsequently, the robot spots the probes onto the glass slides. 

Accordingly, the cDNA has to be denatured (see also Section 2.1.6) in order to produce 

single-stranded DNA for the hybridization step. Extracted mRNA from cells is converted to 

cDNA and then every sample is labeled fluorescently with different dyes (commonly 1 or 2-

color spotted microarrays). The two most commonly used dyes – usually referred as 

fluorochromes – are rhodamine (Cy3) that is green and flourescein (Cy5) that is red. 

Following, the labeled samples are hybridized to the probes on the glass slides, the 

unhybridized material is washed away and the slide is dried and scanned with a microarray 

scanner (for details see Section 2.3.4).  

 

2.2.2.1.3 Differences between Affymetrix and spotted microarrays 
 

There are many differences between Affymetrix (see Figure 2.4.a) and spotted microarray 

chips (see Figure 2.4.b). In spotted microarray chips it is possible to compare two samples 

against each other. This should cancel some of the error sources originating from the 

measurement procedure that might provide unreliable gene expression measurements (see 

Section 3.5) i.e. there might be observed weaker signals from some spots when compared to 

other spots. On the other hand, the Affymetrix chips have parallel measurements of the 

amount of the analyzed genes. Parallel measurements are commonly used in advanced data 

analysis methods to discard unreliable measurements and to increase the reliability of the 

observed signal [45, 47-49]. Another difference is that Affymetrix chips and the cost of 

oligonucleotides, for chips containing thousands of probes, increases in contrast to the low 

cost of spotted microarrays. Regarding data analysis, in cDNA microarrays the two samples 

are hybridized to the same chip using different fluorochromes, whereas the Affymetrix chip 



can handle only one fluorochrome so two chips are required for the comparison between two 

samples.  

 

 
(a) 

 
(b) 

 

Figure 2.4: (a) Affymetrix chip and (b) Spotted microarray chip  

 

In this dissertation we used spotted cDNA microarray chips and, thus, we will further 

analyze the procedure of making such a microarray. 

 

2.3 Spotted DNA microarray experiment  
 

A spotted DNA microarray experiment consists of several steps. A short outline of these 

steps is going to be presented here, while each step individually is going to be analyzed in the 

rest of this section.  

In the case of a typical two-channel microarray experiment (that is the most commonly 

used approach for spotted DNA microarray experiments), the mRNA is extracted from a test 

sample, reverse transcribed and labeled with a fluorescent dye [50, 51]. Accordingly, the 

same procedure is repeated for another sample (e.g. reference sample) employing with a 

different fluorescent dye. Subsequently, both samples are exposed to a microarray where the 

labeled target molecules will hybridize to the printed probes. By scanning the array at 

different wavelengths (that corresponds to the specific wavelength that each of the fluorescent 

dyes emits) two images are produced, one for each dye [52]. Green spots indicate that the test 

substance has lower activity than the reference substance (up-regulated), red spots indicate 

that the test substance is more abundant than the reference substance (down-regulated) and 

yellow spots imply that that there is no change in the activity level between the two 

populations of test and reference substance. Black represents areas where neither the test nor 

the control substance has bound to the target DNA. 
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From the above is evident that the amount of fluorescence at each DNA spot corresponds 

to the transcript level and/or other stages of gene regulation at the mRNA level (half life of 

mRNA, RNA production from primary transcript etc) of the gene that is printed in the 

particular spot. Therefore, the expression of thousands of genes can be analyzed in a single 

specimen by analyzing the microarray image. A typical workflow of the microarray 

experiment has been summarized in Figure 2.5. 

 

 
Figure 2.5: A typical two-channel microarray experiment. In the left side, the printing 

process is outlined. In the middle, the labeling and hybridization procedures are depicted. 

In the right side, the scanning and image /data analysis step are illustrated.  

 

2.3.1 Microarray fabrication  
 

Spotted DNA microarray or spotted DNA chips are commonly fabricated by high-speed 

robotics, generally on glass but sometimes on nylon substrates, for which probes with known 

identity are used to determine complementary binding. Commonly, the probes that are printed 

on the array are chosen directly from available databases such as GenBank [53], dbEST [54] 

and UniGene [55]. Alternatively, randomly chosen cDNAs from any library of interest, 

full−length cDNAs or collections of partially sequenced cDNAs can be used.  

The cDNA arrays are produced by spotting PCR products that represent specific genes 

onto a matrix. PCR products are typically generated from purified templates (see also Section 

2.1.6) in order to prevent the cellular contaminants from reaching the array. For both glass 
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and membrane matrices, each array element is generated by the deposition of only a few 

nanoliters of purified PCR product [56]. 

Microarray printing is performed by a robot that spots a sample of each gene product onto 

a number of matrices in a serial operation (see Figure 2.6). The first microarray spotting 

robots relied on contact printing with a device like a fountain pen. Many variations on this 

design are now available [57], in addition to a “spotter” that is a capillary tube, to which a low 

but constant pressure is applied. Non−contact printing modes, using either piezo or ink−jet 

devices are also being evaluated.  

 

 
(a) 

 
(b) 

 

Figure 2.6: Microarray spotting device (a) and microarray printing device (b).  

 

2.3.2 Extraction and labeling of the RNA sample  
 

Following microarrays fabrication, the RNA samples are labeled and competitive 

hybridized. Labeling of the RNA sample for expression analysis generally involves three 

steps: 

 

• Isolation of RNA 

• Labeling the RNA by a reverse transcription procedure with fluorescent markers. 

• Purification of the labeled products i.e. omitting the excess dye-labeled 

nucleotides (see also Section 2.1.6). 

 

RNA might be extracted from tissue or cell samples employing common organic 

extraction procedures (for this task a variety of commercial kits is available).  

To this end, there exist two ways to label the RNA samples namely direct labeling process 

and indirect labeling process.  
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In the direct labeling procedure, labeling of the RNA is achieved by producing cDNA 

from the RNA by using the enzyme reverse transcriptase and then incorporating the 

fluorescent labels (usually Cy3 and Cy5).  

In the indirect labeling procedure, a reactive group, usually a primary amine, is 

incorporated into the cDNA first, and the Cy3 or Cy5 is then coupled to the cDNA in a 

separate reaction. The advantage of the indirect method is a higher labeling efficiency due to 

the incorporation of a smaller molecule during the reverse transcription step.  

Once the fluorescently labeled probes are made, the next step is to remove from the 

labeled products the unwanted components (i.e. excess dye-labeled nucleotides) that 

commonly produce loss of the image resolution and high background [41, 43].  

 

2.3.3 Hybridization  
 

As foresaid (see Section 2.1.6) hybridization is defined as the interaction of 

complementary nucleic acid strands. Since DNA is a double-stranded structure held together 

by complementary interactions (in which C always binds to G, and A to T), complementary 

strands favorably reanneal or “hybridize” to each other when separated, as shown in Figure 

2.7. The latter occurs between two DNA strands as well as between DNA and RNA strands in 

cases where there is sufficient complementarity in their base sequence.  

 The most important part of the hybridization procedure stands for getting the labeled 

target onto the array and generating useful signal from it. There exist a variety of methods that 

get signal into the target but the most commonly used is to directly incorporate Cy3 or Cy5 

labeled nucleotides into the DNA target. Hybridization should be carried out in dark 

whenever possible in order to minimize photobleaching of the fluorescent dyes 

(photochemical destruction of a fluorophore. that complicate the observation of fluorescent 

molecules, since the molecules will eventually be destroyed by the light exposure necessary 

to stimulate them into fluorescing) [41].  

 



 
 

Figure 2.7: Microarray hybridization process.  

 

2.3.4 Scanning  
 

Following hybridization, microarrays are washed for several minutes in decreasing salt 

buffers to remove any mRNAs that have not found their complementary target DNA. 

Subsequently, fluorescently labeled microarrays are dried (i.e. by centrifugation of the slide) 

in order to be “read” from the microarray scanner (either commercial or custom-made).  

There exist two major categories of microarrays scanners, regarding the type of the 

detector employed to capture the fluorescent signals: i/those that use Charged-Coupled 

Devices (CCDs) and ii/ those that use laser light with Photo-Multiplier Tube (PMT) (see 

Figure 2.8). 

The more commonly used scanner technology involves laser excitation and PMT detection 

to build microarray images pixel by pixel via raster scanning. Accordingly, defined 

wavelengths of laser light, corresponding to the excitation peaks of the incorporated 

fluorophores (i.e. usually Cy3 and Cy5 fluorophores are used for 2-color cDNA microarrays), 

are directed to the microarray slide in a simultaneous or sequential fashion. As the 

fluorophore-labeled target is excited the emitted photons are captured in a PMT. Commonly, 

confocal or other depth-discriminating optical designs are combined with PMT detection to 

ensure that only photons emitted from a defined plane of focus are quantified. This increases 

scanner sensitivity by eliminating out-of-focus light not originating from the targets of 

interest [58]. 

The amount of signal emitted is directly proportional to the amount of the dye at the spot 

on the microarray. These values are obtained and quantified by the microarray scanner, thus, 

producing a typical microarray image. In the case of a 2-color cDNA microarray, one image 

20 

 



is produced from the intensity values obtained from the Cy3 fluorescent dye and the other 

from the intensity values obtained from the Cy5 fluorescent dye.  

 

 
 

Figure 2.8: A typical microarray scanner.  

 

2.3.5 Microarray Image Processing and Analysis Scanning  
 

Produced microarray images are commonly stored (as 16-bit Tagged Image File Format 

(TIFF) images) and processed employing various methods. Commonly, a gridding procedure 

is utilized in order to locate gene spots. Subsequently, genes quantification and data analysis 

processes follows. More details about those steps are provided in Chapter 3 and Chapter 4. 

 

2.4 Design and standardization of Microarray data: MIAME  
 

There are several steps in the design and implementation of a DNA microarray 

experiment. MIAME (The Minimum Information About Microarray Experiment) represents 

the minimal information required to enable reliable and robust experimental replication, easy 

interpretation and independent verification of the results derived from the microarray 

analysis. The information to be recorded should be structured with controlled vocabularies 

(that provide a way to organize knowledge for subsequent retrieval) and ontology not only for 

the automated data analysis but also for the development of databases. The standardization of 

information generated by microarray experiment is important since without a standard it is 

almost impossible to judge the validity of a microarray experiment result.  

The six parts of the minimal information are [59]: 
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1. Experimental design: The minimum information required in design includes 

experimental type and variables such as time course, normal versus diseased 

comparison, genetic variation or response to treatment or compound. According to 

[59-61], experimental design includes quality related indicators as well as 

experimental relationship between array and sample entities in order to enable 

accurate queries and formal data analysis (i.e. analysis that aim to identify 

conceptual structures among the utilized datasets). 

 

2. Array design: The array design provides a systematic definition of all the arrays 

used in the experiment, including the genes represented and their physical layout 

on the array. The array design has two parts, a list of the physical arrays and the 

design specifications of these arrays. The list is a simple description that gives 

unique IDs to each array and a reference to particular array design. 

 

3. Samples: The minimum information required about samples might be divided into 

three parts: i/description of the original samples and the biological in vivo or in 

vitro treatments applied (i.e. the manipulation of the organism (in vivo) or the cell 

culture condition (in vitro) for the purposes of generating one of the variables 

under study and the documentation of the set of steps taken) ii/technical extraction 

of the nucleic acids and iii/subsequent labeling.  

 

4. Hybridizations: MIAME requires a number of critical hybridization parameters 

such as the choice of the hybridization solution (such as salt and detergent 

concentrations), hybridization time and temperature, the quantity of the labeled 

target used etc. Briefly, this section describes the laboratory conditions under 

which hybridization were performed. 

 

5. Measurement: This section defines the actual experimental design and includes 

three parts: i/the original scans of the images or arrays, ii/the microarray 

quantification matrices based on image analysis and iii/the final gene expression 

matrix (consisting of sets of gene expression levels for each sample) after 

normalization. 

 

6. Normalization controls: Normalization adjusts for a number of technical variations 

between and within single hybridizations [59]. The technical variations could be 

the quality of starting RNA, labeling and detection efficiencies of each sample (for 
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details see Section 3.5 and Section 4.3). The minimum information required 

includes (i) the normalization strategy employed (e.g. total array normalization), 

(ii) the normalization and quality control algorithms utilized, (iii) the identities and 

location of the array elements (spots) that serves as controls, as well as their type 

(e.g. normalization controls) and (iv) the hybridization extract preparation that 

explains the procedure by which the control samples were included in sample 

targets prior to hybridization 

 

According to [62] the research community has embraced MIAME. It is therefore important 

that the experimental design, hybridizations, measurement, normalization controls and data 

analysis comply with the MIAME standards. 

 

2.5 Typical applications of the microarray technology 
 

The types and numbers of applications for microarray experiments are quite variable and 

constantly increasing [43, 63, 64]. Among them, monitoring the expression level of genes 

under different conditions remains the most widespread application of microarrays. This type 

of study, termed gene expression profiling, can be used to determine the function of particular 

genes during a particular state, such as nutrition, temperature, or chemical environment. Such 

results could be observed as up- or down-regulation, or unchanged during particular 

conditions (for details see Section 2.3). For example, a group of genes could be up-regulated 

during heat shock, and as a group, these genes could be assigned as heat shock responsive 

genes. Some genes in this group may have already been identified as heat shock responsive, 

but other genes in the group may not have been assigned any function. Based on a similar 

response to heat shock, new functions are then assigned to the genes. Therefore, extrapolation 

of function based on common changes in expression remains one of the most widespread 

applications of microarray research. By assumption, genes that share common regulatory 

patterns also share the same function.  

Microarrays can also be used to find alterations in gene sequences, paving the way for a 

new era of genetic screening, testing and diagnostics. Tissue and protein microarrays are 

miniaturizing traditional histological and biochemical assays, speeding the analysis of tumor 

specimens, protein-protein interactions and enzymes. The capacity to explore the genome of 

bacteria, virus, worms, fruit flies, plants, cows, chickens, mice, rats and primates renders 

microarrays necessary for the evolution of biochemistry [41, 43, 64]. By comparing gene 

expression in normal cells and disease cells, microarrays may be used to identify genes which 
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are involved in particular diseases. These genes may then be targeted by therapeutic drugs. 

This emerging technology already is having an enormous impact in all areas of biomedicine 

and across the agricultural, biotechnology and pharmaceutical industries.  

The use of microarrays to determine whether a gene is present and whether it goes up or 

down, under certain conditions, will continue to spawn even more applications that now 

depend only upon the imagination of the microarray researcher. 

 



CHAPTER 3  

MICROARRAY IMAGE PROCESSING AND 

ANALYSIS 

 
This chapter introduces in Section 3.1 some fundamental concepts of microarray image 

processing and analysis procedure. Accordingly, in Section 3.2, the microarray grid alignment 

process is analyzed, in Section 3.3 the basic microarray segmentation techniques are 

presented, in Section 3.4 the microarray intensity extraction procedure is explored, in Section 

3.5 the various noise sources of a microarray experiment are investigated and in Section 3.6 

the microarray image degradation model is introduced. 

 

3.1 Introduction 
 

Image processing and analysis provides a measurement framework for microarray 

technology with potentially large impact on the preceding downstream analysis such as 

clustering or identification of differentially expressed genes [65]. Therefore image processing 

and analysis might be characterized as an essential part of each microarray experiment.  

In a microarray experiment, the hybridized arrays are imaged to measure the red (Cy5) and 

green (Cy3) fluorescence intensities for each spot on the glass slide. These fluorescent 

intensities correspond to the level of hybridization of the 2 samples to the DNA sequences 

spotted on the slide [50, 51, 63]. The fluorescent intensities are commonly stored as 16-bit 

TIFF images. 

Usually, commercial microarray scanner manufacturers provide their own solutions for the 

demanding task of microarray image processing and analysis. Additionally a variety of 

several software packages (either commercial or freeware) have become available for the 

analysis of the images produced in DNA microarray experiments (see Table 3.1). 
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Program and Distributor Web Page 
AIDA Array, Raytest GmbH http://www.raytest.de 

ArrayPro, Media Cybernetics http://www.mediacy.com/ 

ArrayVision, Imaging Research Inc. http://www.imagingresearch.com/ 

GenePix, Axon Instruments, Inc. http://www.axon.com 

ImaGene, BioDiscovery Inc. http://www.biodiscovery.com/ 

Iconoclust, Clondiag http://www.clondiag.com/ 

Iplab, Scanalytics Inc. http://www.scanalytics.com/ 

Lucidea Automated Spotfinder, 
Amersham Bioscience 

http://www.amershambiosciences.com/applicatio
n/microarray/default.htm 

Phoretix Array2 , Phoreticx http://www.phoretix.com/index.htm 

QuantArray, Packard BioScience http://www.packardbiochip.com/ 

Spot, CSIRO http://www.cmis.csiro.au/iap/spot.htm 

Free Software and Author Web Page 

ArrayViewer, NHGRI 
http://www.nhgri.nih.gov/DIR/LCG/15K/HTML/

images.html 

F-Scan/P-Scan, Center for 
Information Technology, NIH 

http://abs.cit.nih.gov/fscan/ 
http://abs.cit.nih.gov/pscan/ 

ScanAlyze from Michael Eisen, 
Lawrence Berkeley National Lab, 

Berkeley, California 
http://rana.lbl.gov/EisenSoftware.htm 

TIGR Spotfinder, TIGR http://www.tigr.org/softlab/ 

Magic Tool, Davidson College 
http://www.bio.davidson.edu/projects/magic/magi

c.html  
 

Table 3.1: Some available programs for image analysis: Upper part: commercial 

programs. Lower part: public domain programs. 

 

 

The processing of scanned images usually involves three cascade steps (Figure 3.1) [61, 

66]: 

  

• Grid alignment, which is the process of assigning coordinates to each of the spots, 

• Segmentation, which allows the classification of spot’s pixels either as foreground 

or as background 

• Intensity extraction, which implies calculating, for each spot on the array, red and 

green foreground fluorescence intensities.  

 

http://www.raytest.de/
http://www.mediacy.com/
http://www.imagingresearch.com/
http://www.axon.com/
http://www.biodiscovery.com/
http://www.clondiag.com/
http://www.scanalytics.com/
http://www.amershambiosciences.com/application/microarray/default.htm
http://www.amershambiosciences.com/application/microarray/default.htm
http://www.phoretix.com/index.htm
http://www.packardbiochip.com/
http://www.cmis.csiro.au/iap/spot.htm
http://www.nhgri.nih.gov/DIR/LCG/15K/HTML/images.html
http://www.nhgri.nih.gov/DIR/LCG/15K/HTML/images.html
http://abs.cit.nih.gov/fscan/
http://abs.cit.nih.gov/pscan/
http://rana.lbl.gov/EisenSoftware.htm
http://www.tigr.org/softlab/
http://www.bio.davidson.edu/projects/magic/magic.html
http://www.bio.davidson.edu/projects/magic/magic.html


 

Figure 3.1: A typical microarray image processing and analysis workflow 

 

Details regarding each one of the aforementioned steps are provided in the following 

sections.  

 

3.2 Microarray Grid Alignment 
 

Grid alignment (also known as addressing or spot finding or gridding [67, 68]) is the initial 

step in the microarray image processing and analysis pipeline. The grid alignment procedure 

aims to locate the signal spots in the microarray images and to estimate the size of each spot 

[21, 69, 70].  

In a microarray image the number and the size of the printed spots as well as the pattern 

[40, 41, 71], according to which they were printed, is known a priori. Thus, in the ideal case, 

a simple computer program could apparently accomplish the microarray gridding step by 

superimposing an array of circles, with the defined dimensions and spacing, on the given 

microarray image.  

Accordingly, the pixels falling inside these circles would be considered as the signal while 

those outside the circle would be the background. However, in real world experiments this is 

not the case [20, 69, 70]. The exact location of each grid may vary from slide to slide even for 

“perfect” grids (rotation of the array in the image and /or skewness in the array). Furthermore, 

the relative position of the sub-grids may again vary even for “perfect” sub-grids (individual 

translation of grids caused by slight variations in print-tip positions). Moreover, within a 

single sub-grid, individual spots can be severely misaligned. Finally, the red and green 

channels might be misregistered [41, 71].  

There are a number of sources contributing to the problem of an imperfect grid, mainly 

related to mechanical constraints in the spotting process, hybridization inconsistencies, and 

the necessity to print dense arrays in order to increase the throughput of the approach [17]. 

While the improvement of printing and scanning technologies has rendered the gridding 

procedure easier (misregistration between the two channels and small individual translations 
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of spots have been almost eliminated [66]), the gridding procedure remains an open field of 

investigation in microarray image processing pipeline.  

To this end, there are three different levels of sophistication in the methods for grid 

alignment, corresponding to the degree of human intervention in the process. These are 

described below in the order given by the most to the least amount of necessary manual 

intervention. 

 

• Manual grid alignment methods 

• Semi-automatic grid alignment methods 

• Automatic grid alignment methods 

 

3.2.1 Manual grid alignment methods 
 

Historically, these kinds of methods are the oldest and they were used only in the very 

early days of microarray technology. Given the fact that one expects a spot geometry to be 

very similar to a grid (or a set of sub-grids), a manual grid alignment method is based on a 

grid template of spots. The user specifies the dimensions of a grid template and a radius of 

each spot in order to form the template. Computer user interfaces like a computer mouse are 

available for adjusting the predefined grid template to match the microarray spot layout. To 

compensate for many microarray image variations, one could possibly obtain “perfect” grid 

alignment assuming that Human Computer Interface (HCI) software tools are built for 

adjusting shape and location of each spot individually [72-74]. 

Nevertheless, this method is prohibitively time-consuming and labor intensive for images 

that have thousands of spots. Users had to spend a day or so to adjust the circles over the 

spots such that an acceptable level of accuracy was achieved. Furthermore, considerable 

inaccuracies may be introduced at this time due to human errors, particularly with arrays 

having irregular spacing between the spots and large variation in spot sizes [72-74]. 

 

3.2.2 Semi-automatic grid alignment methods 
 

Semi-automatic grid alignment methods require some level of user interaction. This 

approach typically uses algorithms for automatically adjusting the location of the grid lines, 

or individual grid points once the user has specified the approximate location of the grid. An 

example would be the manual grid initialization (selection of corner spots, specification of 

grid dimensions), followed by automated search and adjustment of the location of the grid 
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lines, or grid points, in order to locate the arrayed spots in the image [23]. User interface tools 

are usually provided in order to allow for manual adjustment of the grid points if the 

automatic grid alignment methods fail to correctly identify each spot. 

This approach reduces human labor and time since the user needs only to identify a few 

points in the image and make minor adjustments to a few spot locations if required. 

Additionally, such kind of methods, increase the repeatability of the gridding alignment 

procedures [75]. 

 

3.2.3 Automatic grid alignment methods 
 

The ultimate goal for grid alignment would be the construction of an automatic system, 

which utilizes advanced computer vision algorithms, to find the spots reliably without the 

need for any human intervention. Such a system would greatly reduce the human effort, 

minimize the potential for human error, and offer a great deal of consistency in the quality of 

data. Such a processing system would be based on one-time human setup. The one-time setup 

is for incorporating, in the system, any prior knowledge about the microarray layout (e.g., 

number of rows and columns of spots) into the grid alignment algorithms in order to reduce 

their parameter search space and render the automatic search for the approximate grid 

position easier. Having found the approximate grid position, which specify the centers of each 

spot, the neighborhood can be examined to detect the exact location of the spot [43, 64, 74]. 

While it is everyone’s ultimate goal to design fully automated grid alignment methods, one 

has to understand that the success of such methods depend entirely on data content. For 

example, most of the automated grid alignment procedures fail to correctly identify spots size 

and positions in the case of a missing line of spots (e.g. spot color is indistinguishable from 

background), in the microarray image.  

A common approach that is widely used for automatic microarray grid alignment relies on 

the horizontal and vertical projections of the microarray image. In details, the horizontal and 

vertical projections of the microarray image are used in order to separate the microarray spots. 

Accordingly, each pixel of the image is summed according to both horizontal and vertical 

axes. Consequently, the grid lines are drawn in local minima of both projections. Figure 3.2 

illustrate the gridding result in a microarray image according to the aforementioned 

procedure. 

 

 

 

 



 

 
 
Figure 3.2: Microarray gridding based on the horizontal and vertical projections of the 

microarray. 

 

3.3 Microarray Segmentation 
 

The outcome of grid alignment is an approximation of spot locations. A spot location is 

usually defined as a rectangular image area enclosing one spot. The next task is to segment 

these spots.  

Generally, segmentation of an image can be defined as the process of partitioning an 

image into different regions, each having certain properties [76]. In a microarray experiment, 

commonly, a small area around the spot (target region) is used to quantify the spot expression 

level i.e. the calculation of signal and background pixel values. Thus, one should determine 

which of the pixels in the target region belongs to the actual spot’s signal (foreground) and 

which of them belongs to the spot’s background. Accordingly, from the foreground pixels, the 

fluorescence intensities are calculated for each spotted DNA sequence as measures of 

transcript abundance and/or other stages of gene regulation at the mRNA level [20]. Ideally, 

microarray segmentation would be rather trivial process, if all the spots had circular shape, 

similar size, and homogenous intensity. Instead, fairly common, bad quality of microarrays 

and the existence of noise (see Section 3.5) render microarray spots’ segmentation 

challenging [77-80]. 

The most commonly utilized segmentation methods for microarray images are divided into 

four groups, according to the geometry of the spots they produce:  

30 

 



31 

 

 

• Fixed circle segmentation algorithm 

• Adaptive circle segmentation algorithm 

• Adaptive shape segmentation algorithm 

• Histogram segmentation algorithm 

 

3.3.1 Fixed Circle segmentation algorithm 
 
The Fixed Circle (FC) algorithm is probably one of the first segmentation algorithms used 

in microarray studies [2, 81]. The FC algorithm relies on the simplistic assumption that all 

microarray spots are considered circular and with constant radius. Accordingly, a circle with a 

constant diameter is fitted to the spots of the microarray image. All pixels inside the circle, 

regardless of their actual intensity, constitute what is called the target mask. Pixels within the 

target mask are considered as spot foreground while pixels not belonging to the target mask 

are considered as spot background [18]. 

Nevertheless, FC segmentation algorithm fails to detect the exact shape of microarray 

spots, especially in cases where the diameter and shape of the spots varies [18, 23]. The latter, 

results in the erroneous estimation of spot’s boundaries and limits the ability of FC 

segmentation algorithm to detect the amount of irregular noise within the target mask (i.e 

bright pixels due to dust, scratches or contribution from neighboring spots), leading to the 

wrong estimation of the spot’s intensity [66]. 

The FC segmentation algorithm is implemented in various microarray software such as 

Magic Tool [82], ScanAlyze [81] and in Spot-on, a customized software written at the 

University of Washington [83]. 

 

3.3.2 Adaptive Circle segmentation algorithm 
 
The Adaptive Circle (AC) segmentation algorithm might be considered as an improvement 

of the FC segmentation algorithm [18]. Similarly to the FC algorithm, the AC algorithm 

assumes that all spots are circular. However, in the AC algorithm the radius of each 

microarray spot is estimated separately and thus, the target mask, which provides the spot’s 

foreground and spot’s background pixels, is able to adapt to various circular spot’s sizes [20].  

The major drawback of the AC segmentation algorithm relies on the fact that adjusting the 

circle diameter spot by spot is characterized as a laborious and time consuming process, since 

each microarray image contains thousands of spots [18]. Additionally, the circular spot mask, 
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that is used to segment the microarray spots, will work rather well in the case of most 

commercially produced arrays where typically circular spots are printed. However, spots 

printed from non-commercial arrayers are rarely perfectly circular and can exhibit irregular, 

oval or doughnut shapes, resulting in poor results in terms of spots extracted intensities [84].  

The AC segmentation algorithm is implemented in most of the available microarray 

software as well as to the software GenePix which accompanies the Axon scanner [85]. 

GenePix and other software provide the user with the option to adjust the circle diameter spot 

by spot. An automated version of the adaptive circle is available in the Dapple software [86], 

where the radius for each spot is estimated using edge detection. Briefly, Dapple calculates 

the negative second derivative (Laplacian) of the image., Dapple enforces a circularity 

constraint by finding the brightest ring (circle) in the Laplacian images. 
 

3.3.3 Adaptive shape segmentation algorithm 
 

Recent approaches applied to the demanding task of cDNA microarray image 

segmentation, originate from the class of adaptive shape segmentation algorithms [87-89]. 

The most commonly used, among them, is the Seeded Region Growing technique (SRG) [89, 

90]. The SRG segmentation technique uses a small set of pixels, called seeds, as the initial 

points to start the segmentation procedure. Accordingly, the SRG segmentation technique, 

iteratively group pixels, which have similar intensities with the seeds, in order to form a set of 

contiguous pixels (regions) .Grouping, is based on a user-defined connectivity constraint. The 

algorithm aims at ensuring that the final segmented regions are as homogeneous as possible 

given the connectivity constraint. The segmentation procedure is completed when all pixels 

have been assigned to one of the regions grown from the initial seeds. Thus, the region 

originating from the foreground seeds is considered as the spot foreground, and the region 

originating from the background seeds as the background. Commonly, in the case of 

microarray images, the foreground seed is chosen either as the center location of a spot-image 

or as the maximum intensity pixel inside a spot-image. Similarly, the background seed could 

be selected either as the middle point between two spots or as the minimum intensity pixel 

inside a spot-image. 

As major drawback of the techniques that are based on adaptive shape segmentation 

algorithms might be considered the selection of i/ the number and ii/ the location of the seed 

points. Nevertheless, in microarray image analysis the number of spots is known exactly a 

priori, and the approximate locations of the spot centers are determined at the addressing 

stage [61]. Thus, microarray images are well-suited to such methods. 

The SRG algorithm is implemented in the publicly available software Spot [61].  
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3.3.4 Histogram segmentation algorithm 
 

Histogram based segmentation algorithms might be characterized as the simplest 

segmentation algorithms applied in the field of cDNA microarray image processing [91]. 

Histogram algorithms are intensity-based, and commonly use a target mask that is chosen to 

be larger than all the spots of the microarray image to be processed [20]. Accordingly, from 

the histogram of the pixel values within the masked area, the pixels are classified as 

foreground or background using an appropriate user-defined threshold. In the ideal case, the 

histogram of the pixels within the masked area produces a bimodal distribution of pixel 

values, with the higher mode corresponding to the spot and the lower mode to the 

background.  

As an example, the QuantArray software [92] uses a square target mask and defines 

foreground and background as the mean intensities between some predefined percentile 

values (p-tile method). By default, these are the 5th and 20th percentiles for the background 

and the 80th and 95th percentiles for the foreground. 

Another example of this class of algorithms is described by Chen et al [63]. In details, 

Chen’s et al algorithm [63] uses a circular target mask that encloses all possible foreground 

pixels. The pixels outside of the circle are assumed to belong to the background. Accordingly, 

a set of randomly selected pixels from the background are compared against a selected 

amount of pixels with the lowest intensity within the target mask, using a non-parametric 

Mann–Whitney statistical test [93]. If the difference between the two sets is not significant, 

using as critical values either 0.05 or 0.01, the algorithm discards some predetermined 

number of pixels from the expected spot area and selects new pixels (again from the expected 

spot area). This iterative procedure is terminated when the two sets of pixels significantly 

differ from each other. Finally, as spot foreground pixels, are considered all the pixels within 

the target mask with higher intensities than the background pixels that passed the statistical 

significance test [18]. 

As foresaid, simplicity is the major advantage of such kind of methods [18, 23]. 

Additionally, they work well when the spot location is found correctly and there is not 

contamination in the image [91]. Image contamination, especially in the background regions, 

can be more difficult to identify as it can appear as part of the spot’s distribution, regardless 

of its spatial proximity to the spot [20]. This is due to the fact that some contamination pixels 

can have intensity higher than the background. Furthermore, if there are contamination pixels 

outside of the circle (target mask), or the spot location is incorrect such that some of the 

signal pixels are outside of the circle, the distribution of the background pixels can be 



incorrectly calculated resulting in a threshold level higher than appropriate. Consequently, 

signal pixels with intensity lower than the threshold will be classified as background.  

This method also has limitations when dealing with weak signals and noisy images [19]. 

When the intensity distribution functions of the signal and background are largely 

overlapping, classifying pixels based on an intensity threshold is prone to classification errors, 

resulting in measurement biases and, thus, erroneous extraction of the spot’s intensity levels. 

Histogram based segmentation algorithms are implemented in various publicly available 

software (QuantArray [92], DeArray by Scanalytics, ,SpotSegmentation [20], ScanArray 

Express etc.). 

 
Figure 3.3 depicts microarrays spots segmentation results employing various techniques.  

 

 
 
Figure 3.3: Different microarray spot segmentation methods produce different 

segmentation results. (a) Fixed circle segmentation, (b) Adaptive circle segmentation, (c) 

Seeded Region Growing segmentation. 

 

3.4 Microarray Intensity Extraction 
 
In the final step of the microarray image processing and analysis pipeline the intensity of 

each spot is extracted. Intensity extraction deals with the measuring of the spot signal (pixels 

belonging to spots foreground) and background (pixels belonging to spots background) 

values. In a microarray experiment we are typically interested to find the difference in the 

expression levels between a test and a reference mRNA population [23, 94, 95]. Accordingly, 

the latter, is translated to the determination of the spots signal and background intensities in 

the two scanned images (Cy3 and Cy5) [50, 68, 96].  

For each one of the scanned images, the spot’s signal is considered to be the mean of the 

intensities of all the pixels determined to be inside the spot’s boundaries. The latter are 

defined in the previous step of spot’s segmentation [22, 50]. The theory behind is that each 

pixel value in a scanned image represents the level of hybridization at a specific location on 

the slide and, thus, the total amount of hybridization for a particular spotted DNA sequence is 
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proportional to the total fluorescence at the spot [60, 97]. Alternatively, the ratio of medians 

of the pixels intensities within the spot’s boundaries can be used to calculate the genes 

expression. This measure is not associated with any biological meaning but can be seen as a 

robust variant of the ratio of means [98].  

Similarly, for each one of the scanned images, the spot’s background is considered to be 

the mean of the intensities of all the pixels determined to be outside the spot’s boundaries [22, 

50]. Nevertheless, while the estimation of the spots signal might be considered as a 

straightforward procedure, the estimation of the spots background is more challenging [99]. 

Typically, the measured fluorescent intensity is considered to be a combination of the “true” 

signal arising from the hybridization of target molecules, and a background component 

originating from unspecific hybridization, contamination and other artifacts [100]. For this 

reason, the level of “true” expression is estimated by subtracting an estimate of the spot’s 

background from the measured fluorescent intensity (usually the median value of the 

background pixel intensities). Therefore, the “finally” extracted intensity values are said to be 

background corrected. To this end, several approaches have been proposed for the demanding 

task of background estimation that either employ various method to avoid background bias on 

the finally extracted spot intensities or leave the extracted intensities as is (no background 

subtraction) [61, 101-106]. 

From the above is evident that the results obtained in the intensity extraction stage are 

highly dependent on the success of the previous stage of spots segmentation. Since the 

separation between the background (spots background) and foreground (spots signal) pixels is 

done in the spots segmentation stage, inaccurate segmentation results (erroneous estimation of 

the spot’s boundaries) might lead to incorrect expression estimates in the intensity extraction 

stage. 

 

3.5 Noise in microarray experiments 
 
Gene quantification is contaminated by various types of noise originating both from the 

microarray experimental procedure (e.g. sample preparation) and the probabilistic 

characteristics of the microarray detection process (e.g. scanning errors) [17, 43]. Improper 

treatment of noise obscures some of the important characteristics of the biological processes 

of interest and, commonly, results in erroneous biological conclusions [17]. More specifically, 

changes in the measured transcript values in the samples render difficult clustering of genes 

into functional groups [2, 107], and classification of samples [3, 108, 109].  
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One of the main aims of this thesis stands for eliminating the effect of the noise and 

recovering the gene expression measurements. Thus, initially, it is crucial to discriminate 

signal from noise in a microarray experiment. Accordingly, as signal in a microarray 

experiment is defined the desired output, whereas as noise is defined the sum of unwanted 

contributions to the instrument readings.  

Noise in microarrays might be subdivided into biological noise and experimental noise. 

 

3.5.1 Biological noise 
 

Biological noise is intrinsic, it includes the stochastic internal noise of the cell and error 

sources related to sample preparation [110] and it induces image blurring [17]. Commonly, 

the variation in the position of the volume from which the sample is extracted in a repeated 

microarray experiment introduces noise in the microarray procedure. Similarly, noise is 

introduced due to the randomness in the process of extracting a fraction of interested from the 

sample in repeated microarray experiments.  

From biological aspect, noise due to the “random” nature of the sample preparation might 

be introduced in [41, 43, 79, 111]: 

 

i. the mRNA preparation stage in which the probes may differ from sample to sample 

due to differences in the tissue sample from which the mRNA is extracted (see also 

Section 2.3)  

ii. the reverse transcription stage ( from mRNA to cDNA) in which DNA species might 

be appear with different lengths (see also Section 2.1.5).  

iii. the PCR amplification stage in which the DNA fragments are subjected (see also 

Section 2.1.6). 

 

3.5.2 Experimental noise 
 

Experimental noise might be considered as the sum of all the unwanted contributions to 

the microarray instrument readings during the microarray detection procedure. Experimental 

noise can be subdivided into:  

 

a. Source noise  

b. Detector noise 
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 Source noise is generated during the fabrication and target labeling, whereas detector 

noise is generated during the amplification and digitization stages. These types of noise 

produce microarray images, which are corrupted by irregularities in the shape, size, and 

position of the spots, and are dominated by spatially inhomogeneous noise [79]. 

 

a. Source noise 

 

Commonly, source noise is subdivided into i/substrate noise and ii/sample noise 

 

i. Substrate noise refers to the noise originating either from the substrate material itself 

or from the surface treatment or surface coating that is applied to the substrate during 

the fabrication process. Most of the microarray substrates are made of glass and, thus, 

substrate noise might be attributed to the inherent properties of transparency in 

conjunction with the low intrinsic fluorescence that characterizes such materials. 

Similarly, substrate noise might be attributed to the characteristics of other substrate 

materials e.g. plastics, reflective metals etc [41, 43, 112]. 

Surface treatments and surface coatings are another source of substrate noise. Recent 

introduced high-quality organoamine and organoaldehyde surfaces generally 

contribute less than twofold noise above and beyond the contribution of glass itself 

(compared to older organic surface treatments that produced noise levels that were 

1000-fold greater than glass) and, thus, alter the ability of detection when used with 

appropriate detection instruments. On the other hand, gel and nitrocellulose coatings 

generally produce greater noise than the organic surface treatments. Nevertheless, 

such surfaces in conjunction with appropriate adjustments to the instrument settings 

render the analysis of microarray experiments easier [41, 43, 112]. 

 

ii. Sample noise refers to the noise introduced by the targets, probes, or the solutions 

used to dissolve these components. The major contribution to sample noise might be 

attributed to the fluorescent probe molecules since most target molecules are non-

fluorescent. Labeled probe solutions can react in a non-specific manner with the 

surface resulting in a non-specific sticking of probe molecules to the surface. The 

latter might result in obscuring the microarray signal since a non-specific sticking of 

probe molecules masks the productive interactions between targets and probes. The 

noise attributed to non-specific interactions between probe molecules and the 

microarray surface is known commonly as background noise. Background noise is 

due to the thermally generated dark current and the internal luminance of the camera. 
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In all cases, the background noise is characterized as temperature dependent, so 

cameras should be initially warmed up (before use) in order to allow background 

noise to stabilize [41, 64].  

Commonly, the background fluorescence reduces the signal-to-noise ratio by altering 

the background noise component. The latter, as a direct effect confounds the detection 

of the microarray assay. To this end, various attempts have been successively made in 

order to reduce background noise e.g. new blocking schemes, new labeling 

procedures, new reaction and wash chemistries. Nowadays, it is possible to perform 

microarray analyses with instrument controls adjusted to the highest settings of lasers 

and detectors rendering easier the detection of a few dozen molecules bound to a 

single microarray spot [43, 64, 113, 114]. 

 

b. Detector noise 

 

Most commonly detector’s noise include i/ Dark current noise, ii/ Electronic noise, iii/ 

Shot noise, iv/ PMT noise, v/ Laser noise, vi/ Optical noise, vii/ Quantization noise, and 

viii/ Non-Uniformity noise 

 

i. Dark current noise refers to noise originating from the instrument’s detector. Mainly, 

it derives from leakage current between the electrodes, thermal Photo-Electron 

emissions of the dynodes etc. Commonly, dark current noise is introduced in the 

absence of light and measured in electrons per pixel per second at a given temperature 

[115]. All instrument detectors including PMTs, CCD cameras, and Complementary 

Metal–Oxide–Semiconductor (CMOS) (major class of integrated circuits) cameras 

exhibit measurable dark current noise. For microarray detection systems, PMTs and 

CCD cameras (and especially PMT’s) are the devices of choice since they have very 

low current ratings and, thus, provide high detection accuracy. Nowadays, microarray 

scanning systems acquire data over a given area very rapidly rendering dark current 

noise as a minor consideration that can be nearly negated through the proper choice of 

PMTs [41, 115]. 

 

ii. Electronic noise arises from the electrical components of the microarray detection 

system that do not belong to the detector (e.g. the amplifiers, circuitry, and analog-to-

digital converter). Its contribution to the microarray detection systems is less than 

dark current’s noise.  
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iii. Shot noise is the undesirable signal that is introduced through the electrical current 

flow process and that corresponds to the discrete movement of electrons rather than 

the continuous flow process. Microarray detection systems are light based and, thus, 

shot noise derives from the fact that electrical flow is determined by the emission of 

photons from fluorescent sources, which fundamentally consist of particles rather 

than continuous beams. The latter, results in fluctuations of the photon levels in the 

incoming light and, consequently, produces shot noise. Accordingly, shot noise level 

increases proportionally to the square root of the signal intensity [41, 58].  

Shot noise, cannot be eliminated from the detection systems (scanners) but can be 

estimated and accounted in the data extraction process. 

 

iv. PMTs detect fluorophore-emitted photons and amplify the signal through a series of 

dynodes to produce a current pulse. Fluctuations in this signal amplification that are 

not reflective of the initial photon emission are considered as PMT noise. The latter, 

is multiplicative noise. Nevertheless, the dark current of a PMT (or any other 

detector) might cause additional noise. Dark current noise and electronic noise is 

sometimes referred to as the additive noise that characterizes the detector [116]. 

Nowadays, the high quality components, the precision engineering and the low noise 

design of the microarray experiments minimize the contribution of PMT and 

electronic noise to the overall measurement. Most of the commercial microarray 

scanners enable users to adjust the PMT gain/sensitivity for each scanned slide (by 

adjusting the voltage) and, thus, to increase the intensity of “dark” features on a 

microarray, or to decrease the intensity of saturated features. Notwithstanding, 

researchers prefer visibly bright arrays that is virtually produced by increasing the 

PMT voltage. However, it should be noted that both signal and background intensity 

increase proportionally with increase PMT voltage. Thus, researchers will typically 

not improve the signal-to-noise ratio of an array by increasing the PMT voltage, 

unless the system’s noise is dominated by additive electronic noise or digitization 

noise which typically occurs for only poorly designed systems [117]. 

Nevertheless, it must be noticed that PMT voltage adjustment is characterized as a 

process of trial and error, since there is a highly non-linear relationship between PMT 

voltage and the resulting signal levels that the user observes in the produced image 

file. Moreover, noticeable is also the fact that different scanning result might be 

produced, even for the same applied voltage, due to different PMTs [41, 43].  
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v. Fluorescent emission of microarray features is quantified based on the assumption 

that the fluorescence level is proportional to the amount of the endogenous gene 

transcription and/or other stages of gene regulation at the mRNA level (half life of 

mRNA, RNA production from primary transcript etc). However, since the level of 

fluorescence is also proportional to the amount of laser light falling on the array, it is 

important to compensate for laser drift over time. Noise in the laser might contribute 

to the total noise in the produced image. Without laser monitoring and control, users 

may detect decreased microarray intensity over the life of the laser or even intensity 

fluctuations over the course of a single scan. Although some lasers can self-correct 

for temperature fluctuations or compensate for long-term laser light drift, these 

internal sensors respond in minutes and cannot compensate for real-time fluctuations. 

To maintain data integrity over the course of a single scan and consistent intensities 

over the life of the laser, users should also consider scanners with external laser 

power modulation. This ensures that a uniform intensity of laser light will be applied 

to all the features on the same microarray. Additionally, the external laser modulation 

virtually eliminates the long-term signal drift due to laser aging and enables 

calibration across scanners. This is a critical step in high throughput facilities where 

obtaining comparable results across multiple microarray scans and scanners is of 

major importance.  

 

vi. Optical noise commonly includes reflected light from the substrate holder, spurious 

reflections from instrument enclosures, light leaks impinging on the detectors, and 

cosmic rays. In properly designed systems, optical noise can be greatly minimized but 

not eliminated.  

 

vii. Quantization noise refers to errors originating from “faulty” gray level pixel 

assignments. Accordingly, false contours appear in the digital image when the 

number of quantization levels to accurately represent the continuous signals is 

insufficient [41, 117, 118]. Additionally, any violation of the sampling theorem might 

lead to severe geometric or radiometric distortions [118, 119]. Nevertheless, for high 

quality digital cameras, such kind of distortions are negligible. 

 

viii. Non uniformity noise refers to artifacts introduced across the scanned image. During 

the microarrays slides scanning procedure, scanners should also track the slides 

surface in the Z–direction (apart from the X- and Y directions). Consequently, 

scanner’s sensitivity is maximized by restricting measurements to the light emitted 



from DNA features on or close to the microarray surface, rather than out-of-focus 

light. Thus, in the absence of autofocus, spatial non-uniformity of sensitivity across 

the scanned image might occur resulting in artifacts across the scanned image [41]. 

This source of noise is important to consider since the glass surface of microarrays 

varies in thickness, surface roughness, and curvature. Errors in the accurate 

measurement of DNA features in the focal plane compromises the sensitivity, 

uniformity, and the integrity of the data derived and eventually confound biological 

inference. 

Commonly, scanner manufacturers address the non-uniformity noise by widening the 

field of focus (depth discrimination). While, this approach addresses for the surface 

variability, it decreases scanner’s overall sensitivity by measuring light that does not 

originate from the DNA features of interest. Another approach to this problem is to 

optimize the slide positioning in order to narrow the depth discrimination. Although 

this ensures maximal sensitivity for features within the set plane of focus, it does not 

account for curvature or variability in the glass surface. As a direct effect, signal 

intensity decreases for out-of-focus features and scanner’s field uniformity and data 

integrity reduces since X-Y position of DNA features become important in the 

resulting signal intensity [117]. 

Scanner’s uniformity might be evaluated by scanning a microarray slide twice (0 and 

180 degrees) and by comparing the produced data. Since the variability in log ratios 

resulting from instrumentation might compromise the statistical confidence of the 

measured differential expression, field uniformity specifications are important in 

selecting a high quality microarray scanner [40, 41, 64].  

 

Various types of microarray noise “errors” are illustrated in Figure 3.4. 

 

 
Figure 3.4: Common errors of microarray images. (a). Radioactively labeled spots 

expanding over neighboring spots (blooming). (b). Non-circular, weak and weak-center 
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spots (doughnuts). (c). Imperfect alignment. (d). Hybridization and contamination errors 

causing a high background. 

3.6 Microarray degradation model 
 

As foresaid, gene quantification is affected by various image degradation processes (see 

also Section 3.5) that reduce microarray image quality, resulting in erroneous delineation of 

the spots’ boundaries. The image degradation process [76] may be formulated in the spatial 

domain as shown in equation 3.1: 

 

( , ) ( , ) ( , ) ( , )g x y f x y h x y n x y= ∗ +   (3.1) 

 

where, ( , )g x y  is the degraded microarray image, ( , )f x y  is the original image,  is 

the degradation process,  is image noise, and the symbol “

( , )h x y

( , )n x y ∗ ” indicates convolution.  

In the case of microarray images, the degradation process  may be considered 

approximately constant across the image and it reflects the end-result of the degradations, 

caused by the cell-population effect  [120] and the image acquisition apparatus 

, as shown in (3.2):  

( , )h x y

( , )CFPh x y

( , )Apparatush x y

 

CPF Apparatus( , ) ( , ) ( , )h x y h x y h x y= ∗     (3.2) 

 

Regarding the noise term of Equation (3.1), it includes both biological errors and 

measurements errors,  which can be presented in the compact form of Equation (3.3) [17]: 

 

( , ) ( , ) ( , )n x y m x y l x y= +      (3.3) 

 

where  is a nonlinear function depending on the gene expression level of each spot 

of the microarray image and  is a signal independent error term. Thus,  may be 

considered to depend on the local properties of the microarray image and, in particular, of the 

spot-image. As a consequence, a solution to equation (3.1) with respect to

( , )m x y

( , )l x y ( , )n x y

( , )f x y  should be 

given locally by processing each individual spot-image independently, i.e. in a spot-image 

adjustable manner. Such a measure would produce a restored version of each spot-image that 

would facilitate accurate spot boundary determination and, thus, improved gene 

quantification.  
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One of the contributions of the current thesis was the modeling of the various degradation 

processes, that allowed the individual microarray spot-image restoration, improved the 

microarrays spot’s segmentation procedure and led to an accurate gene quantification 

(intensity extraction) stage [77].  

 



CHAPTER 4  

MICROARRAY DATA ANALYSIS 

 
This chapter introduces in Section 4.1 the workflow that is most commonly employed for 

the analysis of microarray gene expression data. Accordingly, in Section 4.2 the microarray 

filtering step is analyzed, in Section 4.3 the microarray normalization procedure is presented, 

in Section 4.4 the most common sources of bias in microarrays are introduced, in Section 4.5 

various normalization and data transformation strategies are explored and in Section 4.6 a 

number of microarray data visualization strategies are illustrated. Following, in Section 4.7 

the microarray expression data analysis step is introduced, in Section 4.8 the microarray 

missing data estimation step is analyzed and in Section 4.9 the microarray gene expression 

data analysis stage is presented. Finally, in Section 4.10 the various procedures to validate 

microarrays’ results are explored 

 

4.1 Introduction 
 
Analysis of microarray data is performed in order to identify which genes are involved in 

the process being studied. It involves statistical analysis by various graphical and numerical 

tools in order to answer specific biological questions placed each time by the biologists that 

perform the experiment i.e. to select Differentially Expressed (DE) genes or to find groups of 

genes whose expression profiles can be reliably classified into meaningful biological groups.  

The analysis of gene expression data is performed by constructing the gene raw expression 

matrix that quantitatively describes spots from different hybridizations. The process of 

creating the genes raw expression matrix from the raw microarray data is summarized in 

Figure 4.1. 

As Figure 4.1 depicts, following gene’s intensity extraction stage, a filtering step is applied 

in order to remove from the analysis those gene transcripts that do not contribute useful 

information to the experimental outcome i.e. transcripts that were not measured accurately 

and/or those that do not change across the series of experiments. Subsequently, extracted 

genes intensities are appropriately transformed in order to minimize spots’ systematic errors 

and are, further, normalized to avoid bias introduced by the microarray experimental 

procedure. In order to ensure that systematic errors and bias has been minimized, the 

extracted genes intensities might be presented employing various visualization techniques. 
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Microarray data visualization tools provide a fast way for testing-checking the good quality of 

the microarray experiment and make conclusions about the extracted genes intensities.  

The end result of those steps is the genes raw expression matrix. To avoid possible empty 

values in the genes’ expression matrix (i.e. due to a/ the filtering procedure and/or b/ the spots 

that were “flagged” as “bad” (i.e. corrupted due to experimental errors) during the 

experimental procedure and were removed from subsequent analysis) a missing data 

estimation step is usually utilized. Finally, the processed genes raw expression matrix that 

represents gene expression levels is translated into biological conclusions by molecular 

biologists using data mining techniques [2] for clustering genes with similar expression 

levels, for identifying differentially expressed genes, etc [121]. Details about each one of the 

aforementioned steps are provided in the following sections.  
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Figure 4.1: An example of a typical microarray data analysis workflow 

 



4.2 Filtering 
 

In addition to the “actual” spot signal and spot background intensities, it is also desirable 

to collect statistics regarding the quality of the spots introduced in the intensity extraction 

stage [118, 122, 123]. Experimental errors or failures in the printing stage result in corrupted 

and/or saturated spots (spots exceeding the range of values available to the scanning 

procedure) that need to be excluded from further analysis [122, 124, 125]. Such an example is 

spots characterized by a signal intensity that is not significantly stronger than the intensity of 

their background or spots with high variance in their signal intensities. Similarly, spots that 

were erroneous delineated in the segmentation stage must be discarded since erroneous spot’s 

signal and spot’s background measurements can introduce expression patterns that might lead 

to incorrect biological conclusions [121, 124, 126]. Figure 4.2 depicts spots with various 

types of errors that need to be flagged and, consequently, excluded from the subsequent data 

analysis stage. 

In order to overcome such kind of problems and, thus, to guarantee the accuracy of the 

results, a series of spot’s quality measures have been introduced in most of the microarray 

image processing and analysis software packages [61, 81, 85, 92, 121, 127]. The decision 

whether to accept or reject spots is based upon statistical measurements of appropriate 

features (e.g. spot’s morphology, size, intensity, homogeneity) [118, 122, 128, 129]. 

Commonly, spots characterized as “unreliable” are initially flagged and, further, visually 

accessed by the user (biologists and/or bioinfomaticians) in order to confirm the quality 

measure results and decide if these spots are going to be used in the preceding downstream 

analysis.  

 
(a) 

 
(b) 

 
(c) 

 
(d) 

Figure 4.2: (a) Spot with hole inside and (b) connected spots. The 3-d intensity plots of the 

spot in Figures (c) and (d) respectively.  
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4.3 Normalization  
 

In a microarray experiment there are many sources of systematic, non-biological, bias that 

affect and, consequently, confound the extracted measured gene expression levels [130-132]. 

Normalization is the term used to describe the process of identifying and removing any 

systematic bias in the measured fluorescence intensities, arising from such kind of variations 

rather than from biological differences between the RNA samples or the printed probes [60, 

133-135].  

Sources of systematic bias include [136-138]:  

 

• Dye effect 

• Scanner malfunctions 

• Uneven hybridization 

• Printing tip effects 

• Plate and reporter effects 

• Batch and array design effects 

• Experimenter issues 

 

The effects of these sources vary among different microarray experiments. Thus, in order 

to obtain comparable results among microarrays of the same array (and/or microarrays from 

different arrays) the systematic bias effects should be eliminated.  

Notwithstanding, the key issue in the microarray normalization process is the 

identification of the systematic bias source that need to be minimized [139]. Accordingly, the 

meaningful biological information will be retained through the normalization process. 

Otherwise, there is a strong possibility that some or even most of the biological information 

might be removed when data are normalized [140]. 

 

4.3.1 Dye effect 
 

The difference in the efficiency of the dyes (Cy3 and Cy5 labeling) is the most easily 

recognizable and the most commonly observed source of bias. In this case, the intensity of 

one channel on the array is much higher than the other. Alternatively, dye effects might be 

observed if the dye has interaction effects i.e. the gene sequence affects the labeling 

efficiency [141]. 
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A possible solution to the dye effect is to balance the dyes using the assumption that both 

channels should be equally “bright”. Additional information for dye balancing might be 

revealed through dye-swap experiments [131].  

 

4.3.2 Scanner malfunctions 
 

There are a number of different failures that might be introduced due to scanner 

malfunctions. For example, wrong adjustment of the laser or the PMT intensity values 

typically results in dye effects phenomena. Moreover, when the lasers are misaligned the two 

channels (Cy3 and Cy5) appear slightly out of register (the composite image of the Cy3 and 

Cy5 images that is commonly produced for visualization purposes appears misaligned) and 

the images have to be aligned manually [142] in order to ensure the accuracy of the gridding 

procedure (for details see Section 3.2).  

Most of the scanner’s malfunctions are hard to deal with in silicon and, thus, the best 

solution is to fix the scanner and repeat the scanning procedure.  

 

4.3.3 Uneven hybridization 
 

The presence of various “patterns” on the slide is commonly translated as uneven 

hybridization phenomena. An example of uneven hybridization might be the existence of 

lighter areas in the middle of the slide or on the edges of the slide. Additionally, the 

background difference might cause such kind of bias. In the case of single spots that are not 

properly hybridized, the solution is to exclude them from further analysis; for extended 

uneven hybridization effects, the microarray experiment should be repeated since the existing 

numerical techniques cannot provide solutions [143-145].  

 

4.3.4 Printing tip effects 
 

Printing tip effects result in printing differences between sub-arrays of the same and/or of 

different microarray slides. Microarray slides are usually printed using more than one pens 

(e.g. 2,4,8,16,…). If any of these pens “works” differently from others (i.e. a pen gets infected 

by hair or is defective in some other way) the corresponding printed sub-array might differ 

from other sub-arrays. The results are similar when the printing pens wear out at a different 

rate [41].  
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One way to see if a pen performs differently from another is to visualize the data by sub-

arrays using colors or regression lines so that the faulty sub-array stands out. This kind of 

print tip errors can be corrected by applying different normalization parameters to the sub-

arrays [132]. 

The printing procedure might also cause problems that are not categorized as spatial bias. 

Occasionally, irregularities in the spot shapes or presence of expressed spots as rings instead 

of circles might be attributed to errors caused by the printing procedure. Such errors, result in 

the wrong detection of the printed spots and should be taken into account during the 

microarray image analysis stage [43]. 

4.3.5 Plate and reporter effects 

The presence of “patterns” in a microarray slide might also be attributed to plate and 

reporter effects, especially in the case of different reporters (probes) concentrations on the 

slide. The latter is easy to notice if the position of the plates (assuming that concentration is 

constant on a plate) is known [146, 147]. Plate effects might be corrected utilizing methods 

similar to those used to correct printing tip effects.  

More difficult to recognize and especially to distinguish from other sources of bias is the 

bias caused by the biological role of reporters. Patterns might be observed in the microarray 

slide if the reporters are arranged according to their biological function (as is commonly 

done). However, such effects should not be normalized and, instead, should be taken into 

account in the design of the microarray slides [148].  

4.3.6 Batch and array design effects 

Microarray slides from the same print run (or batch) or from an identical print design but a 

different print run often cluster together. This kind of bias requires a large amount of slides to 

be printed and studied in order to be identified.  

The only way to prevent such effects is to keep track of the printing procedure through a 

Laboratory Information Management System (LIMS) and to employ good pre- and post-

printing quality control methods [41, 43]. 

4.3.7 Experimenter issues 
 

Equal to the batch effect might be characterized the systematic bias caused by the 

experimenter. Experiments done by the same experimenter often cluster together more tightly 

than biology warranties.  



The best, but not a very practical, solution for the experimenter issue would be to let the 

same experimenter do everything. Because such a solution is naturally impossible, consistent 

hybridization techniques are needed as well as sophisticated methods to recognize the bias 

caused by the experimenter [41, 43]. 

 

 
 

Figure 4.3: Truncation at the high intensity end (a) is caused by scanner saturation. High 

variation at the low intensity end (b) is from larger channel specific additive error. High 

variation at the high intensity end (c) is from larger channel specific multiplicative error. 

The curvature in (d) is from channel mean background difference. The curvature in (e) is 

from slope difference. The split R-I (Ratio-Intensity) plots in (f) come from heterogeneity. 

Figure adopted from the book DNA microarray data analysis [149] 
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4.4 Identifying sources of bias 
 

Hybridization of one or several arrays, where the same sample has been used both as target 

and control (i.e., the same sample labeled with both dyes on the same array), or study of two 

replicate arrays as sample and reference, should result in equal intensities for both channels 

[136]. Thus, a scatter plot of the log-transformed intensities of the Cy3 and Cy5 channels (see 

Section 4.6.1) should show a straight line, and in the ideal case, the data should follow normal 

distribution. Studying self-self hybridized arrays reveals the various sources of error, such as 

uneven incorporation of the dyes that are not dependent on the sample [150, 151]. Such 

experiments might be also helpful in deciding which normalization steps would minimize 

these errors. Scatter plots (i.e. M-A plots, see Section 4.6) might also be used in order to 

depict the different types of effects due to intensity-dependent variations (see Figure 4.3).  

 

4.5 Normalization and Data Transformation strategies 
 

In general, the log-transformation works quite well as a normalization method for the 

microarray data [152]. As foresaid, the extracted intensities from each channel (Cy3 and Cy5) 

are further represented by their ratio. However, by taking the simple ratio, as value to 

represent the spots expression levels, results in flattening all the under-expressed genes 

between 1 and 0. Log transformation of the ratio removes this bias. In statistical terms, log-

transformed data gives a more realistic sense of variation, and makes the variation of 

intensities and ratios of intensities more independent of absolute magnitudes. Additionally, 

log-transformation stabilizes the variance of high intensity spots and evens out highly skewed 

distributions (e.g., makes more normal-like) [134]. After log-transformation the expected 

mean of the dyes is 0 as opposed to 1 in the case of plain intensity ratios. 

Nevertheless, in the microarray field, as normalization strategies we also consider 

standardization and centralization methods [91]. Standardization is the process of expanding 

or contracting the distribution of a statistic so that the experimental values can be compared 

with those from another experiment. In statistical terms, standardization means converting the 

intensity ratios to Z-scores [153], which are distributed as a standard normal distribution. 

Centralization is the process of moving a distribution so that it is centered over the expected 

mean (e.g. balancing the two channels). For the log transformed intensity ratios, an intensity 

dependent centralization (e.g. Lowess normalization see Section 4.5.2.3) might help to correct 

the dye bias [91]. 
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4.5.1 Global and local normalization 
 

Data normalization is translated in the estimation of some data descriptors (e.g., the mean). 

Accordingly, global normalization is performed when only one descriptor is employed for 

normalizing the whole data for one chip [131, 140].  

Occasionally, we have different estimates of means for different sub-arrays or for different 

intensity ranges on the same chip. Local normalization is performed if these different 

estimates or a function (nonlinear regression, i.e. Lowess) is used for the normalization of the 

concomitant sub-arrays or intensity ranges [131, 140]. 

 

4.5.2 Mathematical processing of the extracted intensity ratios 
 

The central idea behind all the normalization methods is that the expected mean intensity 

ratio between the two channels or two chips is equal to unit. This is due to the fact that only 

10–20% of all the genes in a cell are expressed at a given time (i.e. genes in a cell are 

periodically expressed [154]). Thus, in the cases that the observed mean intensity ratio 

deviates from the unit, the data should be mathematically processed in such a way that the 

finally observed mean intensity ratio becomes equal to unit. Subsequently, the distribution of 

the gene expression is centered and the different microarray chips (arrays) become 

comparable.  

In the normalization process, a normalization factor (also referred to as scaling factor) is 

calculated and is multiplied to all the values of an experiment. In most of the cases, all the 

experiments, which are being compared, must be multiplied with the normalization factor. 

This process is the same as taking a constant value away from the log of the normal ratio [91]. 

There are several ways to calculate the normalized intensity ratios. Here, we present a few 

of the most commonly used ones [91, 133], namely: 

 

• Total intensity normalization 

• Median normalization 

• Lowess Normalization 

 

4.5.2.1 Total intensity normalization 
 

Total intensity normalization computes the normalization factor by summing the measured 

intensities in the microarray experiments [133]. This is shown in Equation 4.1 
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This is equivalent to 

 

( ) (2 2 2log log logk k totalT T N⎛ ⎞
⎜ ⎟
⎝ ⎠

′ = − )    (4.3) 

 

4.5.2.2 Median normalization 
 

In median normalization the normalization factor is found by calculating the median of the 

array of interest [133, 155]. Hence the median normalization equation becomes  

 

( )2 2log log Ak kT T median⎛ ⎞
⎜ ⎟
⎝ ⎠

′ = −    (4.4) 

 

where A is the array of interest.  

The advantage of using the median normalization instead of mean normalization stands for 

the fact that median normalization is “insensitive” to values characterized as outliers, which 

are commonly present in most of the microarray data sets. 
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4.5.2.3 Lowess normalization 
 

Lowess stands for Locally Weighted Linear Regression (occasionally Lowess method also 

employs quadratic regression). Initially, a Lowess curve is plotted on the R-I plot (details 

regarding the R-I plot are provided on Section 4.6.3) [91, 133, 156].  

In order to calculate a Lowess curve fit to a group of points (in our case gene expression 

levels) ( )1 1,x y ,…, ( ),N Nx y , we have to calculate at each point ix  the locally weighted 

regression of y  on x , employing a weight function that down-weights data points with 

values larger than the 30% of the range away from ix . Accordingly, for each observation , 

we set 

i

( )2logi k kx R G= ⋅  and ( )2logi ky R= kG . Initially, the Lowess method estimates 

 the mean value of the (ratio) as a function of the (intensity). Subsequently, 

subtracts the calculated best fit average (ratio) from the experimentally observed ratio 

for each one of the input data [133, 134]. Finally, the normalized ratios 

( )ky x 2log 2log

2log

r′  are given by  

 

( ) ( )2 2log log k kkr R G RLowess⎛ ⎞ ⋅⎜ ⎟
⎝ ⎠
′ = − k kG   (4.5) 

 

The effects of Lowess regression normalization are depicted in the R-I plot of Figure 4.4. 

Lowess detects the systematic deviations in the R-I plot and corrects them by carrying out a 

local weighted linear regression function given by Equation 4.5. Accordingly, Lowess 

regression uses this function, point by point, in order to correct the measured ratio values. 

Lowess analysis is commonly used as a normalization method that can remove intensity 

dependant effects in the  ratio values [131]. 2log

 
(a) 

 
(b) 

Figure 4.4: R-I plotted intensities before (a) and after the effect of the Lowess 

normalization step (b). 
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4.6 Microarray data visualization strategies 
 

Generally, in microarray experiments, it is useful to plot and visualize the relationship 

between pairs of intensity measurements and the corresponding log-ratios for a set (or all) of 

genes (probes). This is commonly done by utilizing Scatter Plots, M-A Plots or R-I Plots [72, 

157, 158]. 

 

4.6.1 Scatter plots  

 

Scatter plots are plots that are commonly used to study the spread and the linearity of the 

data [72]. In microarray studies, the intensity values of genes under different experiments 

might be depicted through a scatter plot. In an ideal microarray scatter plot, all the spots are 

clustered around the diagonal line representing y x= . Nevertheless, in real microarray 

experiments, the high correlation between the experimental intensity values usually renders 

the features of the plot difficult to distinguish (see Figure 4.5). 

Figure 4.5: A typical microarray scatter plot with some of the data points clustered 

around the diagonal line. 
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4.6.2 M-A plots  

 

M-A plots are scatter plots with transformed axes [158]. The X-axis (M) represents the log 

total intensity value of the two experiments while the Y-axis (A) shows the exactly log ratio 

of the two experiments. The equations for plotting M and A are:  

 

( ) ( )1 22log log 2M Exp Exp−=    (4.6) 

and 

 

( ) (( )1 22
1
2

log log )2A Exp Exp+=   (4.7) 

 

where,  and  stands for Experiment 1 and Experiment 2 respectively.  1Exp 2Exp

M-A plots are commonly used to identify spot artifacts and detect intensity-dependent 

patterns in the log ratios. Its major advantage stands for its ability to clearly represent 

differentially expressed genes in contrast to the simple scatter plots. For example, the M-A 

plot in Figure 4.6 shows the differentially expressed genes more clearly than the scatter plot 

in Figure 4.5.  

Figure 4.6: A typical microarray M-A plot. 
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4.6.3 Ratio-Intensity plots  

 

Ratio-Intensity (R-I) plots depict the intensity specific effects for all the genes by plotting 

the log ratio as a function of the product of the intensities [42, 134]. R-I plots are used to 

determine if there is a rough correlation between the total intensity of a spot and its ratio.  

R-I plots are usually employed to reveal intensity-specific artifacts in the (ratio) 

measurements, which can be eliminated by the Lowess normalization method. Under the 

assumption that most genes are not differentially expressed, most of the points in the R-I plot 

should fall along the horizontal line. Figure 4.7 shows an R-I plot where a large number of 

genes which are not differentially expressed fall along the horizontal line, and a number of 

differentially expressed genes are scattered away from the horizontal line.  

2log

R-I and M-A plots are not the same. The R-I plots are most commonly used to show the 

effect of the Lowess normalization, whereas the M-A plots are used to reveal differentially 

expressed genes and non-linear relationships between the log intensities of the data. 

 

Figure 4.7: A typical microarray R-I plot.  
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4.7 Microarray expression data analysis – Genes raw 

expression matrix 
 

Following filtering (See Section 4.2) and normalization (See Sections 4.3 and 4.5), the 

extracted spots intensities can be organized into a genes “raw” expression matrix, where each 

gene is represented by a row and each sample (i.e. condition) by a column. Accordingly, for 

each gene i  there will be a certain number of samples j  indicating the expression of the gene 

[43, 72, 133, 159]. Commonly, gene extracted intensities for within-array replicates and 

technical (array) replicates are merged, thus, forming a composite signal that represents genes 

expression values (gene’s expression profile) [2, 84, 160]. Alternatively, extracted gene 

intensities for each individual sample are retained and the consistency among replicates might 

be used to assess the reliability in the downstream expression analysis. The different ways to 

visualize the same gene expression profile are depicted in Figure 4.8. 

 

 
Figure 4.8: Different ways to visualize the same gene expression profile. 
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4.8 Microarray missing data estimation 
 

In many cases the genes’ raw expression matrix contains missing (“empty”) values [41-43, 

64, 161]. Missing values are commonly attributed to user’s administrative errors, microarray 

image processing and analysis defective techniques or technological failures during the 

microarray experimental procedure i.e. an intended replication during the microarray 

experimental procedure might be omitted, a feature of the microarray robotic apparatus might 

fail, the microarray scanner might have insufficient resolution, or the microarray image might 

be corrupted [41, 43, 64]. Accordingly, microarray researchers “flag” (see also Section 4.2) 

these “suspected” gene expression values, which are either converted to missing values, or, 

otherwise, omitted from further analysis [162]. For instance, spots with dust particles, 

irregularities, or other bad features might be “flagged” manually. Additionally, spots might be 

flagged as “absent” or “feature not found” when nothing is printed in the location of a spot or 

if the imaging software cannot detect any fluorescence at the spot. Moreover, expression 

readings that are barely above the background correction (using a criterion such as less than 

two background standard deviations above) might be also flagged and removed from the 

downstream analysis. 

Especially, in two-color spotted cDNA microarrays, it is often observed a spot to be absent 

or unexpressed for either the reference or the treatment condition, resulting in an “empty” 

(missing) value in the genes’ expression matrix (most commonly when a background 

correction technique is applied). Notwithstanding, the fact that a gene may be unexpressed in 

the target but not in the reference, or vice versa, might be of scientific interest and, thus, these 

spots need to be segregated for separate investigation [162-164].  

Missing values originating from different sources are qualitatively different and require 

different remedies in the subsequent analysis and interpretation of findings. To this end, 

microarray software provides various techniques to handle missing values [162]. An option is 

to eliminate the gene expression values for any gene that has one or more missing values 

under any of the microarray experimental conditions. Alternatively, we might only eliminate 

genes having one or more missing values for the experimental conditions that are under 

consideration for a particular analysis. Nevertheless, the most commonly used strategy to 

handle missing values is through a data imputation method [163].  

Imputation is the process according to which patterns in the expression matrix are utilized 

to predict missing elements [165, 166]. The assumption underlying imputation methods is that 

the missing value would (if present) follow patterns which are present in the data. For 

instance, if two genes are correlated and one of them has one expression value missing, the 



value would be such that the correlation is preserved. There exist various imputation methods 

that are able to capture and utilize different types of patterns in the expression data [163, 167, 

168].  

The simplest imputation method is to replace missing values by zero or by the average of 

observed values in the same row (i.e., for the same gene) [162, 169]. Thus, readings for gene 

expression from observed experimental conditions are averaged to replace those that are 

missing for other experimental conditions. The major advantage of this method stands for its 

simplicity and ease of computation. Nevertheless, studies such as Troyanskaya’s et al. [162] 

have proved that this method is not very effective since it makes no serious attempt to model 

the connection of the missing values to the observed data.  

To this end a variety of missing data estimation methods have been proposed [162-164, 

167, 168, 170-172]. Among them, the most widely used is the  nearest neighbor method, 

which has been proposed by Troyanskaya et al. [162]. This method matches the profile 

(gene’s expression values) of the observed data for a gene with missing values with the 

corresponding profiles of other genes without missing values. A number  of these other 

genes having the closest matching profiles are then used to infer the missing values for the 

gene with the missing values.  

k

k

In details, let us consider a gene h  with one or more missing values. Let { }1, 2, ..., C=C  

denote the set of all the experimental conditions in the experiment and let { }1, 2, ..., Q=Q  

denote the set of all the genes in the experiment. Also, let  be the subset of C  for which 

the gene  has observed values. The remaining conditions  have missing values for the 

gene . Consider the subset of genes  that also have observed values for the conditions 

 and choose the  genes among this subset that are most similar or closest to gene  in 

terms of their expression profiles on the studied experimental conditions. The average 

expression values for these  nearest neighbors on the missing conditions  are used as 

the imputed values for gene .  

hC

h h-C C

h hQ

hC k h

k h-C C

h

The measure of similarity or distance that is employed to identify those  genes with 

similar expression profiles can vary [162]. Nevertheless, the Euclidean distance is the most 

widespread similarity measure [162]. 

k

There exist many variations of the  nearest neighbor methods regarding the number of 

neighbors employed, the possibility to weight the imputation average according to the degree 

of the neighbor’s similarity etc. [164, 170-172].  

k
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4.9 Microarray gene expression data analysis – Genes raw 

expression matrix 
 

The end result of the microarray’s missing data estimation step is the genes “processed” 

raw expression matrix. The latter, is almost similar to the genes “raw” expression matrix (for 

details see Section 4.7) since they only differ in the values (gene’s expressions) used to 

“impute” the empty genes’ positions of the genes “raw” expression matrix. The genes 

“processed” raw expression matrix contains all the necessary information (genes expression 

values) in order to perform the microarray gene expression data analysis step and from now 

on will be referred as genes expression matrix. 

The microarray genes expression data analysis step might be performed based solely on 

the data from the genes expression matrix, or by including prior knowledge such as the gene 

function or the sample disease state. These two fundamental types of analysis are referred to 

as supervised and unsupervised data analysis respectively [173].  

Regarding supervised analysis methods [174, 175], external information is utilized in 

search for coherence between the patterns in the data (genes’ expressions) and possible a 

priori properties such as sample class labels (diseased vs. normal) or gene groups (defined by 

gene ontology terms or metabolic pathways). Examples of supervised analysis problem areas 

are classification [176], methods for identification of genes differentially expressed between 

sample groups (e.g. SAM [177]) etc. 

Regarding unsupervised analysis (clustering) methods, various implementations are 

available that aim to reduce the data complexity (data dimensionality) by grouping together 

similarly expressed genes or samples, find differentially expressed genes etc [65, 178, 179]. 

In this thesis we focused on various unsupervised analysis methods (see Section 4.9.1) for 

the demanding task of grouping genes with similar expression profiles among various 

experimental conditions (see Chapter 7).  

 

4.9.1 Clustering 
 

Microarray experiments results in a genes expression matrix that contains a large number 

of data which need to be stored and analyzed from biologists and bioinformatitians in order to 

reveal the underlying biological processes [2, 180]. Nevertheless, the large amount of the 

extracted microarray numerical data renders their analysis difficult and, thus, a common 

procedure is to try to reduce their dimensionality by grouping genes based on their expression 
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profiles [159, 173]. Clustering provides the framework for such data dimensionality 

reduction.  

Generally, clustering techniques organize the data into small numbers of (relatively) 

homogeneous groups. Based on this principle, microarray data clustering aims to identify and 

group together similarly expressed genes in order to assist biologists on the demanding task of 

microarray data interpretation i.e. correlate the results of microarray genes clustering with 

biological concepts. The idea behind microarray data clustering is that co-regulated (genes 

that are regulated by the same promoter) and functionally related genes are commonly 

grouped into clusters [159, 181].  

Commonly, in microarray data clustering is of interest to look at the changes in the genes 

expression profiles (as patterns) instead at the actual numeric changes. Therefore, both low 

and high expression level genes can belong in the same cluster, given that their expression 

profiles are correlated by shape.  

To this end, various clustering techniques have been used for the demanding task of 

microarray data analysis [182]. Among them, the most widespread techniques employed are 

hierarchical clustering [2, 42, 183], K-means clustering [42, 184, 185], Self-Organizing Maps 

[135, 185, 186] and Principal Component Analysis [42, 135, 187-189].  

 

4.9.1.1 Hierarchical Clustering  
 

Hierarchical CLustering (HCL) might be characterized as a statistical method for finding 

relatively homogeneous clusters. In the case of microarray data analysis the HCL procedure 

comprises two separate phases: 

 

• Initially, a distance matrix containing all the pairwise distances between the genes 

is calculated. Most commonly, the dissimilarity metric employed to calculate the 

pairwise distances is the Pearson’s or the Spearman’s correlation metric [93, 190, 

191]. Alternatively, the Manhattan or the Euclidian distance might also be applied 

[192-195]. Especially in the case of clustering genes from a single microarray 

chip, the method of choice is the Euclidian distance since at least two chips are 

needed for the calculation of any of the other aforementioned correlation 

measures.  

• Following the calculation of the initial distance matrix, the hierarchical clustering 

technique either iteratively joins the two closest clusters starting from single 

clusters (agglomerative, bottom-up approach) or iteratively partitions clusters 

starting from the complete set (divisive, top-down approach). Accordingly, after 



each step, a new distance matrix between the newly formed clusters and the other 

clusters is calculated. The procedure is repeated until all the genes are clustered. 

 

There are several methods of hierarchical cluster analysis including: 

 

• Single linkage, where the distance between one cluster and another is considered 

to be equal to the shortest distance from any member of one cluster to any member 

of the other cluster [193, 196]. 

• Complete linkage, where the distance between one cluster and another cluster is 

considered to be equal to the longest distance from any member of one cluster to 

any member of the other cluster [193, 196]. 

• Average linkage (UPGMA), where the distance between one cluster and another 

cluster is considered to be equal to the average distance from any member of one 

cluster to any member of the other cluster [193, 196]. 

 

The HCL results might be represented as a “tree” called dendrogram. Commonly, on one 

axis are the samples and on the other axis the genes. Branch lengths represent the degree of 

similarity between the genes. By cutting the dendrogram at a particular height different 

clusters and sizes of clusters are obtained. Thus, the decision where to stop growing the 

dendrogram might be characterized as user-dependent. Figure 4.9 illustrates a dendrogram of 

clusters. Each column represents a different experiment and each row a different spot (gene) 

on the microarray. The height of each link is inversely proportional to the strength of the 

correlation. 

 
Figure 4.9: An example of HCL clustering. 
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The HCL technique has been widely used in microarray data analysis [2, 197] since it is 

particularly advantageous in visualizing overall similarities in genes expression patterns in an 

experiment. The number and size of expression patterns within a data set can be estimated 

quickly, although the division of the dendrogram into actual clusters is commonly performed 

visually [198]. 

Nevertheless, the HCL technique tends to connect together clusters of genes in a local 

manner and therefore, errors in the cluster assignment in the early steps of the algorithm are 

propagating and affect the final result. Additionally, the HCL technique might be 

characterized as user-dependent since the genes’ clusters are obtained manually from the 

dendrogram [198]. 

 

4.9.1.2 K-Means clustering 
 

The K-Means unsupervised classification (clustering) algorithm [184, 199] is an iterative 

least-squares partitioning algorithm, that classify a given data set through a certain number of 

clusters (assume K  clusters) fixed a priori. The aim of K-Means is to find cluster centers 

(centroids) that minimize the least-squares error function: 

 

2

1 ( )

( )
K

k i
k C i k

W C N x m
= =

=∑ ∑ k−      (4.8) 

 

where: 

 

• K  is the number of clusters (fixed a priori) 

• kN  is the number of data points in the thk  cluster 

• iC  denotes the cluster number for the thi  data point (in our case gene expression 

levels)  

• ⋅  is the Euclidean distance (employed as dissimilarity measure) 

• 1 2, ,..., Nx x x  are the data points () to be classified ( i Kx C∈ ) 

• km  is the mean vector of the thk  cluster 

The K-Means clustering algorithm can be implemented as: 
 

• Step 1/ For a given assignment C , compute the clusters means km  as: 
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• Step 2/ For a current set of cluster means, assign each data point as: 

 
2

1
arg min , 1, 2,...,

k Ki i kC x m i
≤ ≤

= − = N    (4.10) 

 

• When all data points have been assigned recalculate the “new” cluster means and 

reassign the data points 

• Iterate Step 1 and Step 2 until convergence i.e. data points are no further 

reassigned. 

In the case of microarray data clustering, the data points to be assigned are the genes. 

Thus, initially, the genes are arbitrarily divided into K  clusters and the centroid of each 

cluster is calculated. Subsequently, each gene is “examined” and consequently assigned to 

one of the clusters (the distance from the cluster to be assigned must be minimum). This 

procedure is repeated until all the genes are grouped into the a priori fixed number of clusters. 

In Figure 4.10 an example of the K-Means clustering result for a number of genes is 

presented.  

 

 
K-Means Cluster 1 

 
K-Means Cluster 2 

 
K-Means Cluster 3 

Figure 4.10: An example of K-Means clustering with 3 clusters.  
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The K-Means clustering technique might be characterized as more advantageous than 

HCL technique since it results in tighter clusters, especially in the case of roughly spherical or 

elliptical data. Additionally, for small values of K , the K-Means technique is faster than the 

HCL [200]. 

Nevertheless, the K-Means technique might result in faulty cluster assignment in the case 

of non-spherical data. Moreover, the a priori fixed number of clusters in most of the cases is 

user-dependent and affects the clustering results. Finally, it must be noticed that since the 

initial genes’ assignment into clusters is arbitrary, different initial assignments might result in 

different finally formed clusters of genes [200].  

 

4.9.1.3 Self-Organizing Map  
 

Self-Organizing Map (SOM) is one of the most popular neural network models today 

[201-203]. Basically, SOM is a multidimensional scaling method that projects data from a 

higher dimensional input space to a lower dimensional output space.  

The SOM algorithm is based on unsupervised competitive learning, which means that the 

training is entirely data-driven and needs no further information. Commonly, the SOM 

algorithm is formed by neurons located in a regular, usually 1- or 2-dimensional grid. Each 

neuron  of the SOM is represented by an -dimensional weight i n 1 2, ,..., T
i i i inm m m m= ⎡ ⎤⎣ ⎦  

where  equals to the dimension of the input vectors. The neurons of the map are connected 

to adjacent neurons by a neighborhood relation dictating the structure of the map. Usually the 

map topology is rectangle or hexagonal. The number of neurons determines the granularity of 

the resulting mapping, which affects the accuracy and the generalization capability of the 

SOM. 

n

In the basic SOM algorithm, the topological relations and the number of neurons are fixed 

in advance. The number of neurons should be the number of clusters expected, with the 

neighborhood size controlling the smoothness and generalization of the mapping.  

Before the training phase (as a neural network model the SOM algorithm requires a 

training phase), initial values are given a weight vector, defined for each neuron. To this end, 

two approaches are traditionally used for the initialization of the weight vectors: 

 

• Random initialization, where the weight vectors are initialized with small random 

values between the minimum and maximum values of the vector 

• Random Gene initialization, where the weight vectors are initialized with random 

sample vectors from the training dataset 
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Accordingly, in each training step, one sample vector x  from the input data set is chosen 

randomly and a similarity measurement is calculated between it and all the weight vectors of 

the map. The Best-Matching Unit (BMU), denoted as , is the unit whose weight vector has 

the greatest similarity with the input sample 

c
x . The similarity is usually defined by means of 

a distance measurement (typically the Euclidian distance is employed).  

Formally the BMU  is defined as the neuron for which:  Cm

 

{ }inc ix m m x m− = −     (4.11) 

 

where ⋅  is the distance measure. 

 

Subsequently, the weight vectors of the SOM are updated according to the Equation (4.12)  

 

( ) ( ) ( )1 ( )i i ci tm t m t h x t m t+ = + − ( )i⎡ ⎤⎣ ⎦   (4.12) 

 

where  denotes time. The t ( )x t  is the input vector randomly drawn from the input data set 

at time t  and  is the neighborhood kernel around the winner unit  at time t . The 

neighborhood function specifies the size of the area and therefore the number of vectors that 

are updated in a training step.  

( )ci th c

The neighborhood kernel is a non-increasing function of time and distance of unit i i from 

the winner unit c . The kernel comprises of the neighborhood function  and the 

learning function :  

( , )h d t

( )a t

 

( )( ) ( ) ,c ici th a t h r r= ⋅ − t      (4.13) 

 

where  is the location of unit i  on the grid map.  ir

Traditionally, the neighborhood function is either the bubble (constant over the whole 

neighborhood of the winner unit and zero elsewhere) or the Gaussian. The learning rate  

is a decreasing function of time (commonly a linear function is employed).  

( )a t

During training, the SOM behaves like a flexible net that fold onto the point clouds formed 

by the training data. The training procedure is terminated based on a predefined number of 

steps.  
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Accordingly, the SOM partitions the input space into convex Voronoi regions, each of 

which corresponds to one unit of the map. The Voronoi region of a map unit  is defined as 

the union of all input vectors 

i

x  to which it is the closest: 

 

{ },i i jV x  m x m x i j= − < − ≠     (4.14) 

 

Thus, the input vectors can be clustered according to their Voronoi regions. Each Voronoi 

region is one cluster consisting of very similar vectors. In Figure 4.11 an example of the SOM 

clustering result for a number of genes is presented. 

 
Figure 4.11: An example of SOM clustering with 8 clusters. 

 

The SOM algorithm is a robust algorithm and provides an easy way to visualize the 

quality of its clustering results. Additionally, it might be characterized as a computationally 

fast algorithm. Computational time is determined by the net size and the number of iterations 

until the algorithm is terminated (the number of iterations is user-defined). Commonly, SOM 

network fits quickly to the data distribution in the multidimensional space and only a few 

seconds of calculation are required for a good clustering result.  

Nevertheless, SOM requires many parameters to be predefined e.g. the topology and the 

dimensions X and Y of the map (number of clusters), number of iterations, the type of 
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neighborhood function and the neighborhood radius etc. The most important among them is 

the net dimensions (number of clusters) and the number of iterations.  

 

4.9.1.4 Principal Component Analysis (PCA) 
 

Principal Component Analysis (PCA), [204-206] is an exploratory multivariate statistical 

technique that allows the identification of key variables (or combinations of variables) in a 

multidimensional data set that best explain the differences between observations. The main 

objective of PCA is to discover or to reduce the dimensionality of the data set, while filtering 

noise, in order to identify new meaningful underlying variables. Accordingly, the PCA 

technique transforms a number of (possibly) correlated variables into a (smaller) number of 

uncorrelated variables called principal components. Principal components are a set of vectors 

in the multidimensional space that decreasingly capture the variation seen in the points. The 

first principal component accounts for as much of the variability in the data as possible, and 

each succeeding component accounts for as much of the remaining variability as possible. 

PCA might be applied to either genes or samples, which are represented as points in the 

multidimensional space. Figure 4.12 illustrates the PCA projection that might be attributed as 

clustering representation (for 6 clusters) according to the first and second principal 

components.  

 
 

Figure 4.12: An example of PCA clustering with 6 clusters. 
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The PCA technique provides insight into the relationships between the data. It eliminates 

the noise part of the dataset and concentrates on the most variant aspects of the investigated 

observation. 

Nevertheless, it must be noticed that although principal components might best describe 

the variation seen in an expression data set, they do not describe how to best separate groups 

of genes or samples. For example, if microarrays are measured on samples from two 

conditions, principal components will best describe the variation of those samples, but will 

not always be the best way to split samples from those two conditions [198, 207].  

 

4.9.1.5 Determination of the number of clusters  
 

To this end, a variety of quantitative methods have been proposed [208] that aim to 

accurately determine the “correct” number of clusters that provide meaningful information 

and, simultaneously, answer specific biological questions. Nevertheless, no unified theory for 

determining the number of clusters has been fully developed and accepted [209], since the 

number of clusters does not necessarily correspond to biologically meaningful groups [210]. 

One of the contributions of the current thesis was to propose a semi-supervised 

biologically informed quantitative clustering criterion inspired from Bick et al. [210] in order 

to provide genes’ clusters with meaningful biological information (see Chapter 7).  
 

4.10 Microarray results validation 
 

A successful microarray experiment aims to answer specific biological questions 

introduced from biologists and/or bioinformatitians in advance (at the starting point of the 

experiment) [42, 74, 211-213]. Biological questions might be related with a list of genes 

differentially expressed between two disease states, identification of new subtypes of a 

disease, hypotheses about genes’ regulatory relationships etc. [214-216]. In most cases, 

results obtained using microarrays are validated using more accurate low-throughput methods 

such as quantitative real-time PCR, immunohistochemistry or northern blot hybridization 

[217-219]. 

Quantitative real-time PCR [217] is a method for the amplification of selected transcripts 

(RNA molecules) in order to be compared to standard controls. An approximate absolute 

copy number of the selected transcripts can then be established and compared to the result 

returned by the microarray experiment. The PCR process is explained in detains at Section 

2.1.6. 
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Immunohistochemistry is a method for identifying the presence of cellular or tissue 

constituents (antigens) by antigen-antibody interactions [219]. The antibody binding is then 

identified either by direct labeling of the antibody, or by use of a secondary labeling method.  

Northern blotting [220] involves the electrophoresis of the total mRNA for separation and 

blotting onto a membrane where a labeled probe is used for staining. It is a simple, frequently 

used method in molecular biology but its major disadvantage is that it requires relatively 

much amount of mRNA.  

In addition to the aforementioned methods, the knowledge revealed from studies regarding 

molecular processes and regulatory systems might be employed for the analysis and the 

validation of microarray experimental results [221-225]. For instance, patterns from 

unsupervised cluster analysis can be compared to metabolic and regulatory pathways or gene 

ontology groups to see if similar expression patterns may be caused by underlying biological 

gene regulation [222, 224, 226, 227].  

Moreover, semi-supervised clustering techniques [228] might be used to facilitate the 

demanding task of microarray analysis. In this type of analysis, the data is partitioned into 

classes based on supplied annotation and analyzed to find partitions with predominant 

patterns (or vice versa). The simplest form of semi-supervised analysis is to divide the data 

into groups that corresponds to metabolic pathways or gene ontology groups and, 

accordingly, to calculate the within-group gene expression correlation. In this way, relevant to 

the experiment objectives pathways or gene ontology groups might be revealed.  
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PART II 

EXPERIMENTAL RESEARCH 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



CHAPTER 5  

MATERIAL 

 
This chapter introduces the different microarray image datasets employed for the purposes 

of the present thesis. Accordingly, the simulated microarray image datasets are presented in 

Section 5.1 and the real microarray image datasets are analyzed in Section 5.2. 

 

5.1 Simulated cDNA microarray images 
 

Dataset 1 

The first dataset of simulated cDNA microarray images were produced by a microarray 

simulator [229]. For each simulated image, pixels were pre-assigned as belonging either to the 

spot or to the background region.  

Initially, a pair of cDNA microarray grayscale 16-bit TIFF images, representing the red 

and green channels of a two-color experiment containing 200 different spots, was produced 

by the microarray image simulator. In this pair of images, spots’ background region was 

initial set to be zero. Therefore, spots’ boundaries were known a priori. Based on this gold 

standard pair of images (reference images), a series of customized test images were further 

produced.  

Accordingly, blurring, introduced from biological noise, was modeled by convolving the 

image in the frequency domain with a first order low-pass Butterworth filter using cut-off 

frequencies in the range of 0. to 1 N× 0.9 N×  (9 pair of images) where  is the dimension 

of the image (non-square images were zero-padded). Furthermore, on the blurred images, 

experimental noise (see also Section 3.5.2), modeled as additive, signal dependent, random 

noise for 4 different noise percentage levels (10%, 30%, 50% and 70%), was introduced (36 

pairs of images). Resulting images (overall 45 different images of 200 spots each) contained 

spots of various shapes and sizes, aiming at complicating the spots’ segmentation and 

consequently the intensities extraction procedure. 

N
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Dataset 2 

The second dataset of simulated cDNA microarray images, comprised a total of 100 

publicly available [230] simulated cDNA microarrays images (50 high quality images and 50 

low quality images). Each image contained 1000 spots, with realistic characteristics, produced 

by Nykter’s et al. [17] microarray simulator. High quality images were characterized by low 

level noise and low variability in spot sizes and shapes while low quality images were 

characterized by higher noise levels, varying spot diameters, and more irregularities in the 

spots’ shapes [18]. 

 

5.2 Real cDNA microarray images 
 

Dataset 1 

The first dataset of real cDNA microarray images was the publicly available dataset of 

Derisi et al. [160] . The dataset comprised 7, 16-bit TIFF cDNA microarray images obtained 

from the database of the MicroArray Genome Imaging & Clustering Tool (MAGIC) website 

[231]. 

In their original publication, Derisi et al. [160] examined the yeast’s metabolism and 

specifically the shift from anaerobic (fermentation) to aerobic (respiration) metabolism. 

Inoculation of yeast into a medium rich in sugar is followed by rapid growth fueled by 

fermentation, with the production of ethanol. When the fermentable sugar is exhausted, the 

yeast cells turn to ethanol as a carbon source for aerobic growth. This switch from anaerobic 

growth to aerobic respiration upon depletion of glucose, referred to as the diauxic shift, is 

correlated with widespread changes in the expression of genes involved in fundamental 

cellular processes such as carbon metabolism, protein synthesis, and carbohydrate storage 

[232]. 

Derisi et al. used cDNA microarrays to characterize the changes in gene expression that 

take place during the diauxic shift process for nearly the entire genome in order to investigate 

the genetic circuitry that regulates and executes this process (7 images obtained in 7 distinct 

time points at 2-hours intervals). Accordingly, using a fluorescence-ratio method, Derisi et al. 

[160] measured the relative abundance of mRNA for the spotted genes. Each cDNA 

microarray images included 6400 spots of various shapes as well as artifacts (scratches and 

dust).  

In order to control the biological variability and maximize the reliability with which 

changes in expression levels could be discerned, Derisi et al. used a common reference 
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messenger RNA pool (green, Cy3) [233]. In this experimental design, the relative 

fluorescence intensity measured for the Cy3 and Cy5 channels at each array element provides 

a reliable measure of the relative abundance of the corresponding mRNA in the two cell 

populations since the Cy3 channel is a replicated channel.  

 

Dataset 2 

 

The second dataset of real cDNA microarray images was a publicly available dataset 

[230], comprising 5 real cDNA microarrays images (each one containing 12288 spots). In this 

particular dataset, the microarray images were produced according to a replicated experiment, 

in which five replicated hybridizations from one experiment were performed. Due to the 

replication process, each spot should have the same gene expression ratio both in the Cy3 and 

Cy5 channels. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



CHAPTER 6  

IMPROVING GENE QUANTIFICATION BY 

ADJUSTABLE SPOT-IMAGE RESTORATION 

 

6.1Abstract 
 

In this chapter an alternative and robust framework is proposed, designed to take into 

account the effect of noise in microarray images in order to assist the demanding task of 

microarray image analysis is presented. The proposed framework is derived following a 

comprehensive quantitative investigation of the impact of noise in spot segmentation and 

intensity extraction and consists of the following stages: 1/ grid creation for facilitating spot 

identification (gridding), 2/ clustering (unsupervised discrimination between spot and 

background pixels) applied to spot image for automatic local noise assessment and modeling 

(noise estimation), 3/ application of local image restoration process for spot image 

conditioning (adaptive wiener restoration), 4/ segmentation for spots identification on the 

restored spot images, 5/ intensity extraction, 6/ assessment of the reproducibility and the 

validity of the extracted gene expression levels. Results: The performance of the proposed 

framework has been compared with methods implemented in two publicly available software 

packages (Scanalyze and SPOT), employing both simulated and real microarray images. 

Experiments on simulated microarray images show that the proposed framework can detect 

spot areas and extract spot intensities with higher accuracy in comparison with the FC 

segmentation method (implemented in Scanalyze software) and the SRG method 

(implemented in the SPOT software). Additionally, the proposed method proved of better 

stability across replicates in comparison with publicly available software.  

 

6.2 Introduction 
 

One of the most undesirable effects of noise is that it causes inaccurate spots’ 

segmentation (i.e. the boundaries of spots are erroneously estimated) as described in details in 

Section 4.3. The latter, as a direct effect, evokes wrong estimation of the relative mean spots’ 

intensities and reduces the reproducibility and validity of the gene expression levels, derived 

from microarray images. Noise complicates all microarray image processing tasks (gridding, 
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segmentation, intensity extraction), but mostly segmentation. For noiseless images, spot 

segmentation would have been a trivial task even by using simple segmentation methods, but 

this is not the case. It has been shown that different segmentation methods, while accurate in 

simulated microarray images, lead to a different number of differentially expressed genes 

when applied to identical real microarray images [23]. The question then arises: which 

segmentation method is the most accurate and why different methods lead to different 

differentially expressed genes? The answer is not straightforward. The segmentation method, 

as an individual process, may give accurate spot boundary detection (this can only be 

objectively assessed using simulated data) but its combination with preceding gridding and 

subsequent data analysis does not necessarily guarantee that the end result -the gene 

expression quantification- will be more accurate. It turns out that different differentially 

expressed genes are obtained even by changing the gridding or the data analysis technique. 

Thus, it is not only important to assess the performance of each analysis stage independently, 

as it has been done in most previous studies [61] (i.e. whether gridding or spot boundary 

detection is accurate or not) but also the performance of all processing steps as a whole in 

terms of reproducibility and validity in computing gene expression levels. 

From the above, it is evident that noise reduction is an essential process, which has to be 

incorporated into the microarray image analysis pipeline. One possible solution proposed in 

previous studies [24-27] for addressing microarray image noise is image enhancement. 

Results of these studies have indicated a superior quality of the enhanced images, without 

however examining whether enhancement leads to more accurate spot segmentation or 

reduces the variability of the extracted gene expression levels. What is missing here is a 

complete framework of microarray image processing steps that will properly model and 

address the effects of noise in such a way that it will not only increase the accuracy of spot 

segmentation but also the reproducibility and validity of gene expression levels. 

This chapter presents the research work [77] towards a robust framework for microarray 

image analysis designed to take into account the effect of local spot-image noise in 

microarray images for improving spot segmentation and subsequently gene quantification.  

 

6.3 Method 
 

Gene quantification is affected by various image degradation processes that reduce 

microarray image quality, resulting in erroneous delineation of the spots’ boundaries. The 

image degradation process [76] may be formulated in the spatial domain as shown in 

Equation (6.1): 



 

( , ) ( , ) ( , ) ( , )g x y f x y h x y n x y= ∗ +    (6.1) 

 

where, ( , )g x y  is the degraded microarray image, ( , )f x y is the original image,  is 

the degradation process, is image noise, considered additive, and the symbol “

( , )h x y

( , )n x y ∗ ” 

indicates convolution.  

In the case of microarray images, the degradation process may be considered 

approximately constant across the image and it reflects the end-result of the degradations, 

caused by the cell-population effect [120] and the image acquisition apparatus 

, as shown in Equation (6.2):  

( , )h x y

( , )CFPh x y

( , )Apparatush x y

 

( , ) ( , ) ( , )CFP Apparatush hh x y x y x y= ∗     (6.2) 

 

Regarding the noise term of Equation (6.1), it includes both biological errors and 

measurements errors, which can be presented in the compact form of Equation (6.3) [17]: 
 

( , ) ( , ) ( , )n x y m x y l x y= +     (6.3) 

 

where  is a nonlinear function depending on the gene expression level of each spot 

of the microarray image and is a signal independent error term. Thus,  may be 

considered to depend on the local properties of the microarray image and, in particular, of the 

spot-image. As a consequence, a solution to Equation (6.1) with respect to

( , )m x y

( , )l x y ( , )n x y

( , )f x y  should be 

given locally by processing each individual spot-image independently, i.e. in a spot-image 

adjustable manner. Such a measure would produce a restored version of each spot-image that 

would facilitate accurate spot boundary determination and, thus, improved gene 

quantification. 

Accordingly, a microarray gridding procedure to identify and isolate individual spot-

images must be initially applied on the microarray images. Such a procedure would produce a 

series of rectangular spot-images, each one consisting of a spot-region and a background-

region (See Section 6.3.1).  

Although, exact estimation of noise at each spot-image point may not be possible, 

estimation of the general noise statistics may be obtained from the spot-image’s background-

region, by means of the region's variance 2σ . Thus, the Fuzzy-C Means [234] unsupervised 

classification (clustering) method was employed to roughly separate the two regions (see 
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Section 6.3.2) The background-region was used to assess noise ( 2σ ) while the spot-region 

provided an initial estimation of the spot’s position and centroid for use as starting point by 

the SRG segmentation algorithm (see Section 6.3.4). 

Assessment of spot-image noise may now provide an approximate estimate ˆ ( , )f x y  of 

spot-image ( , )f x y  in Equation (6.1) (now considered to represent the degradation model of 

each spot-image) by Wiener restoration [76] (see Section 6.3.3). 

Restored spot-images ˆ ( , )f x y  were finally segmented using the SRG algorithm [235] (see 

Section 6.3.4). 

The spot-region’s boundary, thus determined, was referred to the corresponding spot-

image in the original microarray image and the spot-region’s intensity was evaluated as the 

mean value of all pixels contained within the boundary. This was necessary, since intensities 

in the processed spot-images were altered by the restoration process. 

 

6.3.1 Microarray image gridding  
 

Since typical microarray images contain thousands of spots, the gridding method must be 

characterized by accuracy, automation and simplicity [236]. In a recent study [69], a highly 

accurate and simple gridding procedure has been proposed, which takes no assumptions of 

microarray slide details (i.e. number of spots, spots’ size etc.) and requires only the 

boundaries of each sub-grid to be specified. A similar gridding procedure was employed by 

the proposed method for locating spot-images.  

Ideally, spots are located at certain positions on a N M×  dimensional rectangular grid that 

contains ( , )K x y pixels with 1, 2, ...,x N=  and 1, 2, ...,y M= . By summing up the intensities 

across the pixels in each row and each column of the grid the two line profiles of the 

rectangular grid were obtained. Accordingly, for the horizontal profile column matrix R  of 

 rows were obtained, where N [ ]xR r= and: 

 

1
( , )

M

y
xr K x

=
=∑ y     (6.4) 

 

 

Similarly, for the vertical profile we obtain a row matrix  of C M  columns where 

 with: [ ]yC c=
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1
( , )

N

x
y K x yc

=
=∑     (6.5) 

 

Smoothing the line profiles by the Lowess filter [237], prior to peak-valley distance 

estimation, ensured minimization of irregularities, introduced by the printing procedure, and, 

therefore, success of the gridding procedure. The bandwidth used for the smoothing process 

approximately equaled the width of a typical spot.  

Following smoothing, each spot center was represented by a peak-valley pattern, where 

peaks corresponded to spot centers and valleys to spot sites edges [69]. Consequently, for the 

horizontal profile we have: 

 

1Peaks = { , 1, 2,... |  , }i i i i 1ip i N p p p p− += > >   (6.6) 

 

1Valleys= { , 1,2,... |  v , }i i i iv i N v v v− 1i+= < <   (6.7) 

 

and for the vertical profile: 

 

1 1Peaks = { , 1, 2,... |  , }j j j jp j M p p p p− +j= > >   (6.8) 

 

1 1Valleys= { , 1, 2,... |  v , }j j j jv j M vv v− +j= < <   (6.9) 

 

Finally, spot sites, in terms of width and height, were estimated from the peak-valley 

distance in each line profile. 

 

6.3.2 Clustering for local noise and spot position estimation  
 

The Fuzzy C-means unsupervised classification (clustering) algorithm [234] is an iterative 

algorithm, which employs fuzzy partitioning, such that a data point can belong to all groups 

with different membership grades between 0 and 1. The aim of Fuzzy C-Means is to find 

cluster centers (centroids) that minimize a dissimilarity function. 

 

2
, ,

=1 1 1
= ( , ) j

M M N
t

i i j i j
i i j

iJ J du
= =

=∑ ∑∑ x c    (6.10) 
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where:  

• jx , N  are the data points to be clustered, N  being the number of data 

points, 

1, 2,...,j =

=• ic , M  are the cluster centers, 1, 2,...,i M  being the desired number of clusters, 

with 2 M N≤ ≤ , 

• ,i jd  is the Euclidean distance between the ith  cluster’s centroid ic  and the  

data point 

jth

jx ,  

• ,i ju  is the element of a fuzzy membership function matrix ,i jU u⎡ ⎤= ⎣ ⎦  with values  

, 1i ju≤ ≤  that satisfies the criterion: 0

 

1
, 1,   1,2,..,

M

i
i j ju

=
= ∀ =∑ N     (6.11) 

 

• t  is a weighting exponent, with (1, )t∈ ∞ .  

The elements of the fuzzy membership function matrix ,i jU u⎡ ⎤= ⎣ ⎦  are defined as: 

 

, 2
( 1)

,

1 ,

1
i j

tM
i j

r r j

u
d
d

−

=

⎛ ⎞
⎜ ⎟
⎜ ⎟
⎝ ⎠

=

∑
    (6.12) 

 
and the cluster centers  as: ic

 

1

1

N
t

ij j
j

i N
t

ij
j

u x
c

u

=

=

=
∑

∑
    (6.13) 

 
Minimization of the dissimilarity function (6.10) is carried out through an iterative 

procedure, in which the elements of the fuzzy membership function matrix  are initialized, 

given a desired cluster number 

,i ju

M  and an initial guess for each cluster center. At each 

iteration , the elements of the fuzzy membership function matrix  and the cluster centers 

 are updated through Equations (6.12) and (6.13): 

k ,i ju

ic
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This iterative procedure will stop when  

 

{ }( 1) ( )
, , ,max k k

i j i j i ju u ε+ − <    (6.14) 

 

where ε  is a termination criterion and  is the number of iterations, i.e. the error between 

two consecutive values of the constrained membership function matrix will be 

smaller than an a priori specified level. The convergence of the Fuzzy C-Means unsupervised 

classification algorithm has been proven [234]. 

k

,i jU u⎡ ⎤= ⎣ ⎦

The Fuzzy C-Means unsupervised classification algorithm can be implemented as:  
 

• Step 1/ Initialize the membership function matrix ,i jU u⎡ ⎤= ⎣ ⎦ , by giving a 

desired cluster number M  and an initial guess for each cluster center.  

• Step 2/ At each step k , calculate using Equation (6.13) the cluster center 

matrix [ ]( )k
i  employing ( )kU  . C c=

• Step 3/ Update the membership function matrix ( )kU , ( 1)kU +  by Equation 

(6.12). 

• Step 4/ If the termination criterion of Equation (6.14) is satisfied, the iterative 

procedure stops. Otherwise, we return to Step 2 and repeat the process.   
 

The output of the Fuzzy C-Means iterative process is a ,i jU u⎡ ⎤= ⎣ ⎦  membership function 

matrix of dimensions , where  is the number of the data points and N M× N M  is the 

number of clusters with 2 M N≤ ≤ . Each element  of the membership function describes 

the membership value with respect to a particular type of cluster (

,i ju

,0 i ju 1≤ ≤ ) and the sum of 

these elements is equal to 1.  

We utilized the Fuzzy C-Means unsupervised classification (clustering) algorithm within 

each spot-image in order to discriminate pixels belonging to spot-region from pixels 

belonging to background-region. Thus, in our case the number of clusters to be determined 

was two ( 2M = ) whereas the data points to be clustered equaled the product of the spot-

image’s dimensions. The weighting exponent was set equal to 2 ( t =2) while the iteration 

criterion of Equation (6.14) was 1 e 5ε = ⋅ − . Through Steps 1-4, as described above, we 

obtained the membership function matrix [ ],i jU u=  of dimension  and the 2N ×
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corresponding cluster centers that minimized the dissimilarity function given by Equation 

(6.10). The two clusters were determined as: 
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2

2

N

1 1{ , 1,2,..., | 0}i i iC x i N U U= = − <    (6.15) 
 

2 1{ , 1,2,..., | 0}i i iC x i N U U= = − >    (6.16) 

 

where: 

 

1 2dim( ) dim( )C C+ =     (6.17) 

 

Local noise statistical characteristics were directly estimated through Equation (6.16) as: 

 

2

1

22 (
N

i
i

K
N

σ
=

= × = −∑ )m m   (6.18) 

 

where  2m C∈

 

6.3.3 Spot image restoration  
 

Considering the Discrete Fourier Transform (DFT), of Equation (6.1) we obtain Equation 

(6.19):  
 

( , ) ( , ) ( , ) ( , )G u v F u v H u v N u v= ⋅ +    (6.19) 

 

where ,( , )G u v ( , )F u v , ( , )H u v , and  are the DFTs of ( , )N u v ( , )g x y , ( , )f x y  , , and 

respectively and are spatial frequencies.  

( , )h x y

( , )n x y ,u v

An estimation ˆ ( , )F u v of the original image ( , )F u v may be provided by the Wiener 

restoration algorithm [76]: 

 
2

2

H (u, v) G (u, v)F̂(u, v) =  
H (u, v)H(u, v) + K

⎡ ⎤
⎢ ⎥
⎢ ⎥⎣ ⎦

   (6.20) 

 



where  is a constant that can be approximated by K 22K σ= ×  [76] where 2σ  is the spot’s 

background-region variance. 

Regarding the degradation function, the authors of a previous study [17] have proposed a 

9-point kernel {10e-8, 10e-4, 0.152, 0.312, 0.362, 0.162, 0.12, 10e-4, 10e-8} in the spatial 

domain. We found that the spectral response of that kernel could be adequately represented 

(0.0025 in terms of root mean square error) by the spectral response of a “modification” of a 

low pass Butterworth filter, shown in Equation (6.21): 

 

LP

co

2n
1Fh (k) =

k1 + 0.414
f

⎛ ⎞
⎜ ⎟
⎝ ⎠

    (6.21) 

 

where  is the degree of the filter,  is the spatial frequency, n k cof  the cut-off frequency.  

Subsequently, the two dimensional ( , )H u v was modeled as in (6.22) [76]: 

 
LP 2 2H(u, v) = Fh ( u + v )    (6.22) 

 
2 2u + v < = N     (6.23) 

 

where,  is the maximum dimension of the spot-image (which was zero-padded in the 

case of non-square spot-image). 

N

The restored spot-image was transferred into the spatial domain by the two dimensional 

Inverse DFT (2d-IDFT) of (6.19) as: 

 

ˆ ˆ( , ) IDFT(F(u,v))f x y =     (6.24) 

 

6.3.4 Spot image segmentation and intensity extraction  
 

Restored spot-images were segmented using the SRG algorithm [235]. SRG initially 

segmented each spot-image into spot-regions of pixels starting from the spot’s center, as 

determined by the Fuzzy C-Means rough segmentation. Pixel regions were iteratively 

augmented by assigning neighboring pixels that satisfied a homogeneity criterion: the 

neighboring pixels should be 1/of higher intensity than local noise, as it was calculated during 

the rough Fuzzy C-Means segmentation stage and 2/ of intensity close to the mean intensity 
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of the so far seeded region. This iterative procedure of growing pixel regions within each 

spot-image continued until all pixels of the spot-image were assigned to either the spot-region 

or its background. Mathematical Description is given below. 

Assume that a spot-image consists of a Spot-Region (SR) and a Background Region (BR). 

An initial estimate ( ) of  starts from the -centroid (roughly estimate by the Fuzzy 

C-means procedure) and is augmented through an iterative procedure that repeatedly adds 

unassigned adjacent pixels that satisfy a homogeneity criterion (see Equation 6.26). If the set 

of all unassigned adjacent pixels (B), which are initially supposed to belong to the spot’s 

background, could be modelled by: 

'S SR SR
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∅

)

{( , ) | ( , ) }B x y S N x y S= ∉ ∩ ≠    (6.25) 

 

where ( ,x yN  is the third-order neighbourhood of the pixel ( , )x y , then the 

Homogeneity CRiterion (HCR) that determines whether a pixel ( , )P x y B∈ , will join  or 

not can be formulated as: 

SR

 

2true if  ( , )  and ( , ) 0.25
( )

false otherwise
P x y P x y M M

HCR B SR
σ> − >

→ =
⎧
⎨
⎩

⋅
 (6.26) 

 

where 2σ  is the local noise as it was calculated during the rough Fuzzy C-Means 

segmentation stage, and 

 

1

1 ( , )
N

i
M K x y

N =
= ∑     (6.27) 

 

where ( , )K x y  are the pixels that belong to the spot’s pixel region so far. This iterative 

procedure of growing pixel regions within each spot-image, continued until all pixels of the 

spot-image were assigned to either the spot-region or background. 

 

6.4 Performance Evaluation 
 

Since performance evaluation of microarray segmentation is not a straightforward task to 

consider [18], we used as test images a set of customized synthetic microarray images (with 



no artifacts), produced by a microarray simulator [229]. In each synthetic/simulated image, 

pixels were pre-assigned as spot or background.  

 

6.4.1 Simulated experiments 
 

Simulated images (overall 45 different images of 200 spots each), which were generated as 

described in Section 5.1, contained spots of various shapes and sizes, aiming at complicating 

the spots’ segmentation and consequently the intensities extraction procedure.  

For assessing the pixel-based segmentation accuracy of the proposed method, we selected 

two traditional measures namely the discrepancy which was based on the number of mis-

segmented pixels and the discrepancy which was based on the position of mis-segmented 

pixels [238]. These methods provided information not only for the number of erroneously 

segmented pixels but also for their spatial location in order to ensure that different segmented 

images provided the same discrepancy measure values. 

The discrepancy that was based on the number of mis-segmented pixels was assessed 

using the Probability of Error , defined as [239]: ( )PE

 

PE = P(O)× P(B | O) + P(B)× P(O | B)   (6.28) 

 

where  is the probability of error in classifying objects as background,  

is the probability of error in classifying background as objects,  and  are a priori 

probabilities of objects and background in images. For our case spot is considered to be the 

object that must be discriminated from the background. 

( | )P B O ( | )P O B

( )P O ( )P B

The discrepancy that was based on the position of mis-segmented pixels was defined as 

[240] : 

 

N 2
i=1d (i)

D = A
∑     (6.29) 

 

where  is the number of mis-segmented pixels, N ( )d i  the Euclidean distance between 

the  mis-segmented pixel and the nearest pixel of its true class, and  is the number of 

pixels in the image. 

ith A

Although, pixel-based segmentation performance is the best way to objectively 

characterize segmentation schemes, publicly available software packages that were used in 
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this thesis do not provide such information i.e. boundaries of spots’ and background regions. 

So, in order to present comparable results and ensure their validity we had to further calculate 

the pairwise differences between the extracted spots’ intensities (for each one of the 45 

evaluated images) and the original synthetic image spots’ intensities using the Mean Absolute 

Error (MAE) [18]. 

 

6.4.2 Real experiments 
 

Microarrays employed comprised a publicly available dataset of seven images obtained 

from the database of the MAGIC website [231]. Each image contained 6400 spots 

investigating the diauxic shift of Saccharomyces cerevisiae. Images included spots of various 

shapes as well as artifacts (scratches and dust). The particular dataset was selected because 

the authors of [160] used a common reference messenger RNA pool (green, Cy3) to control 

for biological variability [233].  

Thus, exploiting the benefits of the replicated common reference channel (Cy3), we 

quantitatively assessed the performance of the proposed method in terms of extracted genes 

expression reproducibility using the Coefficient of Variation (CV) metric (Equation 6.30), 

since each spot in the common reference channel should have the same intensity throughout 

the replicated experiments. 

 

CV =
σ
μ

     (6.30) 

 

where σ  is the standard deviation and μ  is the mean value for each spot evaluated for the 

all the replications (7 replications totally). CV allows for the comparison of variability 

estimates regardless of the magnitude of the measurement [241]. Additionally, in order to 

quantify the efficiency and robustness of the proposed method, we calculated the pairwise 

MAE between the replicates (altogether 21 pairwise MAE values) for the common reference 

channel.  

Extracted intensities, for the same series of microarray images, were comparatively 

evaluated against the intensities obtained from both commercial software (Scanalyze and 

SPOT) and the recent study of Baek et al. [242]. All extracted intensities were normalized 

using global normalization [152].  
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6.5 Results 
 

The degradation function ( , )H u v  in Equation (6.20) was optimally designed with respect 

to simulated data segmentation accuracy, by a first degree ( 1n = ) low-pass Butterworth filter 

using 0.6cof N= × , with  being the spot-image dimension, and it was modeled according 

to Equations (6.21) - (6.23). The other parameter in Equation (6.20) that needed to be 

specified was 

N

22K σ= × , an estimate of the spot-image’s background noise. That was 

computed as the standard deviation of the spot-image’s background-region. The latter was 

automatically determined by the Fuzzy C-Means clustering algorithm.  

Regarding the segmentation accuracy of the proposed method, the mean value of the 

probability of error segmentation metric (concerning the 200 segmented spots), for the 45 

evaluated images, ranged between 0.055-0.130 and 0.037-0.097 with mean value 0.084 and 

0.067 for the red and green channels, respectively. Additionally, to depict the improvement on 

the segmentation procedure stage due to the intermediate step of image restoration, we 

compared the results of the proposed method with an implementation of the same procedure 

but without the step of image restoration. Results for the segmentation metric of the 

discrepancy, based on misclassified pixels positions, were 0.022-0.027 and 0.024-0.029 with 

mean value 0.022 and 0.024 with and without the restoration step, respectively.  

Figure 6.1 illustrates a randomly selected simulated microarray image and the results of 

gridding, adjustable spot-image restoration and segmentation steps as obtained by the 

proposed methodology.  

 

 
(a) 
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(b) 

 
(c) 

 
(d) 

 

Figure 6.1: Result of gridding (b), adjustable spot-image restoration (c) and segmentation 

(d) procedure, for a randomly selected microarray image (a) according to the proposed 

methodology. 
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Figure 6.2 depicts gridding and segmentation results, for the aforementioned simulated 

microarray image, as obtained by the SPOT software.  

 

 
(a) 

 
(b) 

 

Figure 6.2: Result of gridding (a) and segmentation (b) procedure, for the same simulated 

microarray image according to the SPOT software. 

 

 

Figure 6.3 illustrates a randomly selected real microarray image and the results of 

gridding, adjustable spot-image restoration and segmentation steps as obtained by the 

proposed methodology.  
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(a) 

 

 
(b) 
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(c) 

 
(d) 

Figure 6.3: A randomly selected real microarray image (a) results of gridding (b), 

adjustable spot-image restoration (c) and segmentation steps (d) based on the proposed 

methodology. 
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Figure 6.4 depicts gridding and segmentation results, for the aforementioned real 

microarray image, as obtained by the SPOT software. 

 
(a) 

 
(b) 

Figure 6.4: Result of gridding (a) and segmentation (b) procedure, for the same real 

microarray image according to the SPOT software. 
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Following the segmentation procedure, the extracted intensities were compared with the 

results obtained from both commercial software employed by measuring the pairwise MAE as 

explained in Section 6.4.1. Boxplots of Figure 6.5 illustrates the MAE values for the series of 

the customized simulated images.  

 

 
Figure 6.5: Mean Absolute Error for the simulated data. Obelisks are MAE values 

characterized as outliers. 

 

Table 6.1 provides the mean values of the MAE boxplots (Figure 6.5), in terms of 

intensity, for the evaluated 45 images and for both channels.  

 

 Proposed Method Scanalyze SPOT 

Red Channel 1110.8 1779.1 3908.1 

Green Channel 1169.9 1877.5 5370.2 

 

Table 6.1: Mean values (in terms of intensity) of the MAE boxplots of Figure 6.5.  
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Regarding real microarray images ( , )H u v  was empirically determined with respect to the 

minimization of CV. ( , )H u v  parameters for optimal performance were ( ). 

Figure 6.6 illustrates the actual distribution of CV values of the extracted gene expression 

levels from the set of seven 1024x1024 16-bit replicated images (Cy3), as they were 

calculated by the proposed method, the Scanalyze, the SPOT and the Baek’s method 

respectively. Accordingly, the calculated CV values were 0.211 for the proposed method, 

0.228 for the SPOT 0.288 for the Scanalyze software and 0.299 for Baek’s et al. procedure. 

1, 0.6con f= = × N

 

 

 
 

Figure 6.6: Probability Density Functions (PDF’s) of the CV for all the spots as 

calculated from the 7 replications of the common reference channel. Black line 

corresponds to the results obtained using the proposed method. Blue, red and green line 

corresponds to the Scanalyze, SPOT and the Baek’s approach respectively. 
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Figure 6.7 shows the calculated pairwise MAE between the expression ratios of all 

possible pairs of the common reference channel for the dataset of the 7 replicated real images. 

 

 
 

Figure 6.7: Boxplots illustrating the pairwise MAE between all replicates (totally 21 MAE 

values from which the mean value for each spot is illustrated here). Obelisks are MAE 

values characterized as outliers. 

 

Table 6.2 provides the mean values of the pairwise MAE (Figure 6.7) as they were 

calculated for the 7 replicates of the common reference channel. 

 

 Proposed Method Scanalyze SPOT Baek et al. 

Common reference 

channel (Green) 
0.254 0.362 0.262 0.323 

 

Table 6.2: Mean values of the calculated 21 pairwise MAE for the common reference 

channel 
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6.6 Discussion 
 

Microarray technology has transformed the field of genomic research by allowing the 

simultaneous profiling of thousands of genes. The microarray process is based entirely on the 

accurate extraction of quantitative information from images. In this thesis, a robust 

framework for microarray image analysis was developed, proposing a novel combination of 

image processing and analysis techniques. The proposed framework was derived following 

the quantitative investigation of the impact of noise on spot segmentation and intensity 

extraction and consists of the following stages: 1/ grid creation for facilitating spot 

identification (gridding), 2/noise parameters assessment for noise modeling (noise 

estimation), 3/ application of image restoration process for noise reduction (adaptive wiener 

restoration using an empirically determined degradation function), 4/ segmentation for spots 

identification on the restored images, 5/ intensity extraction. The proposed method was 

comparatively evaluated against the well-established methods of Scanalyze (FC) and SPOT 

(SRG) [61, 81], employing both simulated and real microarray images, and against a recent 

study [242].  

Regarding pixel-based segmentation accuracy on the simulated images, the proposed 

methodology achieved high segmentation results. Even though the image quality of the 

evaluated images varied significantly, the accuracy of the proposed methodology, in terms of 

mean probability error for the 200 spots, remained high. The success is mostly due to the 

intermediate step of adaptive spot restoration. According to the results provided by the metric 

of the mean discrepancy error based on misclassified pixels position, the intermediate step of 

adaptive image restoration facilitated the segmentation procedure, since segmentation 

accuracy without this intermediate step was lower. Thus, the initial Fuzzy C-Means 

segmentation procedure is of major importance, since it provides the necessary information to 

estimate the noise parameter which, in turn, is used to restore spot-images.  

To obtain comparable results with existing software and considering that available 

software does not provide information about pixel-based segmentation performance, we 

calculated the pairwise MAE for the extracted intensities by the proposed method, the SPOT 

and the Scanalyze software. Figure 6.5 shows the MAE boxplots as calculated for 200 spots 

in 45 customized test microarray images and Table 6.1 illustrates the mean values of those 

boxplots. The goal was to minimize MAE, since such a result proves the validity of the 

extracted intensities. As the results clearly support, the proposed framework outperformed 

commercial software providing intensities closer to those of the simulated images. 
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Regarding real images we had to assess the performance of the proposed method against 

the SPOT and Scanalyze software in terms of providing reproducible gene expression levels, 

since the actual spot boundaries (and subsequent spot intensity levels) on the real images were 

not available. For this reason, we selected to evaluate a dataset [160], which was designed to 

control the biological variability and reduce the experimental variation in a microarray 

experiment. Accordingly, for the common reference channel (Cy3, Green channel), an 

adequate degree of replication was provided to quantitatively assess the reproducibility of the 

extracted intensities. Due to the replication, each spot should have the same intensity 

throughout the replicated experiments, and therefore the CV between replicated experiments 

should be minimal (as close as possible to zero). Figure 6.6 shows the PDF of the CV for the 

common reference channel for all the images in the dataset using the proposed method (black 

line), the SRG method implemented in SPOT (red line), the FC method used in Scanalyze 

(blue line), and gamma-t mixture model (green line) employed in Baek et al. [242]. The 

proposed method’s PDF is narrow and sharp with a peak-value close to zero in contrast to 

Scanalyze’s PDF and Baek’s method, which is more spread and far from zero. Regarding 

SPOT’s PDF curve, while narrow and sharp is further away from zero as compared with the 

proposed method’s curve. This may be seen by comparing the corresponding CV values, 

0.211, 0.228, 0.288, 0.299, for the proposed method, SPOT, Scanalyze, and Baek’s method 

respectively. Since the plots of Figure 6.6 represent PDF’s, a highly peaked and narrow curve 

close to zero represents a microarray image processing methodology, which results in more 

reproducible extracted intensities and, thus, in more  repeatable computation of gene’s 

expression levels.  

Exploiting the benefits of the provided replication in the real images, we explored the 

validity of the extracted gene expression levels by measuring the ‘sameness’ of replicates 

using their pairwise MAE (totally 21 pairwise MAE values). Figure 6.7 illustrates the 

boxplots of MAE as they were calculated for the common reference channel of the 7 

replicated microarray images and Table 6.2 depicts the mean values of those boxplots. Lower 

MAE are indicative of higher segmentation performance and, thus, of more accurate (valid) 

extraction of gene expression levels. Again, as shown in Table 6.2, the proposed method 

achieved better results than the publicly available software and Baek’s method. This may be 

due to the employment by our method of the automatic local restoration step, which 

incorporated in the procedure valuable structural information from the spot’s background, as 

estimated by the Fuzzy C-Means clustering. 

Regarding processing time, the proposed method took about 300 seconds to extract the 

intensities from a 1024x1024, 16-bit cDNA image, containing 6400 microarray spots. This 

may seem computationally intensive and time consuming as compared to commercial 



99 

 

software employed, since the code has not been optimized for speed, as yet. On the contrary, 

the proposed method proved to be more robust and efficient, since it provided more accurate 

and reproducible results, which is the case of concern in microarray image processing tasks.  

 

6.7 Conclusion 
 

The findings of the present thesis revealed that by applying local spot-image restoration 

and by incorporating structural information from the spot-image, spot-image segmentation 

and, consequently, quantification of gene expression is improved. This is a step that publicly 

available and commercial software should take into account. 

 

 



CHAPTER 7  

IMPROVEMENT OF GENE CLUSTERING BY 

COMBINING ADJUSTABLE SPOT IMAGE 

RESTORATION WITH QUANTUM CLUSTERING 

AND INTRODUCTION OF A BIOLOGICALLY 

INFORMED EVALUATION METHOD 

 

7.1Abstract 
 

This chapter extends our previous research work [77] (see also Chapter 6), developed for 

automatic gene expression level quantification, by adapting an unsupervised learning 

technique (Quantum Clustering-QC), for extracting biologically meaningful groups of genes 

with similar expression levels. The aim was to provide a robust approach to cDNA microarray 

image analysis and answer specific biological questions. 

The effectiveness of the proposed framework was evaluated employing the publicly 

available dataset of yeast during the diauxic shift: i/ in terms of valid and reproducible 

extracted genes’ expression levels through CV metric and ii/ in terms of providing biological 

meaningful information through the introduction of a semi-supervised Biological Informed 

(BI) quantitative clustering criterion. Regarding CV, the proposed framework proved of better 

stability across replicates compared to Derisi’s et al. [160] original expression levels 

(extracted utilizing Scanalyze) [81]. Furthermore, the proposed framework rendered the 

detection of meaningful biological clusters more accurate in terms of BI when compared to 

well-established clustering techniques (Fuzzy C-Means and SOM’s). 

Results indicate that a robust framework, which proposes a unified approach to the 

analysis of gene expression data extracted from cDNA microarray images, is required in order 

to reveal new insights into genes’ expression and their underlying regulatory mechanisms. 
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7.2 Introduction 
 

A key step in the exploratory analysis of gene expression data is the identification of 

groups of genes that exhibit similar expression patterns (gene expression levels). In the 

beginning, the latter was accomplished by the visual inspection of the genes’ expression 

profiles. Despite its effectiveness, in grouping genes into functionally relevant classes [243], 

this method was characterized as labor intensive, prone to errors, and inadequate for the 

analysis of microarray data sets, characterized by large number of genes [186]. Thus, more 

sophisticated methods were introduced in order to systematically group associated gene 

expression patterns [2] and facilitate biological inference.  

To this end, several clustering algorithms have been proposed [182] to group genes with 

similar expression profiles. Traditional algorithms, such as HCL [2], K-Means approaches 

[244], Partitioning Around Medoids (PAM) [245], Fuzzy C-Means approaches [234], and 

SOM [201, 246] are among the most popular unsupervised learning techniques, successfully 

applied in microarray’s gene expression analysis.  

Nevertheless, one of the major factors that complicate the task of microarray image 

analysis and data mining is that microarray images are contaminated by various types of noise 

(biological and experimental) as explained in previous chapter (see Section 3.5). Improper 

treatment of noise may result in erroneous biological conclusions [17]. Noise complicates all 

microarray image processing tasks (gridding, segmentation, intensity extraction), but mostly 

segmentation. The latter, as a direct effect, evokes wrong estimation of the relative mean 

spots’ intensities (that represent genes’ transcriptional profiles) and generates a noisy set of 

genes (or so-called scattered genes) that confounds gene expression analysis and, thus, genes’ 

clustering results [182].  

For noiseless images, accurate determination of genes’ expression levels and, 

consequently, extraction of meaningful biological conclusions through even naïve 

unsupervised learning techniques would have been a trivial task, but this is not the case. 

Regarding accurate determination of gene expression levels, it has been shown that different 

segmentation methods, while accurate in simulated microarray images, lead to a different 

number of differentially expressed genes when applied to identical real microarray images 

[23]. Regarding extraction of meaningful biological conclusions, while more advanced 

methods have been introduced [28-32] that attempt to prevent the noisy set of genes from 

being grouped, there is a lack of consensus among experts on the selection of a single method 

for determining meaningful clusters of genes. The latter, directly affects the biological 
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inference, since different number of clusters are produced when different clustering 

techniques or either different parameters in the clustering algorithms are utilized [33].  

From the above, it is evident that noise reduction is an essential process, which has to be 

incorporated into the microarray image analysis pipeline in order to ensure the validity of the 

extracted gene expression levels and, subsequently, to facilitate their analysis. Additionally, it 

seems obvious that it is not only important to assess the performance of each analysis stage 

independently (i.e. whether extracted gene expression levels are valid or clustering techniques 

perform accurately) but it is also necessary to ensure an acceptable performance of all steps, 

as a whole, in terms of biologically meaningful information. Thus, what is missing here is a 

complete and vigorous framework for the analysis of microarray images that will properly 

model and address the effects of noise in such a way that it will not only increase the accuracy 

of the extracted gene expression levels but it will also facilitate the subsequent step of gene 

expression analysis, allowing biologists to develop an integrated understanding of the process 

being studied. 

This chapter presents the research work towards a robust framework for the analysis of 

gene expression data, extracted from cDNA microarray images. Additionally, introduces a 

biologically informed quantitative clustering evaluation criterion for the detection of 

meaningful biological clusters of genes that answer specific biological questions. 

 

7.3 Material and Methods 
 

Microarrays utilized herein comprised the publicly available dataset of Derisi et al. [160] 

(details are provided in Section 5.2, Dataset 1). The selection of this particular dataset was 

based on the fact that: i/ it is suitable for the comparison of the QC algorithm with other 

clustering methods that have also been used by other groups on the same dataset and ii/ 

because the authors [160] used a common reference messenger RNA pool (green, Cy3) to 

control for biological variability [233] and, thus, the reproducibility and the validity of the 

extracted gene expression levels could be quantitatively assessed using the CV metric [77] on 

the replicated Cy3 channel. 

 

7.3.1 Extraction of genes expression levels 
 

In order to efficiently extract genes’ expression levels from cDNA microarray images, a 

robust framework of image processing and analysis techniques, was utilized (for details see 

Chapter 6). This framework originates from the comprehensive quantitative investigation of 



the impact of noise on spot segmentation and intensity extraction and comprises the following 

stages: (1) gridding for facilitating spot identification, (2) clustering (unsupervised 

discrimination between spot and background pixels) applied to spot image for automatic local 

noise assessment, (3) modeling of local image restoration process for spot image 

conditioning, (4) automatic spot segmentation employing seeded-region-growing, and (5) 

intensity extraction. 

 

7.3.2 Data preprocessing  
 

The result of the preceding stage was a dataset x′  comprising 6400 gene expression 

levels. The expression level represents the ratio of mean intensity of the spot’s pixels for each 

channel at each one of the seven time points: 
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where , r g  indicate the Red (Cy5) and Green (Cy3) channels, , and rN gN  correspond to 

the total number of pixels within the boundary, as determined at the genes’ extraction stage 

process, ,i tx′  is the mean intensity of the ith  spot at time point 1, 2, ..., 7t = , ,j rP  is the 

intensity extracted from each pixel of the original Cy5 image at coordinates defined by the 

boundaries of the restored Cy5 image, and ,j gP  is the intensity extracted from each pixel of 

the original Cy3 image from the coordinates contained within the boundaries of the restored 

Cy3 image. 

From this dataset, Empty and Control genes (totally 247 genes) were excluded from 

further processing. Accordingly, extracted genes with missing values were imputed 

employing the well-established technique proposed by Troyanskaya et al. [162] (explained in 

details in Section 4.8) and further normalized using global mean normalization [247] (see also 

Section 4.5). In order to reduce computational complexity, dataset’s dimensionality was 

diminished using PCA (in our case, only the 2 first principal components for the total number 

of the genes were used for further analysis) [188] (see also Section 4.9.1.4). Thus, a total of 

6153 gene expression levels were used to form the final dataset, which was inputted into the 

QC algorithm in order to determine groups of genes with similar expression profiles. 
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7.3.3 Clustering of genes expression levels 
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The QC algorithm [248] starts by estimating the data PDF  at each data point : df →

ix  using a Gaussian Parzen window [249] according to: 
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where ,  is the number of spots, and 1,...,i N= N σ  is the spread of the applied Gaussian 

window function. Following this, the whole data PDF is estimated, based on the individual 

PDF estimates ( )i if f x= . 

Considering data points as ‘states’ f  in the Hilbert space and assuming f as an eigenstate 

of the Schrödinger’s Equation: 
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then the Schrödinger’s potential , for which ( )V x f  is a ground state, may be used to 

determine cluster centers of data x  with probability density function f . 

Given f  for any set of data points, we can solve Equation 7.3 for V : 
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where E  is the Schrödinger’s Energy,  is the dimensionality of d x (in our case  as 

the dimensions of the PCA transformation). Following this, the potential 

2d =

( )V x  is estimated 

on the individual  estimates . ( )iV x ( )i iV V x=
The minima of Equation 7.4 define the cluster centers [248]. In order to find the minima of 

Equation 7.4, the following constrain for Schrödinger’s potential should be satisfied: 

 

min 0V =      (7.5) 
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The effectiveness of QC in determining groups of genes with similar expression profiles 

has been previously demonstrated on gene-expression data [248, 250]. 

 

7.3.4 Comparative evaluation performance 
 

In order to comparatively evaluate the performance of the proposed method in terms of 

determining meaningful groups of genes with similar expression profiles, we have utilized 2 

well-known clustering techniques, namely the Fuzzy C-Means [234] and SOM’s [201] 

algorithms. Both algorithms have been previously applied in the demanding task of 

microarray data analysis [202, 251]. 

 The Fuzzy C-Means (FCM) unsupervised classification (clustering) algorithm searches 

iteratively for cluster centers (centroids) that minimize the dissimilarity function [234]: 
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where: jx , 1, 2, ..,j N= are the data points (gene expression levels), , , are 

the cluster centers,  is the Euclidean distance between centroid  and data point 

ic 1, 2,...i M=

,i jd ic ix , and 

 is the element of a fuzzy membership function matrix ,i ju ,i jU u=  with values , 

and  is a weighting exponent (

,0 1i ju≤ ≤

m 2m = ). 

SOM’s [201] are iterative neural networks based algorithms that consists of a set of nodes 

(  neurons), arranged in a geometric pattern (typically a 2-dimensional lattice). The purpose 

of SOM is to find a mapping from the high dimensional input data space onto the regular two-

dimensional array of neurons. SOM’s are explained in details in Section 4.9.1.3. SOM 

clustering was carried employing the appropriate functions of the Matlab’s Neural Network 

Toolbox [252].  

m

In order to determine the “correct” number of clusters that provide meaningful information 

and, simultaneously, answer specific biological questions, a variety of quantitative methods 
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have been proposed [208]. Nevertheless, no unified theory for determining the number of 

clusters has been fully developed and accepted [209], since the number of clusters does not 

necessarily correspond to biologically meaningful groups [210]. Thus, in order to 

quantitatively assess the performance of the proposed method against Fuzzy C-Means and 

SOM’s clustering results, a method informed by biological knowledge, inspired from Bickel 

et al. [210], was utilized.  

In DeRisi et al. two distinct genes groups were “marked” as: i/ genes exhibiting a strong 

induction (greater than ninefold) only at the last time point (7th time point) of the experiment 

(7 genes belonging to Group A), and ii/ genes exhibiting early induction with a peak in 

mRNA levels at the 6th time point (7 genes belonging to Group B). The accession numbers 

of the genes belonging to each group are depicted in Table 7.1. 

 

 

Group A Group B 

YAL054C YBR072W 

YLR174W YDR171W 

YKR097W YFL014W 

YER065C YGR043C 

YNL117W YGR088W 

YJR095W YKL026C 
YLR377C YLR258W 

 

Table 7.1: Accession numbers for the 14 genes of interest found in each one of the Groups 

A and B as “marked” in Derisi et al. 

 

These clusters were “marked” by Derisi et al. employing arbitrary successive thresholds at 

certain time points in order to answer specific biological questions. This minority of genes, 

that is known to belong in specified biological groups and, simultaneously, answer specific 

biological questions, could be used to form the a BI index that will assess the performance of 

individual clustering techniques.  

Let us consider , , the number of the genes in a dataset, which is inputted 

in a clustering technique, and , 

iG 1, 2,..,i = N

jGD 1, 2,..,j K=  ( ), the number of genes known 

to belong to a specific biological group. Assuming that the clustering technique yields , 

jGD G⊆ i

mC
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L1, 2,..,m =  distinct clusters each of which has M  members (each cluster might have 

different number of members), then we can define as Cluster Accuracy ( ) the ratio: CA
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=     (7.8) 

 

and as Cluster Purity ( ) the ratio: CP
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where # stands for the number.  

Thus, BI  could be defined to characterize the result of the clustering process as:  

 

(1- )BI w CA w CP= ⋅ + ⋅     (7.10) 

 

where [ ]0,1BI ∈ and  is a percentage (%) weight factor which determines how accurate 

and/or pure are the formed clusters.  

w

Accordingly, the performance of the proposed method against the Fuzzy C-means and 

SOM’s clustering results was calculated in terms of BI  employing as gold standard the 

biological groups defined by Derisi et al.( Group A and Group B ). 

 

7.4 Results 
 

The extracted genes’ expression levels for the common reference channel (Cy3) (for the 

total of the 6153 genes) were comparatively evaluated against the expression levels of 

Derisi’s et al. (in which, the Scanalyze software was used [81]) in terms of validity and 

reproducibility employing the CV metric (See Section 7.3). Boxplots of Figure 7.1 illustrate 

the CV values for the latterly mentioned 6153 genes. 

 



 
 

Figure 7.1: Boxplots illustrating the CV values for the 6153 genes as extracted by the 

proposed method and as originally published by Derisi et al. (utilizing the publicly 

available software Scanalyze). 

 

The mean values of the boxplots of Figure 7.1 were found equal to 0.229 and 0.293 (in 

terms of CV) for the 6153 genes according to the proposed method’s restored extracted 

intensities and Derisi’s et al. originally published intensities, respectively. 

Additionally, the CV values for the 14 genes’ of interest (7 genes belonging to Group A 

and 7 genes belonging to Group B) were calculated for the common reference channel. 

Boxplots of Figure 7.2 depict the CV values for the latter mentioned 14 genes. 
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Figure 7.2: Boxplots illustrating the CV values for the 14 genes of interest as extracted by 

the proposed method and as originally published by Derisi et al. (utilizing the publicly 

available software Scanalyze).  

 

The mean values of the boxplots of Figure 7.2 were found equal to 0.263 and 0.286 (in 

terms of CV) for the 14 genes according to the proposed method’s restored extracted 

intensities and Derisi’s et al. originally published intensities. 

The BI  was calculated independently for both groups of interest employing all available 

clustering techniques for both Derisi’s et al. expression levels and the proposed method’s 

restored extracted expression levels. The weight factor was set equal to 75%, since our aim 

was to find as “accurately” as possible the genes belonging to each group of interest in 

accordance with Derisi’s et al. findings.  

w

Accordingly, FCM and SOM were properly designed to form from 1 to 20 clusters (20 

runs) while QC was tested for 20 different values of the Gaussian spread σ  (20 runs). In 

Figures 7.3-7.6, the number of runs stands for the number of clusters for FCM and SOM. 

Regarding QC the number of runs stands for the 20 different values of σ  evaluated. 

Figures 7.3 and 7.4 illustrate the values of BI  for the genes of Group A, as calculated for 

each one of the clustering techniques (FCM, SOM and QC) employing: i/ Derisi’s original 

expression levels and ii/ the restored expression levels, as obtained by the proposed method.  
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Figure 7.3: FCM, SOM and QC BI  values for the genes of Group A employing Derisi’s 

original expression levels. The number of runs stands for the number of clusters for FCM 

and SOM. Regarding QC the number of runs stands for the 20 different values of σ  

evaluated.  

 

 
Figure 7.4: FCM, SOM and QC BI  values for the genes of Group A employing the 

proposed method’s restored extracted expression levels. The number of runs stands for the 

number of clusters for FCM and SOM. Regarding QC the number of runs stands for the 20 

different values of σ  evaluated. 

The highest BI  value was obtained by the QC algorithm employing the restored 

intensities, extracted by the proposed method ( 1BI =  for 0.5 1.1σ = − ) Analytical results of 

the BI  metric for each run are provided in Tables 7.2.1-7.2.6. 
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Tables 7.2.1 to 7.2.3 provide the highest BI  values, regarding genes belonging to Group 

A, as obtained by the three clustering algorithms, in each run, utilizing Derisi’s et al. original 

expression levels.  

 

Number of Runs Genes of interest found in cluster Cluster Members BI Value 

1 7 1060 0.751 

2 7 352 0.754 

3 7 248 0.757 

4 7 210 0.758 

5 7 119 0.764 

6 7 116 0.765 

7 7 105 0.766 

8 7 83 0.771 

9 7 69 0.775 

10 7 69 0.775 

11 7 68 0.775 

12 6 72 0.663 

13 7 77 0.772 

14 7 77 0.772 

15 7 77 0.772 

16 7 83 0.771 

17 7 77 0.772 

18 7 77 0.772 

19 7 77 0.772 
 

Table 7.2.1: FCM results for Group A employing Derisi’s et al. expression levels. 
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Number of Runs Genes of interest found in cluster Cluster Members BI Value 

1 7 1986 0.750 

2 7 916 0.751 

3 7 955 0.751 

4 7 369 0.754 

5 7 433 0.754 

6 7 205 0.758 

7 7 338 0.755 

8 7 352 0.754 

9 7 156 0.761 

10 7 108 0.766 

11 7 269 0.756 

12 7 102 0.767 

13 7 144 0.762 

14 7 190 0.759 

15 7 179 0.759 

16 7 77 0.772 

17 7 76 0.773 

18 7 60 0.779 

19 7 138 0.762 
 

Table 7.2.2: SOM results for Group A employing Derisi’s et al. expression levels. 
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Number of Runs Genes of interest found in cluster Cluster Members BI Value 

1 5 5 0.785 

2 5 5 0.785 

3 5 5 0.785 

4 3 3 0.571 

5 3 3 0.571 

6 3 3 0.571 

7 3 3 0.571 

8 3 3 0.571 

9 3 3 0.571 

10 3 3 0.571 

11 3 3 0.571 

12 3 3 0.571 

13 3 3 0.571 

14 2 2 0.464 

15 2 2 0.464 

16 2 2 0.464 

17 2 2 0.464 

18 2 2 0.464 

19 2 2 0.464 
 

Table 7.2.3: QC results for Group A employing Derisi’s et al. expression levels. 

 



Tables 7.2.4 to 7.2.6 provide the highest BI  values, regarding genes belonging to Group 

A, as obtained by the three clustering algorithms, in each run, utilizing the proposed method’s 

expression levels. 

 

Number of Runs Genes of interest found in cluster Cluster Members BI Value 

1 7 1136 0.751 

2 7 485 0.753 

3 7 315 0.755 

4 7 168 0.760 

5 7 121 0.764 

6 7 105 0.766 

7 7 99 0.767 

8 7 93 0.768 

9 7 87 0.770 

10 7 86 0.770 

11 7 84 0.770 

12 7 83 0.771 

13 7 83 0.771 

14 7 83 0.771 

15 7 83 0.771 

16 7 80 0.771 

17 7 100 0.767 

18 7 110 0.765 

19 7 69 0.775 
 

Table 7.2.4: FCM results for Group A employing the proposed method’s restored 

expression levels. 
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Number of Runs Genes of interest found in cluster Cluster Members BI Value 

1 7 1907 0.750 

2 7 916 0.751 

3 7 938 0.751 

4 7 379 0.754 

5 7 535 0.753 

6 7 171 0.760 

7 7 306 0.755 

8 7 314 0.755 

9 7 183 0.759 

10 7 102 0.767 

11 7 227 0.757 

12 7 89 0.769 

13 7 105 0.766 

14 7 150 0.761 

15 7 154 0.761 

16 7 64 0.777 

17 7 80 0.771 

18 7 45 0.788 

19 7 120 0.764 
 

Table 7.2.5: SOM results for Group A employing the proposed method’s restored 

expression levels. 
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Number of Runs Genes of interest found in cluster Cluster Members BI Value 

1 7 12 0.895 

2 7 11 0.909 

3 7 10 0.925 

4 7 9 0.944 

5 7 7 1 

6 7 7 1 

7 7 7 1 

8 7 7 1 

9 7 7 1 

10 7 7 1 

11 7 7 1 

12 6 6 0.892 

13 6 6 0.892 

14 6 6 0.892 

15 6 6 0.892 

16 6 6 0.892 

17 6 6 0.892 

18 6 6 0.892 

19 6 6 0.892 
 

Table 7.2.6: QC results for Group A employing the proposed method’s restored 

expression levels. 



Figures 7.5 and 7.6 illustrate the values of BI  for the genes of Group B, as calculated for 

each one of the clustering techniques (FCM, SOM and QC) for both Derisi’s et al. original 

expression levels and the proposed method’s restored extracted expression levels.  

 

 
 

Figure 7.5: FCM, SOM and QC BI values for the genes of Group B employing Derisi’s 

et al. original expression levels. The number of runs stands for the number of clusters for 

FCM and SOM. Regarding QC the number of runs stands for the 20 different values of σ  

evaluated. 

 

 
Figure 7.6: FCM, SOM and QC BI  values for the genes of Group B employing the 

proposed method’s restored extracted expression levels. The number of runs stands for the 

number of clusters for FCM and SOM. Regarding QC the number of runs stands for the 20 

different values of σ  evaluated. 
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The highest BI  value was obtained again by the QC algorithm employing the restored 

intensities extracted by the proposed method ( 0.785BI =  for 0.3σ = ) Analytical results of 

the BI  metric for each run are in Tables 7.3.1-7.3.6 

Tables 7.3.1 to 7.3.3 provide the highest BI  values, regarding genes belonging to Group 

B, as obtained by the three clustering algorithms, in each run, utilizing Derisi’s et al. original 

expression levels. 

 

Number of Runs Genes of interest found in cluster Cluster Members BI Value 

1 7 1060 0.751 

2 7 352 0.754 

3 7 248 0.757 

4 7 210 0.758 

5 7 119 0.764 

6 7 116 0.765 

7 7 105 0.766 

8 7 83 0.771 

9 7 69 0.775 

10 7 69 0.775 

11 7 68 0.775 

12 6 72 0.663 

13 7 77 0.772 

14 7 77 0.772 

15 7 77 0.772 

16 7 83 0.771 

17 7 77 0.772 

18 7 77 0.772 

19 7 77 0.772 
 

Table 7.3.1: FCM results for Group B employing Derisi’s et al. expression levels. 
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Number of Runs Genes of interest found in cluster Cluster Members BI Value 

1 7 1986 0.750 

2 7 916 0.751 

3 7 955 0.751 

4 7 369 0.754 

5 7 433 0.754 

6 7 205 0.758 

7 7 338 0.755 

8 7 352 0.754 

9 7 184 0.759 

10 7 108 0.766 

11 7 269 0.756 

12 7 102 0.767 

13 7 144 0.762 

14 7 190 0.759 

15 7 179 0.759 

16 7 77 0.772 

17 7 76 0.773 

18 7 60 0.779 

19 7 138 0.762 
 

Table 7.3.2: SOM results for Group B employing Derisi’s et al. expression levels. 
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Number of Runs Genes of interest found in cluster Cluster Members BI Value 

1 5 19 0.601 

2 5 18 0.605 

3 4 7 0.571 

4 4 7 0.571 

5 3 5 0.471 

6 3 5 0.471 

7 3 5 0.471 

8 2 3 0.380 

9 2 3 0.380 

10 2 3 0.380 

11 1 1 0.357 

12 1 1 0.357 

13 1 1 0.357 

14 2 2 0.464 

15 2 2 0.464 

16 2 2 0.464 

17 2 2 0.464 

18 2 2 0.464 

19 2 2 0.464 
 

Table 7.3.3: QC results for Group B employing Derisi’s et al. expression levels. 

 



Tables 7.3.4 to 7.3.6 provide the highest BI  values, regarding genes belonging to Group 

B, as obtained by the three clustering algorithms, in each run, utilizing the proposed method’s 

expression levels. 

 

Number of Runs Genes of interest found in cluster Cluster Members BI Value 

1 7 1136 0.751 

2 7 485 0.753 

3 7 315 0.755 

4 7 168 0.760 

5 7 121 0.764 

6 7 105 0.766 

7 7 99 0.767 

8 7 93 0.768 

9 7 87 0.770 

10 7 86 0.770 

11 7 84 0.770 

12 7 83 0.771 

13 7 83 0.771 

14 7 83 0.771 

15 7 83 0.771 

16 7 80 0.771 

17 7 100 0.767 

18 7 110 0.765 

19 7 69 0.775 
 

Table 7.3.4: FCM results for Group B employing the proposed method’s restored 

expression levels. 
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Number of Runs Genes of interest found in cluster Cluster Members BI Value 

1 7 1907 0.750 

2 7 916 0.751 

3 7 938 0.751 

4 7 379 0.754 

5 7 535 0.753 

6 7 171 0.760 

7 7 306 0.755 

8 7 314 0.755 

9 7 183 0.759 

10 7 102 0.767 

11 7 227 0.757 

12 7 89 0.769 

13 7 105 0.766 

14 7 150 0.761 

15 7 154 0.761 

16 6 64 0.666 

17 4 80 0.441 

18 5 45 0.563 

19 7 120 0.764 
 

Table 7.3.5: SOM results for Group B employing the proposed method’s restored 

expression levels. 
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Number of Runs Genes of interest found in cluster Cluster Members BI Value 

1 4 10 0.528 

2 6 35 0.685 

3 7 49 0.785 

4 6 63 0.666 

5 6 68 0.664 

6 6 63 0.666 

7 6 61 0.667 

8 6 58 0.668 

9 6 50 0.672 

10 6 42 0.678 

11 4 17 0.487 

12 4 15 0.495 

13 4 15 0.495 

14 4 12 0.511 

15 3 9 0.404 

16 3 9 0.404 

17 3 9 0.404 

18 3 9 0.404 

19 1 1 0.357 
 

Table 7.3.6: QC results for Group B employing the proposed method’s restored 

expression levels. 

 



Figures 7.7 and 7.8 illustrate the gene clusters, as found by the proposed framework 

(“restored intensities” inputted in the QC algorithm) according to the highest obtained BI  

value for Groups A and B. 

 

 
Figure 7.7: QC clustering (for 1.1σ = ). The cluster containing the 7 genes of Group A 

( 1BI = ) is shown enclosed in a dash line. Dashed line was included only for viewing 

purposes. 

 

 
Figure 7.8: QC clustering (for 0.3σ = ). The cluster of the 49 genes which contains the 7 

genes of Group B ( ) is shown enclosed in a dash line. Dashed line was 

included only for viewing purposes. 

0.785BI =
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Table 7.4 provides the accession numbers of the 49 genes of the Group B that clustered 

together with the 7 genes of interested according to the maximum obtained BI ( 0.785BI = ) 

employing the QC clustering algorithm ( 0.3σ = ). 

 

Accession Numbers 

{YBL045C,YBL049W,YBR072W,YBR169C,YDL204W, 
YEL011W,YFL014W,YGR043C,YKL085W,YLL041C, 
YOL053C,YBL064C,YBR139W,YCR021C,YDR171W, 
YDR529C,YER067W,YGL037C,YGL187C,YGR088W, 
YGR236C,YIL125W,YKL109W,YKL187C,YLL026W, 
YML128C,YMR105C,YNL160W,YNL200C,YOR215C, 
YBL099W,YDR178W,YDR342C,YHL021C,YLR178C, 
YLR258W,YLR304C,YOR374W,YPR149W,YDR343C, 
YDR513W,YER150W,YGR248W,YKL026C,YLR327C, 
YMR170C,YMR250W,YNL194C,YNR001C} 

 

Table 7.4: Accession numbers for the 49 genes found in to be grouped together with the 7 

genes of Group B. 

 

7.5 Discussion 
 

Microarray technology is considered an important tool for large scale gene sequence and 

expression analysis, since it allows the monitoring of the expression of thousands of genes 

simultaneously. Nevertheless, microarrays suffer from several sources of errors that affect the 

accuracy and validity of the extracted gene expression levels and, consequently, influence 

biological conclusions. Herein, a robust framework for the analysis of gene expression data 

extracted from cDNA microarray images is presented. The proposed framework aims to: i/ 

provide a complete approach to cDNA microarray image analysis in which the extracted gene 

expression levels are characterized by validity and reliability, and ii/ to answer specific 

biological questions regarding genes with similar expression levels. The latter is 

accomplished by properly introducing the results of a genes’ expression level extraction stage, 

as described in details in Chapter 6, into a robust one-parameter unsupervised learning 

technique (Quantum Clustering). 

Exploiting the benefits of the provided replication in real images, we explored the validity 

and reproducibility of the extracted gene expression levels against Derisi’s et al. original 

results (which were extracted utilizing the Scanalyze software [81]) by measuring the CV of 

replicates in the common reference channel (Cy3). Due to the replication, each spot should 
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have the same intensity throughout the replicated experiments, and therefore, the CV between 

replicated experiments should be minimal (as close as possible to zero). Figure 7.1 shows the 

CV boxplots of the Cy3 channel, as calculated for the 6153 microarray spots (Empty and 

Control spots were excluded from further processing) in the 7 distinct time points for the 

restored intensities, as extracted by the proposed framework and the Derisi’s et al. original 

results. As the findings of the boxplot’s mean values clearly support, the proposed framework 

outperformed the Scanalyze’s [81] results. This is due to the fact that the proposed framework 

is designed to take into account the effect of local spot-image noise in microarray images, 

thus, providing more reliable and valid restored gene expression levels. The latter is also 

supported by the boxplots of Figure 7.2 and the corresponding results of their mean values, in 

which the CV metric for the 14 genes of interest (7 genes belonging to Group A and 7 genes 

belonging to Group B) is depicted. 

In order to comparatively evaluate the proposed framework results against FCM’s and 

SOM’s clustering results, a semi-supervised method, informed by biological knowledge, was 

utilized. The proposed BI  could be characterized as an alternative quantitative method for 

assessing the performance of an unsupervised clustering technique according to specific 

biological criteria. BI  incorporates both the biologist’s knowledge, regarding monitoring the 

expression values of specific genes of interest, and its specific needs in obtaining “accurate” 

and/or “pure” groups of genes with similar expression levels.  

Herein, the genes of interest were the genes of Group A and Group B, which were 

“marked” by Derisi et al. in order to provide answers to specific biological questions. As 

Figures 7.3 to 7.6 indicate, the higher BI  value was obtained by the proposed framework 

both for the genes of Group A and Group B utilizing the restored extracted intensities. The 

latter might be attributed to the fact that the proposed robust framework provides “noiseless” 

genes’ expression levels and adapts a robust one-parameter unsupervised learning technique 

(QC), which has been proven to provide accurate results in cases where the data to be 

clustered forms arbitrary shapes [248] (see Figures 7.7 and 7.8).  

Additionally, it might be interesting to notice that the BI index for both FCM and SOM’s 

remains stable regardless of the input dataset (original or restored expression levels). In 

contrast, the functionality of the QC algorithm is increased only when the inputted expression 

levels originate from a reliable genes’ expression stage (restored expression levels). From the 

latter, it is evident that a robust framework, which proposes a unified approach to the analysis 

of gene expression data extracted from cDNA microarray images, is required in order to 

reveal biologically meaningful groups of genes. 

Regarding the selection of the Gaussian spread σ  for the QC, in the cases where the BI  

index is equal to more than one σ  value, we adopted the criterion set from Bickel et al. 
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[210]. Thus, as best value for σ  we chose the value that provided the maximum number of 

clusters. In our case, for the genes of Group A, we selected σ  equal to 1.1 ( 1.1σ = ), which 

provided us with 39 distinct clusters. For the genes of Group B, the selection of σ  was 

obvious ( 0.3σ = ), since it provided the highest BI  values.  

Since for the genes of Group B the proposed framework provided a highly “accurate” but 

also pure group, we further evaluated the biological similarity of the 49 genes, grouped 

together utilizing Fatigo+ web cluster interpreter [253]. The cellular component results of 

Fatigo+ revealed that the 49 genes were functionally related using Gene Ontology (GO) [254] 

terms and were found to belong to the cell part (p=100% percentage). Regarding biological 

process results, Fatigo+ characterized 35 out of 45 genes, as participating in the cellular 

metabolic process (p=89.74%), and 27 out of the 49 genes, as participating in the primary 

metabolic process (p=69.23%). The accession numbers of those 49 genes are provided in 

Table 7.4. 

 

7.6 Conclusion 
 

The findings of this thesis revealed that by adapting the adjustable spot image restoration 

with Quantum Clustering, robust extraction of biologically meaningful groups of genes is 

feasible. Additionally, a Biological Index, which renders the biologist’s knowledge into a 

quantitative method, is introduced for assessing the performance of gene expression data 

extracted from cDNA microarray images. 
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CHAPTER 8  

A COMPARATIVE STUDY OF INDIVIDUAL AND 

ENSEMBLE MAJORITY VOTE MICROARRAY 

IMAGE SEGMENTATION SCHEMES 

 

8.1Abstract 
 

This chapter introduces a comparatively evaluation of the performances of various 

segmentation algorithms, in conjunction with a noise reduction step, for the extraction of gene 

expression levels in cDNA microarray images. Different segmentation algorithms, based on 

histogram and unsupervised classification methods, which have never been previously 

employed in microarray image analysis, were employed either individually or in ensemble 

majority vote structures for separating spot-images from background pixels. The 

performances of segmentation algorithms or ensemble structures were evaluated by assessing 

the validity and reproducibility of gene expression levels extraction in both simulated and real 

cDNA microarray images. By processing high quality simulated images, the highest 

segmentation accuracy was achieved by an ensemble structure (Histogram Concavity, 

Gaussian Kernelized Fuzzy-C-Means, SRG). Optimum performance in terms of processing 

time and segmentation precision for low quality simulated and replicated real cDNA 

microarray images was attained by the Histogram Concavity algorithm.  

 

8.2 Introduction 
 

Notwithstanding, the fairly common low quality of microarrays [18] renders the task of 

microarray segmentation challenging and, thus, the need arises to investigate the performance 

of various segmentation approaches, especially in cases where microarray image quality is 

low. To this end, several approaches for the demanding task of microarray segmentation have 

been proposed [255-260]. Among them, histogram based segmentation techniques and 

unsupervised classification techniques have been proven to provide higher reproducibility in 

the extracted intensities for images characterized as highly noisy [18, 23]. Those techniques, 

however, have not examined whether, if preceded by a noise reduction step (adjustable spot-
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image restoration [77]), might lead to more accurate spot segmentation and to a further 

improvement of the reproducibility of the extracted gene expression levels.  

This chapter presents the research work towards a thorough investigation of the 

performance of various cDNA microarray image segmentation techniques, originating from 

an adjustable spot-image restoration framework, for improving spot segmentation and 

subsequently genes quantification. 

 

8.3 Methods 
 

Prior to spots segmentation stage, a common noise reduction step, through the spots 

restoration stage, was employed (see Section 8.3.1). Subsequently, restored images were 

segmented utilizing various segmentation techniques (see Section 8.3.2) in order to provide 

genes expression levels through a spot-image intensity extraction stage (see Section 8.3.3). A 

flowchart of the steps followed, in order to extract spots intensities using the proposed 

methodology, is presented in Figure 8.1.  

 
Figure 8.1: Flowchart illustrating the basic stages of the proposed methodology. 
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8.3.1 Spot-images restoration stage 
 

In order to take into account the effect of noise in cDNA microarray images and, thus, 

facilitate segmentation, a robust framework of image processing and analysis techniques [77] 

was utilized. Accordingly, the framework comprised the following stages: 1/ gridding, for 

facilitating spot identification, 2/ clustering (unsupervised discrimination between spot and 

background pixels), applied to spot-image for automatic local noise assessment, and 3/ 

modeling of local image restoration process, for spot-image conditioning. Details of the 

employed framework [77] are provided in Chapter 6. 

 

8.3.2 Spot-images segmentation stage 
 

Individual restored cDNA microarray spot-images were segmented utilizing various 

segmentation techniques either individually or in a majority vote ensemble scheme. 

 

8.3.2.1 Histogram Moments (HM) 
 

Given a spot-image f  with  pixels, the HM technique, for a 2 class problem, searches 

for an appropriate threshold value, which separates 

n

f  into two pixel classes: i/ the spot-

image signal class and ii/ the spot-image background class.  

Initially, the spot-image i  moment is calculated from the spot-image th− f  histogram as:  

 

1, 2,3,...
1 ( ) ,           i

i j j
j

im n h
n

== ∑    (8.1) 

 

where jn  is the total number of pixels in f  with gray value jh . 

Considering that image f  is a blurred version of an ideal bilevel image g , which consists 

of pixels with only 2 gray values  and  (0h 1h 0h h1< ), then the histogram moment 

thresholding technique searches for a threshold value t , such that if all pixel gray values of 

the spot-image signal class are replaced by gray value  and all pixel gray values of the spot-

image background class are replaced by gray value , then the first three moments (taking as 

) of image 

0h

1h

0 1m = f  are preserved in the resulting bilevel image g  [261].  
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Accordingly, if  and  are the fractions of the pixels belonging to the spot-image 

signal and background classes respectively, the threshold value  is calculated as the closest 

value to the -tile of the histogram of 

0p 1p

t

0p f  defined as:  

 

1
j

o j
h t

p n
n ≤

= ∑      (8.2) 

 

where, the values of  and  are obtained as the solution of Equations: 0p 1p

 

1 1op p+ =       (8.3) 

and 

,          1,2,3i i im m =′ =     (8.4) 

 

8.3.2.2 Histogram Entropy (HE) 
 

Given a spot-image f , the probability distribution of its gray-levels can be defined as 

. In order to separate the spot-image signal from the spot-image background, this 

probability distribution is appropriately modified to derive two distinct probability 

distributions: one for the pixels belonging to the spot-image region (defined for discrete 

values from 1 to 

1 2, , ..., np p p

s ) and one for the pixels of spot-image background (defined for discrete 

values from 1s +  to n ) defined as: 

 

1 2: , ,..., s

s s s

pp pSignal
p p p

    (8.5) 

and 

1 2: , ,...,
1 1 1

s s n

s s s

p p pBackground
p p
+ +

p− − −
   (8.6) 

 

Accordingly, the entropies associated with each distribution are defined as: 

 

( )
1

ln
s

i

i

i

s s

p pH Signal
p p=

= − ⋅∑    (8.7) 

and 
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( )
1

ln
1 1

n
i

i s

i

s s

p pH Background
p p= +

= −
− −∑    (8.8) 

 

The appropriate threshold value t , that separates the spot-image signal region from the 

spot- image background region, is then calculated as the gray-level value, which maximizes 

the quantity [261]:  

 

( ) ( ){ }arg maxt H Signal H Background= +   (8.9) 

 

8.3.2.3 Histogram Concavity (HC) 
 

Given a spot-image f  and by defining the spot-image histogram H  over a set of gray-

levels 0 1 1, , ..., tg g g − , the height of the histogram may be obtained at these gray-levels as 

, where 0 1 1( ), ( ), ..., ( )th g h g h g − ( ) 0ih g ≠  for all i . Then H  might be regarded as a two-

dimensional region from which its convex hull H  might be constructed and, thus, a threshold 

value  might be determined by the histogram’s concavities. Accordingly, possible threshold 

values are those gray-values at which the difference 

t

( ) ( )ih g h g− i  (where ( )ih g  is the height 

H  and is the height of ( )ih g H  at gray level ig ) has local maxima [261]. In order to 

eliminate spurious concavities, which are attributed as “noisy” histogram’s spikes, a balance 

measure is introduced [262]: 

 

( ) ( )
1 1

0

t t

i

g g

i
j g j g

E h j h j
− −

= =

⎧ ⎫⎧ ⎫⎪ ⎪⎪ ⎪= ⎨ ⎬⎨ ⎬
⎪ ⎪⎪ ⎪⎩ ⎭⎩
∑ ∑

⎭
   (8.10) 

 

where  measures the balance of the histogram about the gray level iE ig . Thus, maxima of 

h h− , when the value of  is small, are attributed as spurious maxima and, consequently, are 

ignored. 

E

 

8.3.2.4 Seeded Region Growing  
 

Given a spot-image f , the SRG algorithm separates the spot-image signal region from the 

spot-image background region by iteratively growing contiguous signal pixel regions that 

differ statistically from the background region [77]. Providing a set of predefined seed points 
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as starting points for the segmentation, the algorithm iteratively grows those pixel regions by 

including the most homogenous pixels from the neighborhood to the segmented regions [66, 

235]. In our approach, the initial seed point at each spot-image was predefined at the spots’ 

restoration stage through the clustering step (the clustering step resulted in 2 regions: i/spot-

image signal region and ii/spot-image background region. As initial seed the centroid of the 

spot-image signal region was utilized). This iterative procedure of growing pixel regions 

within each spot-image continued until all pixels of the spot-image were assigned to either the 

spot-image signal region or its background. The SRG technique is described in details in 

Section 6.3.4 

 

8.3.2.5 Gaussian-Kernelized Fuzzy-C-Means  
 

Given a spot-image f , the Gaussian-Kernelized Fuzzy C-Means (GK-FCM) unsupervised 

classification algorithm [263] was employed to discriminate the spot-image signal pixels from 

pixels belonging to surrounding background. The GK-FCM, based on a random initialization 

process, searches iteratively for cluster centers (centroids) that minimized the dissimilarity 

function:  

 

,
, 2

1 1 1

( , )
2 1 exp

M M N
i j j im

i i j
i i j

d x c
J J u

σ= = =

⎛ −⎛ ⎞
= = ⋅ −⎜ ⎟⎜ ⎟

⎝ ⎠⎝ ⎠
∑ ∑∑

⎞
  (8.11) 

 

where , 1, 2, ...,jx j = N  are the pixels of the spot-image,  are the cluster 

centers,  is the Euclidean distance between centroid  and data point 

, 1, 2, ...,ic i M=

,i jd ic jx , σ  is the spread 

of the Gaussian Kernel ( 0.5σ = ),  is the element of a fuzzy membership function matrix 

 with values  , and  is a weighting component (

,i ju

,i jU u= ⎡ ⎤⎣ ⎦ ,0 1i ju≤ ≤ m 2m = ). The output of 

the iterative procedure is two clusters containing the pixels belonging to spot-image signal 

region and spot-image background-region. 

 

8.3.2.6 Majority Vote ensemble segmentation scheme 
 

133 

 

In order to explore whether the performance of individual segmentation techniques is 

increased when combined in an ensemble segmentation scheme, the majority vote rule was 

utilized [264]. The majority vote scheme goes with the decision when there is a consensus for 

it or at least more than half of the individual segmentation techniques agree on it. 



Consequently, segmentation outputs from each technique were appropriately modified (pixels 

belonging to the spot-image signal region were labeled 1 while pixels belonging to the spot-

image background region were labeled 0) and were combined to form the final segmentation 

decision that satisfies: 

 

( ) ( ),
1

R

r r i
i

G X d X
=

= ∑      (8.12) 

 

where  is the class, r X  is the unknown spot-image pixel, 1, 2, ...,i R=  is the odd number 

of segmentation techniques involved in the majority vote scheme,  is the binary decision 

value 

,r id

{ }0,1 , 0 corresponds to spot-image background class and 1 to spot-image signal class. 

For a two class problem, if ( ) ( )1 2G X G X> , the unknown pixel X  is classified to class 1 

(signal), otherwise X  is classified to class 2 (background). 

 

8.3.3 Spot-images intensity extraction stage 
 

In order to extract spots relative intensities, spot-image signal regions, as characterized 

either by individual segmentation techniques or by the ensemble majority vote segmentation 

scheme, were referred to the original spot-images, since intensities in the processed spots-

images were altered by the restoration process. Subsequently, all extracted intensities were 

normalized using global normalization [152]. 

 

8.4 Material 
 

Individual and ensemble segmentation schemes performances were evaluated employing 

both simulated (in terms of validity) and real cDNA (in terms of reproducibility) microarray 

images.  

 

8.4.1 Simulated cDNA images 
 

In each simulated image (details regarding simulated images are provided in Section 5.1 

Dataset 2), pixels were pre-assigned as belonging to spot-image signal region or background. 

Thus, the pixel-based segmentation accuracy of individual and ensemble segmentation 

schemes, in terms of validity, was assessed employing the  metric defined as [239]:  PE
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PE = P(O)× P(B | O) + P(B)× P(O | B)   (8.13) 
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)where  is the probability of error in classifying objects as background,  

is the probability of error in classifying background as objects, 

( |P B O ( )|P O B

( )P O  and  are a priori 

probabilities of objects and background in spot-images. For our case, the signal region of the 

spot-image is considered to be the object that must be discriminated from its background. 

( )P B

 

8.4.2 Real cDNA images 
 

A publicly available dataset [230] was employed, comprising 5 replicated real cDNA 

microarrays images (each one containing 12288 spots). Further details are provided in Section 

5.2 Dataset 2. Due to the replication process, each spot should have the same gene expression 

ratio and, thus, the performances of individual and ensemble segmentation schemes, in terms 

of reproducibility, were accessed through the pairwise MAE between the replicated images 

(altogether 10 pairwise MAE values) [18]. 

 

8.5 Results 
 

Regarding the majority vote ensemble classification scheme, all possible combinations for 

the available segmentation techniques were evaluated. Boxplots of Figures 8.2 and Figure 8.3 

illustrate the segmentation accuracy for the high quality simulated images, employing the PE 

segmentation metric (as described in Section 8.4.1) for the red and green channels.  

 

 

 

 

 

 

 

 

 

 



 
Figure 8.2: Boxplots illustrating the PE segmentation metric for the red channel of the 

high quality simulated images as obtained by individual and ensemble majority vote 

segmentation schemes. Obelisks are PE values characterized as outliers. 

 

 
Figure 8.3: PE segmentation metric boxplots for the green channel of the high quality 

simulated images as obtained by individual and ensemble majority vote segmentation 

schemes. Obelisks are PE values characterized as outliers. 
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Table 8.1 provides the mean values of the PE boxplots of Figures 8.2 and 8.3 in terms of 

intensities, for the evaluated 50 high quality simulated images for both channels (red and 

green).  

 

HIGH 
QUALIT

Y 
HM HC HE SRG GKFC

M 

HM 
GKFCM 

SRG 

HC 
GKFCM 

SRG 

HE 
GKFCM 

SRG 

HM 
HC 
HE 

HM 
HC 
HE 

SRG 
GKFCM 

Red 
Channel 0.076 0.067 0.277 0.044 0.246 0.031 0.030 0.032 0.080 0.053 

Green 
Channel 0.072 0.064 0.275 0.040 0.245 0.027 0.026 0.028 0.076 0.050 

 

Table 8.1: Mean values (in terms of intensity) of the PE segmentation metric for both 

channels of high quality simulated images as obtained by the boxplots of Figure 8.1 and 

Figure 8.2.  

 

Boxplots of Figure 8.4 and Figure 8.5 depict the segmentation accuracy for the low quality 

simulated images, as calculated by the PE segmentation metric for the intensities extracted 

from both channels.  

 

 
Figure 8.4: Boxplots illustrating the PE segmentation metric for the red channel of the 

low quality simulated images as obtained by individual and ensemble majority vote 

segmentation schemes. Obelisks are PE values characterized as outliers. 
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Figure 8.5: PE segmentation metric boxplots for the green channel of the high quality 

simulated images as obtained by individual and ensemble majority vote segmentation 

schemes. Obelisks are PE values characterized as outliers. 

 

Table 8.2 summarizes the mean values of the PE boxplots (Figures 8.4 and 8.5), in terms 

of intensity, for the evaluated 50 low quality simulated microarray images.  

 

LOW 
QUALITY HM HC HE SRG GKFC

M 

HM 
GKFCM 

SRG 

HC 
GKFCM 

SRG 

HE 
GKFCM 

SRG 

HM 
HC 
HE 

HM 
HC 
HE 

SRG 
GKFCM 

Red 
Channel 0.302 0.110 0.287 0.208 0.283 0.153 0.151 0.155 0.243 0.139 

Green 
Channel 0.300 0.107 0.285 0.207 0.282 0.150 0.149 0.152 0.241 0.135 

 

Table 8.2: Mean values (in terms of intensity) of the PE segmentation metric for both 

channels of low quality simulated images as obtained by the boxplots of Figure 8.4 and 

Figure 8.5.  
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Figure 8.6 illustrates the M-A plots for the segmentation methods employed in the present 

study (Fig.8.6 (a-j)), considering a randomly selected simulated microarray image.  

 

 
(a) 

 
(b) 

 
(c) 

 
(d) 

 
(e) 

 
(f) 
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(g) 

 
(h) 

 
(i) 

 
(j) 

 

Figure 8.6: M-A plots for a randomly selected simulated image employing the HM (a), HC 

(b), HE (c), SRG (d), GKFCM (e), HM-GKFCM-SRG (f), HC-GKFCM-SRG (g), HE-

GKFCM-SRG (h), HM-HC-HE (i), and HM-HC-HE-GKFCM-SRG (j) segmentation 

techniques. 

 

Figure 8.7 shows one low quality spot-image and corresponding binary segmented images 

(Fig.8.7(a-k)). 
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(a) 

 
(b) 

 
(c) 

 
(d) 

 
(e) 

 
(f) 

 
(g) 

 
(h) 

 
(i) 

 
(j) 

 
(k) 

Figure 8.7: A randomly selected simulated spot-image (a) and its corresponding binary 

form employing the HM (b), HC (c), HE (d), SRG (e), GKFCM (f), HM-GKFCM-SRG (g), 

HC-GKFCM-SRG (h), HE-GKFCM-SRG (i), HM-HC-HE (j), and HM-HC-HE -GKFCM-

SRG (k) segmentation techniques.  
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Regarding real cDNA microarray images, Figure 8.8 shows the calculated pairwise MAE 

between the extracted expression ratios of all possible pairs (as described in Section 8.4.2) for 

the dataset of the 5 replicated images.  

 

 
Figure 8.8: Boxplots depicts the pairwise MAE between all replicates (totally 10 MAE 

values from which the mean value for each spot is illustrated here). Obelisks are MAE 

values characterized as outliers. 

 

Table 8.3 provides the mean values of the pairwise MAE (Figure 8.8), as they were 

calculated for the extracted expression levels of the 5 replicated images. 

 

 HM HC HE SRG GKFC
M 

HM 
GKFCM 

SRG 

HC 
GKFCM 

SRG 

HE 
GKFCM 

SRG 

HM 
HC 
HE 

HM 
HC 
HE 

SRG 
GKFCM 

Replicated 
Expression 

Levels 
0.167 0.153 0.171 0.174 0.431 0.180 0.177 0.190 0.162 0.173 

 

Table 8.3: Mean values (in terms of extracted intensities ratio) of the calculated 10 

pairwise MAE for the 5 replicated experiments. 
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Similarly to Figures 8.6 and 8.7, Figures 8.9(a-j) and 8.10(a-k) illustrate M-A plots and 

single spot-image segmentation results, but this time considering real microarray images.  

 

 
(a) 

 
(b) 

 
(c) 

 
(d) 

 
(e) 

 
(f) 
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(g) 

 
(h) 

 
(i) 

 
(j) 

 

Figure 8.9: M-A plots for a randomly selected real cDNA microarray image employing 

the HM (a), HC (b), HE (c), SRG (d), GKFCM (e), HM-GKFCM-SRG (f), HC-GKFCM-

SRG (g), HE-GKFCM-SRG (h), HM-HC-HE (i), and HM-HC-HE-GKFCM-SRG (j) 

segmentation techniques. 
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(a) 

 
(b) 

 
(c) 

 
(d) 

 
(e) 

 
(f) 

 
(g) 

 
(h) 

 
(i) 

 
(j) 

 
(k) 

Figure 8.10: A randomly selected real cDNA microarray spot-image (Fig.8.10a) and its 

corresponding segmentation result employing the HM (Fig 8.10b), HC (Fig.8.10c), HE 

(Fig.8.10d), SRG (Fig.8.10e), GKFCM (Fig.8.10f), HM-GKFCM-SRG (Fig.8.10g), HC-

GKFCM-SRG (Fig.8.10h), HE-GKFCM-SRG (Fig.8.10i), HM-HC-HE (Fig.8.10j), and 

HM-HC-HE-GKFCM-SRG (Fig.8.10k) techniques. 
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8.6 Discussion 
 

Notwithstanding, as the results of chapter 6 have revealed when noise reduction is applied 

locally on each spot-image, prior to the segmentation stage, the results of the segmentation 

stage are improved. Thus, in this chapter, the performances of various segmentation 

algorithms were explored, either on individual or ensemble majority vote schemes, in 

conjunction with a noise reduction step, which was based on the adjustable spot-image 

restoration framework described in Chapter 6.  

Since performance evaluation of microarray image segmentation algorithms is not a 

straightforward task to consider in real microarray images [18], a dataset of 100 simulated 

images was employed. In each one of these simulated images, the a priori knowledge of spot-

image signal and background regions allowed for the assessment of the segmentation 

accuracy through the Probability of Error segmentation metric. Moreover, the variability of 

the simulated images (50 images of high and 50 of low quality) rendered the possibility to 

demonstrate the sensitivity of the evaluated segmentation schemes (individual and ensemble) 

plausible.  

As expected, the performances of the segmentation algorithms on good quality images 

were higher as compared to those on low quality images. This is clearly supported by the 

obtained segmentation accuracies, as they are depicted on Tables 8.1 and 8.2. Accuracies for 

both individual and ensemble segmentation schemes were reduced as the quality of the 

images was degraded. 

Regarding high quality simulated images, the highest segmentation accuracy in terms of 

mean Probability of Error, for both red and green channels, was achieved by the ensemble 

majority scheme, in which the thresholding based on Histogram’s Concavity, the Gaussian 

Kernelized Fuzzy-C-Means, and the Seeded Region Growing techniques participated (mean 

PE was found 0.030 and 0.026 for the red and green channel respectively) (HC-GKFCM-

SRG). This might be attributed to the diverse theoretical framework of each segmentation 

algorithm. Complementary information of individual segmentation techniques was exploited 

by the ensemble majority vote scheme and, thus, the segmentation accuracy improved.  

Regarding low quality simulated images, the highest segmentation accuracy was achieved 

by the thresholding technique, which is based on the histogram concavity (the mean PE was 

found 0.110 and 0.107 for the red and green channels respectively) (HC). This might be 

attributed to the fact that HC determines the threshold value, which separates the spot-image 

signal region from its background by analyzing the concavity of the histogram. The latter, 

provides a good threshold value in cases where the histogram of a spot-image is not well 



147 

 

separated (i.e. in the ideal case the histogram of a spot-image forms a valley between the spot-

image’s signal and background regions) and this is usually observed in highly degraded spot-

images. 

Regarding real microarray images, the actual spot-image boundaries and, thus, the spots 

intensity levels were not available. Therefore, an alternative method, in terms of reproducible 

gene expression levels, should be selected for assessing the performances of individual and 

ensemble majority vote schemes. Accordingly, a properly designed dataset of 5 replicated real 

cDNA microarray images was employed [18]. Due to the replication, each spot should have 

the same intensity ratio throughout the replicated experiments, and therefore the “sameness” 

of the replicates could be assessed by utilizing the pairwise MAE (totally 10 pairwise MAE 

values). Figure 8.8 illustrates the boxplots of MAE as they were calculated for the spots 

extracted intensities ratios of the 5 replicated images and Table 8.3 depicts the mean values of 

those boxplots. The lowest MAE value, in terms of extracted intensities ratios, was achieved 

by the HC technique (mean MAE was found 0.153). Lower MAE values are indicative of 

higher segmentation performances and, thus, of more accurate extraction of gene expression 

levels. Since real cDNA microarrays are characterized by a fairly common low quality, those 

results are in line with the results obtained by the HC technique on the low quality simulated 

microarray images.  

Additionally, it might be interesting to notice that for both simulated and real microarray 

images the performance of the GK-FCM algorithm, in terms of validity (simulated images) 

and reproducibility (real images), is relative low when compared with results obtained by the 

rest of the evaluated techniques. This might be attributed to the GK-FCM’s random 

initialization, which causes variations in the segmentation results each time segmentation of 

the same spot-image is performed.  

Regarding spots intensity extraction, for a 6000x2160, 16-bit cDNA image containing 

12288 spots, the processing times were 490, 561, 1246, 726 and 1960 seconds for the 

individual segmentation techniques, for the HM, HC, HE, SRG and GK-FCM techniques, 

respectively. Similarly, for each combination of the ensemble majority vote segmentation 

scheme, the processing times were 2882, 1435, 2449, 2039 and 3165 seconds for the HM-

GKFCM-SRG, HC-GKFCM-SRG, HE-GKFCM-SRG, HM-HC-HE and HM-HC-HE-

GKFCM-SRG, respectively. This might seem lengthy, however, it must be stressed that the 

code has not yet been optimized for speed.  
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8.7 Conclusion 
 

As the results of this study indicate, the performances of microarray segmentation 

techniques are strongly depended on the quality of the cDNA images to be processed. In cases 

where the quality of cDNA images is high (simulated images), the utilization of an ensemble 

majority vote segmentation scheme (HC-GKFCM-SRG) seems to provide the highest 

segmentation accuracy. However, in cases where the image quality is degraded, which is 

usually observed in real world experiments, the selection of a histogram based technique 

(such as HC) proved to provide reliable and reproducible results in reasonable processing 

time. 

 

 



CHAPTER 9  

FUTURE PERSPECTIVES 

 
Microarray technology might be characterized as in a rapid evolution since its being 

constantly adopted by more and more researchers. Microarrays experimental procedure has 

been dramatically improved and with the chip prices being continuously reduced researchers 

use microarrays more frequently, and in greater number. Additionally, the great amount of 

information regarding genes, genomes and sequenced organisms that might be found, 

nowadays, in public databases renders microarray technology a powerful tool for a wide 

range of medical, biological and pharmaceutical applications.  

Within this thesis various issues regarding the processing and “noiseless” analysis of 

microarrays has been addressed. Nevertheless, a major issue raised in most of the microarray 

studies is the biological validity of the analysis results. Thus, an interesting extension of this 

thesis would be the low-level biologically investigation of the clusters that the proposed 

methodology yield in order to possible get a mapping of genes that belong to distinct 

functional subcategories. Additionally, since it is well-known that genes are co-expressed 

with different groups of genes and each group is controlled by a distinct regulatory 

mechanism (in response to different environmental conditions of the cell) an interesting 

extension of this thesis would be to uncover the characteristic features of each cluster. 

Accordingly, the conditions under which similarly expressed genes are grouped might be 

found and hidden relationships between gene and experimental conditions might be revealed. 

Another interesting extension of this thesis would be the development of a public available 

software for the demanding task of microarray image processing and data analysis. Based on 

the methodologies and techniques developed and utilized in this thesis (in custom made 

Matlab source code) a fully automatic methodology for the extraction of biologically 

meaningful conclusions from the genes expression levels might be proposed. Moreover, with 

the large amount of metabolic pathway and gene ontology information available in various 

databases a future direction of this thesis would be the inclusion of as much relevant 

information as possible in order to facilitate the biological decision making in microarray 

experiments (e.g. deciding genes relevant to phenotypic changes). 

Last but not least, a future perspective of this thesis would be the integration of data from 

multiple experiments and multiple technologies that are nowadays available e.g. proteomics, 

metabolomics etc. in order to reveal cross-experimental relations and global patterns between 
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genes and samples. In this way we aim to assist biologists and bioinformaticians to develop in 

a global understanding of the “hidden” mechanisms that control various diseases and, thus, 

increase the accuracy of prognosis and facilitate the treatment.  

 

 



151 

 

REFERENCES 

 

1. International Human Genome Sequencing Consortium, Finishing the euchromatic 
sequence of the human genome. Nature, 2004. 431(7011): p. 931-45. 

2. Eisen, M.B., P.T. Spellman, P.O. Brown, and D. Botstein, Cluster analysis and 
display of genome-wide expression patterns. Proc Natl Acad Sci U S A, 1998. 95(25): 
p. 14863-8. 

3. Slonim, D.K., From patterns to pathways: gene expression data analysis comes of 
age. Nat Genet, 2002. 32 Suppl: p. 502-8. 

4. Su, A.I., T. Wiltshire, S. Batalov, H. Lapp, K.A. Ching, D. Block, J. Zhang, R. 
Soden, M. Hayakawa, G. Kreiman, M.P. Cooke, J.R. Walker, and J.B. Hogenesch, A 
gene atlas of the mouse and human protein-encoding transcriptomes. Proc Natl Acad 
Sci U S A, 2004. 101(16): p. 6062-7. 

5. Barry, C.E., 3rd, M. Wilson, R. Lee, and G.K. Schoolnik, DNA microarrays and 
combinatorial chemical libraries: tools for the drug discovery pipeline. Int J Tuberc 
Lung Dis, 2000. 4(12 Suppl 2): p. S189-93. 

6. Debouck, C. and P.N. Goodfellow, DNA microarrays in drug discovery and 
development. Nat Genet, 1999. 21(1 Suppl): p. 48-50. 

7. Southern, E.M., Detection of specific sequences among DNA fragments separated by 
gel electrophoresis. J Mol Biol, 1975. 98(3): p. 503-17. 

8. Pease, A.C., D. Solas, E.J. Sullivan, M.T. Cronin, C.P. Holmes, and S.P. Fodor, 
Light-generated oligonucleotide arrays for rapid DNA sequence analysis. Proc Natl 
Acad Sci U S A, 1994. 91(11): p. 5022-6. 

9. Schena, M., D. Shalon, R.W. Davis, and P.O. Brown, Quantitative monitoring of 
gene expression patterns with a complementary DNA microarray. Science, 1995. 
270(5235): p. 467-70. 

10. Bottinger, E.P., W. Ju, and J. Zavadil, Applications for microarrays in renal biology 
and medicine. Exp Nephrol, 2002. 10(2): p. 93-101. 

11. Striebel, H.M., E. Birch-Hirschfeld, R. Egerer, and Z. Foldes-Papp, Virus diagnostics 
on microarrays. Curr Pharm Biotechnol, 2003. 4(6): p. 401-15. 

12. Watanabe, A., R. Cornelison, and G. Hostetter, Tissue microarrays: applications in 
genomic research. Expert Rev Mol Diagn, 2005. 5(2): p. 171-81. 

13. Mukherjee, S., T.J. Belbin, D.C. Spray, A. Mukhopadhyay, F. Nagajyothi, L.M. 
Weiss, and H.B. Tanowitz, Microarray technology in the investigation of diseases of 
myocardium with special reference to infection. Front Biosci, 2006. 11: p. 1802-13. 

14. Karssen, A.M., J.Z. Li, S. Her, P.D. Patel, F. Meng, S.J. Evans, M.P. Vawter, H. 
Tomita, P.V. Choudary, W.E. Bunney, Jr., E.G. Jones, S.J. Watson, H. Akil, R.M. 
Myers, A.F. Schatzberg, and D.M. Lyons, Application of microarray technology in 
primate behavioral neuroscience research. Methods, 2006. 

15. Hoheisel, J.D., Microarray technology: beyond transcript profiling and genotype 
analysis. Nat Rev Genet, 2006. 7(3): p. 200-10. 

16. Gabriele, L., F. Moretti, M.A. Pierotti, F.M. Marincola, R. Foa, and F. Belardelli, The 
use of microarray technologies in clinical oncology. J Transl Med, 2006. 4(1): p. 8. 

17. Nykter, M., T. Aho, M. Ahdesmaki, P. Ruusuvuori, A. Lehmussola, and O. Yli-Harja, 
Simulation of microarray data with realistic characteristics. BMC Bioinformatics, 
2006. 7: p. 349. 

18. Lehmussola, A., P. Ruusuvuori, and O. Yli-Harja, Evaluating the performance of 
microarray segmentation algorithms. Bioinformatics, 2006. 22(23): p. 2910-7. 

19. Qin, L., L. Rueda, A. Ali, and A. Ngom, Spot detection and image segmentation in 
DNA microarray data. Appl Bioinformatics, 2005. 4(1): p. 1-11. 

20. Li, Q., C. Fraley, R.E. Bumgarner, K.Y. Yeung, and A.E. Raftery, Donuts, scratches 
and blanks: robust model-based segmentation of microarray images. Bioinformatics, 
2005: p. bti447. 



152 

 

21. Lonardi, S. and Y. Luo, Gridding and compression of microarray images. Proc IEEE 
Comput Syst Bioinform Conf, 2004: p. 122-30. 

22. Katzer, M., F. Kummert, and G. Sagerer, Methods for automatic microarray image 
segmentation. IEEE Trans Nanobioscience, 2003. 2(4): p. 202-14. 

23. Ahmed, A.A., M. Vias, N.G. Iyer, C. Caldas, and J.D. Brenton, Microarray 
segmentation methods significantly influence data precision. Nucleic Acids Res, 
2004. 32(5): p. e50. 

24. Wang, X.H., R.S. Istepanian, and Y.H. Song, Microarray image enhancement by 
denoising using stationary wavelet transform. IEEE Trans Nanobioscience, 2003. 
2(4): p. 184-9. 

25. Lukac, R., K.N. Plataniotis, B. Smolka, and A.N. Venetsanopoulos, cDNA 
Microarray Image Processing Using Fuzzy Vector Filtering Framework. Journal of 
Fuzzy Sets and Systems: Special Issue on Fuzzy Sets and Systems in Bioinformatics, 
2005. 

26. Mastriani, M. and A.E. Giraldez, Microarrays Denoising via Smoothing of 
Coefficients in Wavelet Domain. International Journal of Biomedical Sciences, 2006. 
1(1): p. 1306-1216. 

27. Lukac, R. and B. Smolka, Application of the adaptive center-weighted vector median 
framework for the enhancement of cDNA microarray. Int. J. Appl. Math. Comput. 
Sci., , 2003. 13(3): p. 369–383. 

28. Fraley, C. and A.E. Raftery, Model-based clustering, discriminant analysis, and 
density estimation. J. Am. Stat. Assoc, 2002. 97: p. 611–631. 

29. Medvedovic, M. and S. Sivaganesan, Bayesian infinite mixture model based 
clustering of gene expression profiles. Bioinformatics, 2002. 18: p. 1194–1206. 

30. McLachlan, G.J., R.W. Bean, and D. Peel, A mixture model-based approach to the 
clustering of microarray expression data. Bioinformatics, 2002. 18(3): p. 413-22. 

31. Medvedovic, M., K.Y. Yeung, and R.E. Bumgarner, Bayesian mixture model based 
clustering of replicated microarray data. Bioinformatics, 2004. 20(8): p. 1222-32. 

32. Tseng, G.C. and W.H. Wong, Tight clustering: a resampling-based approach for 
identifying stable and tight patterns in data. Biometrics, 2005. 61(1): p. 10-6. 

33. Famili, A.F., G. Liu, and Z. Liu, Evaluation and optimization of clustering in gene 
expression data analysis. Bioinformatics, 2004. 20(10): p. 1535-45. 

34. Lodish, H.F., Molecular cell biology. 6th ed. 2008, New York: W.H. Freeman. 1 v. 
(various pagings). 

35. Bolsover, S.R., Cell biology : a short course. 2nd ed. 2004, Hoboken, N.J.: John 
Wiley & Sons. xx, 531 p. 

36. Rangarajan, D. and D. Shaw, Cell and molecular biology. One stop doc. 2004, 
London: Arnold. 152 p. 

37. Wolfe, S.L., Biology of the cell. 1972, Belmont, Calif.: Wadsworth Pub. Co. 545 p. 
38. Crick, F., Central dogma of molecular biology. Nature, 1970. 227(5258): p. 561-3. 
39. Duggan, D.J., M. Bittner, Y. Chen, P. Meltzer, and J.M. Trent, Expression profiling 

using cDNA microarrays. Nat Genet, 1999. 21(1 Suppl): p. 10-4. 
40. Lou, X.J., M. Schena, F.T. Horrigan, R.M. Lawn, and R.W. Davis, Expression 

monitoring using cDNA microarrays. A general protocol. Methods Mol Biol, 2001. 
175: p. 323-40. 

41. Mark Schena, Microarray Biochip Technology. 1st ed. 2000: Eaton Publishing 
Company. 

42. Stekel, D., Microarray Bioinformatics, ed. C.U. Press. 2003. 
43. Schena, M., Microarray analysis. 2003, Hoboken, NJ: Wiley-Liss. xiv, 630 p., [16] p. 

of plates. 
44. Lockhart, D.J., H. Dong, M.C. Byrne, M.T. Follettie, M.V. Gallo, M.S. Chee, M. 

Mittmann, C. Wang, M. Kobayashi, H. Horton, and E.L. Brown, Expression 
monitoring by hybridization to high-density oligonucleotide arrays. Nat Biotechnol, 
1996. 14(13): p. 1675-80. 



153 

 

45. Irizarry, R.A., B.M. Bolstad, F. Collin, L.M. Cope, B. Hobbs, and T.P. Speed, 
Summaries of Affymetrix GeneChip probe level data. Nucleic Acids Res, 2003. 31(4): 
p. e15. 

46. Hughes, T.R., M. Mao, A.R. Jones, J. Burchard, M.J. Marton, K.W. Shannon, S.M. 
Lefkowitz, M. Ziman, J.M. Schelter, M.R. Meyer, S. Kobayashi, C. Davis, H. Dai, 
Y.D. He, S.B. Stephaniants, G. Cavet, W.L. Walker, A. West, E. Coffey, D.D. 
Shoemaker, R. Stoughton, A.P. Blanchard, S.H. Friend, and P.S. Linsley, Expression 
profiling using microarrays fabricated by an ink-jet oligonucleotide synthesizer. Nat 
Biotechnol, 2001. 19(4): p. 342-7. 

47. Comander, J., S. Natarajan, M.A. Gimbrone, Jr., and G. Garcia-Cardena, Improving 
the statistical detection of regulated genes from microarray data using intensity-
based variance estimation. BMC Genomics, 2004. 5(1): p. 17. 

48. Lemon, W.J., S. Liyanarachchi, and M. You, A high performance test of differential 
gene expression for oligonucleotide arrays. Genome Biol, 2003. 4(10): p. R67. 

49. Li, C. and W. Hung Wong, Model-based analysis of oligonucleotide arrays: model 
validation, design issues and standard error application. Genome Biol, 2001. 2(8): p. 
RESEARCH0032. 

50. Brown, C.S., P.C. Goodwin, and P.K. Sorger, Image metrics in the statistical analysis 
of DNA microarray data. Proc Natl Acad Sci U S A, 2001. 98(16): p. 8944-9. 

51. Alan, W.L., H. Yan, and M. Yang, Robust adaptive segmentation of DNA microarray 
images. Pattern Recognition, 2003. 36: p. 1251-1254. 

52. Jain, K.K., Current status of fluorescent in-situ hybridisation. Med Device Technol, 
2004. 15(4): p. 14-7. 

53. Benson, D.A., M.S. Boguski, D.J. Lipman, and J. Ostell, GenBank. Nucleic Acids 
Res, 1997. 25(1): p. 1-6. 

54. Boguski, M.S., T.M. Lowe, and C.M. Tolstoshev, dbEST--database for "expressed 
sequence tags". Nat Genet, 1993. 4(4): p. 332-3. 

55. Schuler, G.D., M.S. Boguski, E.A. Stewart, L.D. Stein, G. Gyapay, K. Rice, R.E. 
White, P. Rodriguez-Tome, A. Aggarwal, E. Bajorek, S. Bentolila, B.B. Birren, A. 
Butler, A.B. Castle, N. Chiannilkulchai, A. Chu, C. Clee, S. Cowles, P.J. Day, T. 
Dibling, N. Drouot, I. Dunham, S. Duprat, C. East, C. Edwards, J.B. Fan, N. Fang, C. 
Fizames, C. Garrett, L. Green, D. Hadley, M. Harris, P. Harrison, S. Brady, A. Hicks, 
E. Holloway, L. Hui, S. Hussain, C. Louis-Dit-Sully, J. Ma, A. MacGilvery, C. 
Mader, A. Maratukulam, T.C. Matise, K.B. McKusick, J. Morissette, A. Mungall, D. 
Muselet, H.C. Nusbaum, D.C. Page, A. Peck, S. Perkins, M. Piercy, F. Qin, J. 
Quackenbush, S. Ranby, T. Reif, S. Rozen, C. Sanders, X. She, J. Silva, D.K. Slonim, 
C. Soderlund, W.L. Sun, P. Tabar, T. Thangarajah, N. Vega-Czarny, D. Vollrath, S. 
Voyticky, T. Wilmer, X. Wu, M.D. Adams, C. Auffray, N.A. Walter, R. Brandon, A. 
Dehejia, P.N. Goodfellow, R. Houlgatte, J.R. Hudson, Jr., S.E. Ide, K.R. Iorio, W.Y. 
Lee, N. Seki, T. Nagase, K. Ishikawa, N. Nomura, C. Phillips, M.H. Polymeropoulos, 
M. Sandusky, K. Schmitt, R. Berry, K. Swanson, R. Torres, J.C. Venter, J.M. Sikela, 
J.S. Beckmann, J. Weissenbach, R.M. Myers, D.R. Cox, M.R. James, D. Bentley, P. 
Deloukas, E.S. Lander and T.J. Hudson, A gene map of the human genome. Science, 
1996. 274(5287): p. 540-6. 

56. Cheung, V.G., M. Morley, F. Aguilar, A. Massimi, R. Kucherlapati, and G. Childs, 
Making and reading microarrays. Nat Genet, 1999. 21(1 Suppl): p. 15-9. 

57. Bowtell, D.D., Options available--from start to finish--for obtaining expression data 
by microarray. Nat Genet, 1999. 21(1 Suppl): p. 25-32. 

58. Kamberova, G. and S. Shah, Microarray and Image Analysis: Introduction, DNA 
Array  Image  Analysis  Nuts  &  Bolts DNA Press, Cambridge University, ed. G. 
Kamberova and S. Shah. 2002. 

59. Brazma, A., P. Hingamp, J. Quackenbush, G. Sherlock, P. Spellman, C. Stoeckert, J. 
Aach, W. Ansorge, C.A. Ball, H.C. Causton, T. Gaasterland, P. Glenisson, F.C. 
Holstege, I.F. Kim, V. Markowitz, J.C. Matese, H. Parkinson, A. Robinson, U. 
Sarkans, S. Schulze-Kremer, J. Stewart, R. Taylor, J. Vilo, and M. Vingron, Minimum 



154 

 

information about a microarray experiment (MIAME)-toward standards for 
microarray data. Nat Genet, 2001. 29(4): p. 365-71. 

60. Smyth, G.K., Y.H. Yang, and T. Speed, Statistical issues in cDNA microarray data 
analysis. Methods Mol Biol, 2003. 224: p. 111-36. 

61. Yang, Y.H., M. Buckley, S. Dudoit, and T. Speed, Comparison of methods for image 
analysis on cDNA microarray data. J.Comput.Graph Stat, 2002. 11: p. 108-136. 

62. Lipshutz, R.J., S.P. Fodor, T.R. Gingeras, and D.J. Lockhart, High density synthetic 
oligonucleotide arrays. Nat Genet, 1999. 21(1 Suppl): p. 20-4. 

63. Chen, Y., E.R. Dougherty, and M.L. Bittner, Ratio-based decisions and the 
quantitative  analysis of cDNA microarray images. J. Biomed. Optics, 1997. 2: p. 
364–374. 

64. Schena, M., DNA microarrays : a practical approach. Practical approach series ;. 
1999, Oxford ; New York: Oxford University Press. xx, 210 p. 

65. Zhang, M.Q., Large-scale gene expression data analysis: a new challenge to 
computational biologists. Genome Res, 1999. 9(8): p. 681-8. 

66. Yang, Y.H., M.J. Buckley, and T.P. Speed, Analysis of cDNA microarray images. 
Brief Bioinform, 2001. 2(4): p. 341-9. 

67. Whitfield, C.W., A.M. Cziko, and G.E. Robinson, Gene expression profiles in the 
brain predict behavior in individual honey bees. Science, 2003. 302(5643): p. 296-9. 

68. Brandle, N., H. Bischof, and H. Lapp, Robust DNA Microarray image analysis. 
Machine Vision and Applications, 2003. 15(1): p. 11–28. 

69. Rueda, L. and V. Vidyadharan, A hill-climbing approach for automatic gridding of 
cDNA microarray images. IEEE/ACM Trans Comput Biol Bioinform, 2006. 3(1): p. 
72-83. 

70. Ho, J., W.L. Hwang, H.H. Lu, and D.T. Lee, Gridding spot centers of smoothly 
distorted microarray images. IEEE Trans Image Process, 2006. 15(2): p. 342-53. 

71. Schena, M., Microarray analysis. 1st ed, ed. Wiley-Liss. 2002, New York. 
72. Draghici, S., Data analysis tools for DNA microarrays. Chapman & Hall/CRC 

mathematical biology and medicine series. 2003, Boca Raton: Chapman & Hall/CRC. 
477 p. 

73. Fathallah-Shaykh, H.M., Microarrays: applications and pitfalls. Arch Neurol, 2005. 
62(11): p. 1669-72. 

74. Baldi, P. and S. Brunak, Bioinformatics : the machine learning approach. 2nd ed. 
Adaptive computation and machine learning. 2001, Cambridge, Mass.: MIT Press. 
xxi, 452 p. 

75. Bajcsy, P. An Overview of DNA Microarray Grid Alignment and Foreground 
Separation Approaches. in EURASIP. 2006. 

76. Gonzalez, R.C. and R.E. Woods, Digital Image Processing 1st ed, ed. Addison-
Wesley. 1992. 

77. Daskalakis, A., D. Cavouras, P. Bougioukos, S. Kostopoulos, D. Glotsos, I. Kalatzis, 
G.C. Kagadis, C. Argyropoulos, and G. Nikiforidis, Improving gene quantification by 
adjustable spot-image restoration. Bioinformatics, 2007. 23(16): p. 2265-72. 

78. Tuma, R.S., Efforts aimed at reducing noise, data overload in microarrays. J Natl 
Cancer Inst, 2005. 97(16): p. 1173-5. 

79. Balagurunathan, Y., N. Wang, E.R. Dougherty, D. Nguyen, Y. Chen, M.L. Bittner, J. 
Trent, and R. Carroll, Noise factor analysis for cDNA microarrays. J Biomed Opt, 
2004. 9(4): p. 663-78. 

80. Bakay, M., Y.W. Chen, R. Borup, P. Zhao, K. Nagaraju, and E.P. Hoffman, Sources 
of variability and effect of experimental approach on expression profiling data 
interpretation. BMC Bioinformatics, 2002. 3: p. 4. 

81. Eisen, M.B.,Scanalyze http://rana.stanford.edu/software (1999) 
82. Heyer, L.J., D.Z. Moskowitz, J.A. Abele, P. Karnik, D. Choi, A.M. Campbell, E.E. 

Oldham, and B.K. Akin, MAGIC Tool: integrated microarray data analysis. 
Bioinformatics, 2005. 21(9): p. 2114-5. 

83. Bumgarner, R.E. and E. Hammersmark,Spot-On Image  (2001) 

http://rana.stanford.edu/software


155 

 

84. Eisen, M.B. and P.O. Brown, DNA arrays for analysis of gene expression. Methods 
Enzymol, 1999. 303: p. 179-205. 

85. Axon Instruments, GenePix4000A User's Guide. 1999. 
86. Buhler, J., T. Ideker, and D. Haynor,Improved  techniques  for  finding  spots  on 

cDNA microarrays  (2000) 
87. Ho, J. and W. Hwang, Automatic Microarray Spot Segmentation Using a Snake-

Fisher Model. IEEE Transactions on Medical Imaging, 2008. 27(6): p. 847-857. 
88. Park, C.-B., K.-W. Lee, and L. Seong-Whan. Automatic Microarray Image 

Segmentation Based on Watershed Transformation. in Proceedings of the Pattern 
Recognition, 17th International Conference on (ICPR'04). 2004. 

89. Adams, R. and L. Bischof, Seeded region growing. IEEE Transactions on Pattern 
Analysis and Machine Intelligence, 1994. 16: p. 641-647. 

90. Mehnert , A. and P. Jackway, An improved seeded region growing algorithm. Pattern 
Recognition Letters, 1997. 18: p. 1065–1071. 

91. Wit, E. and J. McClure, Statistics for Microarrays. 2004: Wiley. 
92. GSI  Lumonics, QuantArray  Analysis  Software. 1999. 
93. Sheskin, D.J., Handbook of Parametric and Nonparametric Statistical Procedures  

2nd ed, ed. Chapman and Hall. 2000: CRC. 
94. Alberts, R., J. Fu, M.A. Swertz, L.A. Lubbers, C.J. Albers, and R.C. Jansen, 

Combining microarrays and genetic analysis. Brief Bioinform, 2005. 6(2): p. 135-45. 
95. Attoor, S., E.R. Dougherty, Y. Chen, M.L. Bittner, and J.M. Trent, Which is better for 

cDNA-microarray-based classification: ratios or direct intensities. Bioinformatics, 
2004. 20(16): p. 2513-20. 

96. Jain, A.N., T.A. Tokuyasu, A.M. Snijders, R. Segraves, D.G. Albertson, and D. 
Pinkel, Fully automatic quantification of microarray image data. Genome Res, 2002. 
12(2): p. 325-32. 

97. Nadon, R. and J. Shoemaker, Statistical issues with microarrays: processing and 
analysis. Trends Genet, 2002. 18(5): p. 265-71. 

98. Brody, J.P., B.A. Williams, B.J. Wold, and S.R. Quake, Significance and statistical 
errors in the analysis of DNA microarray data. Proc Natl Acad Sci U S A, 2002. 
99(20): p. 12975-8. 

99. Quackenbush, J., Computational approaches to analysis of DNA microarray data. 
Yearb Med Inform, 2006: p. 91-103. 

100. Ritchie, M.E., J. Silver, A. Oshlack, M. Holmes, D. Diyagama, A. Holloway, and 
G.K. Smyth, A comparison of background correction methods for two-colour 
microarrays. Bioinformatics, 2007. 23(20): p. 2700-7. 

101. Kooperberg, C., T.G. Fazzio, J.J. Delrow, and T. Tsukiyama, Improved background 
correction for spotted DNA microarrays. J Comput Biol, 2002. 9(1): p. 55-66. 

102. Edwards, D., Non-linear normalization and background correction in one-channel 
cDNA microarray studies. Bioinformatics, 2003. 19(7): p. 825-33. 

103. Irizarry, R.A., B. Hobbs, F. Collin, Y.D. Beazer-Barclay, K.J. Antonellis, U. Scherf, 
and T.P. Speed, Exploration, normalization, and summaries of high density 
oligonucleotide array probe level data. Biostatistics, 2003. 4(2): p. 249-64. 

104. McGee, M. and Z. Chen, Parameter estimation for the exponential-normal 
convolution model for background correction of affymetrix GeneChip data. Stat Appl 
Genet Mol Biol, 2006. 5: p. Article24. 

105. Rocke, D.M. and B. Durbin, Approximate variance-stabilizing transformations for 
gene-expression microarray data. Bioinformatics, 2003. 19(8): p. 966-72. 

106. Huber, W., A. von Heydebreck, H. Sultmann, A. Poustka, and M. Vingron, Variance 
stabilization applied to microarray data calibration and to the quantification of 
differential expression. Bioinformatics, 2002. 18 Suppl 1: p. S96-104. 

107. Ramaswamy, S., P. Tamayo, R. Rifkin, S. Mukherjee, C.H. Yeang, M. Angelo, C. 
Ladd, M. Reich, E. Latulippe, J.P. Mesirov, T. Poggio, W. Gerald, M. Loda, E.S. 
Lander, and T.R. Golub, Multiclass cancer diagnosis using tumor gene expression 
signatures. Proc Natl Acad Sci U S A, 2001. 98(26): p. 15149-54. 



156 

 

108. Glinsky, G.V., A.B. Glinskii, A.J. Stephenson, R.M. Hoffman, and W.L. Gerald, 
Gene expression profiling predicts clinical outcome of prostate cancer. J Clin Invest, 
2004. 113(6): p. 913-23. 

109. van 't Veer, L.J., H. Dai, M.J. van de Vijver, Y.D. He, A.A. Hart, M. Mao, H.L. 
Peterse, K. van der Kooy, M.J. Marton, A.T. Witteveen, G.J. Schreiber, R.M. 
Kerkhoven, C. Roberts, P.S. Linsley, R. Bernards, and S.H. Friend, Gene expression 
profiling predicts clinical outcome of breast cancer. Nature, 2002. 415(6871): p. 530-
6. 

110. Blake, W.J., K.A. M, C.R. Cantor, and J.J. Collins, Noise in eukaryotic gene 
expression. Nature, 2003. 422(6932): p. 633-7. 

111. Tu, Y., G. Stolovitzky, and U. Klein, Quantitative noise analysis for gene expression 
microarray experiments. Proc Natl Acad Sci U S A, 2002. 99(22): p. 14031-6. 

112. Worley, A systems approach to Fabricating and Analyzing DNA microarrays, in 
Microarray Biochip Technology, M. Schena, Editor. 2000, Eaton Publishing. 

113. Schena, M., R.A. Heller, T.P. Theriault, K. Konrad, E. Lachenmeier, and R.W. Davis, 
Microarrays: biotechnology's discovery platform for functional genomics. Trends 
Biotechnol, 1998. 16(7): p. 301-6. 

114. Rose, D.S. and L.M. Goos, DNA : a practical guide. 2004, Thomson Carswell: 
Toronto. p. v. (loose-leaf). 

115. Pawley, J.B., Sources of Noise in Three-Dimensional Microscopical Data Sets, 
Three-Dimensional  Confocal  Microscopy, Investigation  of  Biological  Systems, ed. 
J.K. Stevens, L.R. Mills, and J.E. Trogadis. 1996: Academic Press. 

116. Pawley, J.B., Fundamental  Limits  in  Confocal  Microscopy,  Handbook  of 
Biological Confocal Microscopy. 2nd ed, ed. J.B. Pawley. 1995: Plenum Press. 

117. Basarsky, T., D. Verdnik, J.Y. Zhai, and D. Wellis, Overview  of  a  microarray 
scanner:  Design  essentials  for  an  integrated  acquisition  and  analysis  platform. 
Microarray Biochip Technology, ed. M. Schena. 2000: Natick. 

118. Minor, J.M., Microarray quality control. Methods Enzymol, 2006. 411: p. 233-55. 
119. Beyer, H., Linejitter  and  Geometric  Calibration  of  CCD  Cameras. Journal of 

Photogrammetry and Remote Sensing, 1990. 45: p. 17-32. 
120. Lähdesmäki, H., H. Huttunen, T. Aho, M.-L. Linne, J. Niemi, J. Kesseli, R. Pearson, 

and O. Yli-Harja, Estimation and inversion of the effects of cell population 
asynchrony in gene expression time-series. Signal Processing, 2003. 83: p. 835-858. 

121. Chen, Z. and L. Liu, RealSpot: software validating results from DNA microarray 
data analysis with spot images. Physiol Genomics, 2005. 21(2): p. 284-91. 

122. Hartmann, O., Quality control for microarray experiments. Methods Inf Med, 2005. 
44(3): p. 408-13. 

123. Smith, K. and M. Hallett, Towards quality control for DNA microarrays. J Comput 
Biol, 2004. 11(5): p. 945-70. 

124. Chen, J.J., H.M. Hsueh, R.R. Delongchamp, C.J. Lin, and C.A. Tsai, Reproducibility 
of microarray data: a further analysis of microarray quality control (MAQC) data. 
BMC Bioinformatics, 2007. 8: p. 412. 

125. Wang, X., S. Ghosh, and S.W. Guo, Quantitative quality control in microarray image 
processing and data acquisition. Nucleic Acids Res, 2001. 29(15): p. E75-5. 

126. Shi, L., R.G. Perkins, H. Fang, and W. Tong, Reproducible and reliable microarray 
results through quality control: good laboratory proficiency and appropriate data 
analysis practices are essential. Curr Opin Biotechnol, 2008. 19(1): p. 10-8. 

127. Wang, J., V. Nygaard, B. Smith-Sorensen, E. Hovig, and O. Myklebost, MArray: 
analysing single, replicated or reversed microarray experiments. Bioinformatics, 
2002. 18(8): p. 1139-40. 

128. Reimers, M., Statistical analysis of microarray data. Addict Biol, 2005. 10(1): p. 23-
35. 

129. Wang, X., M.J. Hessner, Y. Wu, N. Pati, and S. Ghosh, Quantitative quality control 
in microarray experiments and the application in data filtering, normalization and 
false positive rate prediction. Bioinformatics, 2003. 19(11): p. 1341-7. 



157 

 

130. Benito, M., J. Parker, Q. Du, J. Wu, D. Xiang, C.M. Perou, and J.S. Marron, 
Adjustment of systematic microarray data biases. Bioinformatics, 2004. 20(1): p. 
105-14. 

131. Chen, Y.J., R. Kodell, F. Sistare, K.L. Thompson, S. Morris, and J.J. Chen, 
Normalization methods for analysis of microarray gene-expression data. J Biopharm 
Stat, 2003. 13(1): p. 57-74. 

132. Smyth, G.K. and T. Speed, Normalization of cDNA microarray data. Methods, 2003. 
31(4): p. 265-73. 

133. Causton, H.C., J. Quackenbush, and A. Brazma, A beginner's guide.Microarray Gene 
expression data analysis 2003: Blackwell Publishing. 

134. Quackenbush, J., Microarray data normalization and transformation. Nat Genet, 
2002. 32 Suppl: p. 496-501. 

135. Knudsen, S., Guide to analysis of DNA microarray data. 2nd ed. 2004, Hoboken, 
N.J.: Wiley-Liss. xv, 168 p., viii p. of plates. 

136. Repsilber, D. and A. Ziegler, Two-color microarray experiments. Technology and 
sources of variance. Methods Inf Med, 2005. 44(3): p. 400-4. 

137. Spruill, S.E., J. Lu, S. Hardy, and B. Weir, Assessing sources of variability in 
microarray gene expression data. Biotechniques, 2002. 33(4): p. 916-20, 922-3. 

138. Ramdas, L., K.R. Coombes, K. Baggerly, L. Abruzzo, W.E. Highsmith, T. 
Krogmann, S.R. Hamilton, and W. Zhang, Sources of nonlinearity in cDNA 
microarray expression measurements. Genome Biol, 2001. 2(11): p. 
RESEARCH0047. 

139. Tseng, G.C., M.K. Oh, L. Rohlin, J.C. Liao, and W.H. Wong, Issues in cDNA 
microarray analysis: quality filtering, channel normalization, models of variations 
and assessment of gene effects. Nucleic Acids Res, 2001. 29(12): p. 2549-57. 

140. Park, T., S.G. Yi, S.H. Kang, S. Lee, Y.S. Lee, and R. Simon, Evaluation of 
normalization methods for microarray data. BMC Bioinformatics, 2003. 4: p. 33. 

141. Borden, J.R., C.J. Paredes, and E.T. Papoutsakis, Diffusion, mixing, and associated 
dye effects in DNA-microarray hybridizations. Biophys J, 2005. 89(5): p. 3277-84. 

142. Lyng, H., A. Badiee, D.H. Svendsrud, E. Hovig, O. Myklebost, and T. Stokke, 
Profound influence of microarray scanner characteristics on gene expression ratios: 
analysis and procedure for correction. BMC Genomics, 2004. 5(1): p. 10. 

143. Sartor, M.A., A.M. Zorn, J.A. Schwanekamp, D. Halbleib, S. Karyala, M.L. Howell, 
G.E. Dean, M. Medvedovic, and C.R. Tomlinson, A new method to remove 
hybridization bias for interspecies comparison of global gene expression profiles 
uncovers an association between mRNA sequence divergence and differential gene 
expression in Xenopus. Nucleic Acids Res, 2006. 34(1): p. 185-200. 

144. t Hoen, P.A., R. Turk, J.M. Boer, E. Sterrenburg, R.X. de Menezes, G.J. van Ommen, 
and J.T. den Dunnen, Intensity-based analysis of two-colour microarrays enables 
efficient and flexible hybridization designs. Nucleic Acids Res, 2004. 32(4): p. e41. 

145. Sartor, M., J. Schwanekamp, D. Halbleib, I. Mohamed, S. Karyala, M. Medvedovic, 
and C.R. Tomlinson, Microarray results improve significantly as hybridization 
approaches equilibrium. Biotechniques, 2004. 36(5): p. 790-6. 

146. Pichler, F.B., M.A. Black, L.C. Williams, and D.R. Love, Design, normalization, and 
analysis of spotted microarray data. Methods Cell Biol, 2004. 77: p. 521-43. 

147. Saviozzi, S. and R.A. Calogero, Microarray probe expression measures, data 
normalization and statistical validation. Comp Funct Genomics, 2003. 4(4): p. 442-6. 

148. Fujita, A., J.R. Sato, O. Rodrigues Lde, C.E. Ferreira, and M.C. Sogayar, Evaluating 
different methods of microarray data normalization. BMC Bioinformatics, 2006. 7: p. 
469. 

149. Hovatta, I., K. Kimppa, A. Lehmussola, T. Pasanen, J. Saarela, I. Saarikko, J. 
Saharinen, P. Tiikkainen, T. Toivanen, M. Tolvanen, M. Vihinen, and G. Wong, DNA 
Microarray Data Analysis. 2nd ed, ed. J. Tuimala and M. Laine. 2005, Helsinky. 

150. Gusnanto, A., B. Tom, P. Burns, I. Macaulay, D.C. Thijssen-Timmer, M.R. Tijssen, 
C. Langford, N. Watkins, W. Ouwehand, C. Berzuini, and F. Dudbridge, Improving 
the power to detect differentially expressed genes in comparative microarray 



158 

 

experiments by including information from self-self hybridizations. Comput Biol 
Chem, 2007. 31(3): p. 178-85. 

151. Fang, H., X. Fan, L. Guo, L. Shi, R. Perkins, W. Ge, Y.P. Dragan, and W. Tong, Self-
self hybridization as an alternative experiment design to dye swap for two-color 
microarrays. OMICS, 2007. 11(1): p. 14-24. 

152. Schuchhardt, J., D. Beule, A. Malik, E. Wolski, H. Eickhoff, H. Lehrach, and H. 
Herzel, Normalization strategies for cDNA microarrays. Nucleic Acids Res, 2000. 
28(10): p. E47. 

153. Draghici, S., Data analysis tools for DNA microarrays. Mathematics Biology and 
Medicine, ed. Chapman and Hall. 2003: CRC. 

154. Whitfield, M.L., G. Sherlock, A.J. Saldanha, J.I. Murray, C.A. Ball, K.E. Alexander, 
J.C. Matese, C.M. Perou, M.M. Hurt, P.O. Brown, and D. Botstein, Identification of 
genes periodically expressed in the human cell cycle and their expression in tumors. 
Mol Biol Cell, 2002. 13(6): p. 1977-2000. 

155. Delongchamp, R.R., C. Velasco, M. Razzaghi, A. Harris, and D. Casciano, Median-
of-subsets normalization of intensities for cDNA array data. DNA Cell Biol, 2004. 
23(10): p. 653-9. 

156. Berger, J.A., S. Hautaniemi, A.K. Jarvinen, H. Edgren, S.K. Mitra, and J. Astola, 
Optimized LOWESS normalization parameter selection for DNA microarray data. 
BMC Bioinformatics, 2004. 5: p. 194. 

157. Baldi, P. and G.W. Hatfield, DNA microarrays and gene expression : from 
experiments to data analysis and modeling. 2002, Cambridge, UK: Cambridge 
University Press. xvi, 213 p. 

158. Pasanen, T., J. Saarela, I. Saarikko, T. Toivanen, M. Tolvanen, M. Vihinen, and G. 
Wong, DNA Microarray Data Analysis. 2003. 

159. Brazma, A. and J. Vilo, Gene expression data analysis. FEBS Lett, 2000. 480(1): p. 
17-24. 

160. DeRisi, J.L., V.R. Iyer, and P.O. Brown, Exploring the metabolic and genetic control 
of gene expression on a genomic scale. Science, 1997. 278(5338): p. 680-6. 

161. Wang, J.T.L., Data mining in bioinformatics. Advanced information and knowledge 
processing,. 2005, London: Springer. xi, 340 p. 

162. Troyanskaya, O., M. Cantor, G. Sherlock, P. Brown, T. Hastie, R. Tibshirani, D. 
Botstein, and R.B. Altman, Missing value estimation methods for DNA microarrays. 
Bioinformatics, 2001. 17(6): p. 520-5. 

163. Jornsten, R., H.Y. Wang, W.J. Welsh, and M. Ouyang, DNA microarray data 
imputation and significance analysis of differential expression. Bioinformatics, 2005. 
21(22): p. 4155-61. 

164. Kim, D.W., K.Y. Lee, K.H. Lee, and D. Lee, Towards clustering of incomplete 
microarray data without the use of imputation. Bioinformatics, 2007. 23(1): p. 107-
13. 

165. Allison, P.D., Missing data. Quantitative applications in the social sciences ;. 2002, 
Thousand Oaks, Calif.: Sage Publications. vi, 93 p. 

166. Kalton, G., Compensating for missing survey data. 1983, Ann Arbor, MI: Survey 
Research Center, Institute for Social Research, the University of Michigan. 157 p. 

167. Tuikkala, J., L.L. Elo, O.S. Nevalainen, and T. Aittokallio, Missing value imputation 
improves clustering and interpretation of gene expression microarray data. BMC 
Bioinformatics, 2008. 9: p. 202. 

168. Yoon, D., E.K. Lee, and T. Park, Robust imputation method for missing values in 
microarray data. BMC Bioinformatics, 2007. 8 Suppl 2: p. S6. 

169. Alizadeh, A.A., M.B. Eisen, R.E. Davis, C. Ma, I.S. Lossos, A. Rosenwald, J.C. 
Boldrick, H. Sabet, T. Tran, X. Yu, J.I. Powell, L. Yang, G.E. Marti, T. Moore, J. 
Hudson, Jr., L. Lu, D.B. Lewis, R. Tibshirani, G. Sherlock, W.C. Chan, T.C. Greiner, 
D.D. Weisenburger, J.O. Armitage, R. Warnke, R. Levy, W. Wilson, M.R. Grever, 
J.C. Byrd, D. Botstein, P.O. Brown, and L.M. Staudt, Distinct types of diffuse large 
B-cell lymphoma identified by gene expression profiling. Nature, 2000. 403(6769): p. 
503-11. 



159 

 

170. Bo, T.H., B. Dysvik, and I. Jonassen, LSimpute: accurate estimation of missing 
values in microarray data with least squares methods. Nucleic Acids Res, 2004. 
32(3): p. e34. 

171. Kim, H., G.H. Golub, and H. Park, Missing value estimation for DNA microarray 
gene expression data: local least squares imputation. Bioinformatics, 2005. 21(2): p. 
187-98. 

172. Ouyang, M., W.J. Welsh, and P. Georgopoulos, Gaussian mixture clustering and 
imputation of microarray data. Bioinformatics, 2004. 20(6): p. 917-23. 

173. Raychaudhuri, S., P.D. Sutphin, J.T. Chang, and R.B. Altman, Basic microarray 
analysis: grouping and feature reduction. Trends Biotechnol, 2001. 19(5): p. 189-93. 

174. Liew, A.W., H. Yan, and M. Yang, Pattern recognition techniques for the emerging 
field of bioinformatics: A review. Pattern Recognition, 2005. 38(11): p. 2055-2073. 

175. Valafar, F., Pattern recognition techniques in microarray data analysis: a survey. 
Ann N Y Acad Sci, 2002. 980: p. 41-64. 

176. Golub, T.R., D.K. Slonim, P. Tamayo, C. Huard, M. Gaasenbeek, J.P. Mesirov, H. 
Coller, M.L. Loh, J.R. Downing, M.A. Caligiuri, C.D. Bloomfield, and E.S. Lander, 
Molecular classification of cancer: class discovery and class prediction by gene 
expression monitoring. Science, 1999. 286(5439): p. 531-7. 

177. Larsson, O., C. Wahlestedt, and J.A. Timmons, Considerations when using the 
significance analysis of microarrays (SAM) algorithm. BMC Bioinformatics, 2005. 
6(1): p. 129. 

178. Michaels, G.S., D.B. Carr, M. Askenazi, S. Fuhrman, X. Wen, and R. Somogyi, 
Cluster analysis and data visualization of large-scale gene expression data. Pac 
Symp Biocomput, 1998: p. 42-53. 

179. Boutros, P.C. and A.B. Okey, Unsupervised pattern recognition: an introduction to 
the whys and wherefores of clustering microarray data. Brief Bioinform, 2005. 6(4): 
p. 331-43. 

180. Thieffry, D., From global expression data to gene networks. Bioessays, 1999. 21(11): 
p. 895-9. 

181. Burke, H.B., Discovering patterns in microarray data. Mol Diagn, 2000. 5(4): p. 
349-57. 

182. Thalamuthu, A., I. Mukhopadhyay, X. Zheng, and G.C. Tseng, Evaluation and 
comparison of gene clustering methods in microarray analysis. Bioinformatics, 2006. 
22(19): p. 2405-12. 

183. Johnson, S.C., Hierarchical clustering schemes. Psychometrika, 1967. 32(3): p. 241-
54. 

184. MacQueen, J.B. Some Methods for classification and Analysis of Multivariate 
Observations. in 5-th Berkeley Symposium on Mathematical Statistics and 
Probability. 1967. Berkeley: University of California Press. 

185. Tavazoie, S., J.D. Hughes, M.J. Campbell, R.J. Cho, and G.M. Church, Systematic 
determination of genetic network architecture. Nat Genet, 1999. 22(3): p. 281-5. 

186. Toronen, P., M. Kolehmainen, G. Wong, and E. Castren, Analysis of gene expression 
data using self-organizing maps. FEBS Letters, 1999. 451(2): p. 142-146. 

187. Lavine, B.K., C.E. Davidson, and W.S. Rayens, Machine learning based pattern 
recognition applied to microarray data. Comb Chem High Throughput Screen, 2004. 
7(2): p. 115-31. 

188. Jolliffe, I.T., Principal Component Analysis. Series in Statistics, ed. Springer. 2002, 
New York. 

189. Sherlock, G., Analysis of large-scale gene expression data. Brief Bioinform, 2001. 
2(4): p. 350-62. 

190. Gibbons, J.D., Nonparametric statistical inference. 1970, New York: McGraw-Hill. 
xiv, 306 p. 

191. Hollander, M. and D.A. Wolfe, Nonparametric statistical methods. 2nd ed. Wiley 
series in probability and statistics. Texts and references section. 1999, New York: 
Wiley. xiv, 787 p. 



160 

 

192. Jain, P.K. and K.h.i. Ahmad, Metric spaces. 2nd ed. 2004, Pangbourne, U.K.: Alpha 
Science International. xvi, 150 p. 

193. Jain, R., B.G. Schunck, and R. Kasturi, Machine vision. McGraw-Hill series in 
computer science. 1995, New York: McGraw-Hill. xx, 549 p. 

194. Han, J. and M. Kamber, Data mining : concepts and techniques. Morgan Kaufmann 
series in data management systems. 2001, San Francisco: Morgan Kaufmann 
Publishers. xxiv, 550 p. 

195. Kantardzic, M., Data mining : concepts, models, methods and algorithms. Wiley-
Interscience. 2003, Piscataway, NJ: IEEE Press. xii, 345 p. 

196. Xu, R. and D. Wunsch, 2nd, Survey of clustering algorithms. IEEE Trans Neural 
Netw, 2005. 16(3): p. 645-78. 

197. Spellman, P.T., G. Sherlock, M.Q. Zhang, V.R. Iyer, K. Anders, M.B. Eisen, P.O. 
Brown, D. Botstein, and B. Futcher, Comprehensive identification of cell cycle-
regulated genes of the yeast Saccharomyces cerevisiae by microarray hybridization. 
Mol Biol Cell, 1998. 9(12): p. 3273-97. 

198. Butte, A., The use and analysis of microarray data. Nat Rev Drug Discov, 2002. 
1(12): p. 951-60. 

199. Hartigan, A. and M.A. Wong, A K-Means Clustering Algorithm. Applied Statistics, 
1979. 28(1): p. 100–108. 

200. Shahapurkar, S.S. and M.K. Sundareshan. Comparison of self-organizing map with 
K-means hierarchical clustering for bioinformatics applications. in IEEE 
International Joint Conference on Neural Networks. 2004. 

201. Kohonen, T. The self-organizing map. in Proc. IEEE. 1990. 
202. Tamayo, P., D. Slonim, J. Mesirov, Q. Zhu, S. Kitareewan, E. Dmitrovsky, E.S. 

Lander, and T.R. Golub, Interpreting patterns of gene expression with self-organizing 
maps: methods and application to hematopoietic differentiation. Proc Natl Acad Sci 
U S A, 1999. 96(6): p. 2907-12. 

203. Vesanto, J. and E. Alhoniemi, Clustering of the self-organizing map. IEEE Trans 
Neural Netw, 2000. 11(3): p. 586-600. 

204. Raychaudhuri, S., J.M. Stuart, and R.B. Altman, Principal components analysis to 
summarize microarray experiments: application to sporulation time series. Pac Symp 
Biocomput, 2000: p. 455-66. 

205. Holter, N.S., M. Mitra, A. Maritan, M. Cieplak, J.R. Banavar, and N.V. Fedoroff, 
Fundamental patterns underlying gene expression profiles: simplicity from 
complexity. Proc Natl Acad Sci U S A, 2000. 97(15): p. 8409-14. 

206. McDonald, R.P., Factor analysis and related methods. 1985, Hillsdale, N.J.: 
Lawrence Erlbaum Associates, Publishers. x, 259 p. 

207. Yeung, K.Y. and W.L. Ruzzo, Technical Report: An Empirical Study of Principal 
Components Analysis for Clustering Gene Expression Data, in UW-CSE-2000-11-03. 
2000, Univ. Washington: Washington DC. 

208. Dudoit, S. and J. Fridlyand, A prediction-based resampling method for estimating the 
number of clusters in a dataset. Genome Biol, 2002. 3(7): p. RESEARCH0036. 

209. Horimoto, K. and H. Toh, Statistical estimation of cluster boundaries in gene 
expression profile data. Bioinformatics, 2001. 17(12): p. 1143-51. 

210. Bickel, D.R., Robust cluster analysis of microarray gene expression data with the 
number of clusters determined biologically. Bioinformatics, 2003. 19(7): p. 818-24. 

211. Campbell, A.M. and L.J. Heyer, Discovering genomics, proteomics, and 
bioinformatics. 2nd ed. 2007, San Francisco ; Toronto [Cold Spring Harbor, NY]: 
Pearson/Benjamin Cummings CSHL Press. xv, 447 p. 

212. Holmes, R.M., A cell biologist's guide to modeling and bioinformatics. 2007, 
Hoboken, N.J.: Wiley-Interscience. xiv, 203 p. 

213. Hu, X. and Y. Pan, Knowledge discovery in bioinformatics : techniques, methods, 
and applications. Wiley series on bioinformatics. 2007, Hoboken, N.J.: Wiley-
Interscience. xxi, 363 p. 

214. Rashidi, H.H. and L.K. Buehler, Bioinformatics basics : applications in biological 
science and medicine. 2000, Boca Raton, FL: CRC Press. 185 p. 



161 

 

215. Baxevanis, A.D. and B.F.F. Ouellette, Bioinformatics : a practical guide to the 
analysis of genes and proteins. 2nd ed. Methods of biochemical analysis ;. 2001, New 
York: Wiley-Interscience. xviii, 470 p., [13] p. of plates. 

216. Lengauer, T., Bioinformatics--from genomes to drugs. Methods and principles in 
medicinal chemistry ;. 2002, Weinheim: Wiley-VCH. 

217. Mimmack, M.L., J. Brooking, and S. Bahn, Quantitative polymerase chain reaction: 
validation of microarray results from postmortem brain studies. Biol Psychiatry, 
2004. 55(4): p. 337-45. 

218. Hewitt, S.M., The application of tissue microarrays in the validation of microarray 
results. Methods Enzymol, 2006. 410: p. 400-15. 

219. True, L. and Z. Feng, Immunohistochemical validation of expression microarray 
results. J Mol Diagn, 2005. 7(2): p. 149-51. 

220. Trayhurn, P., Northern blotting. Proc Nutr Soc, 1996. 55(1B): p. 583-9. 
221. Bay, S.D., J. Shrager, A. Pohorille, and P. Langley, Revising regulatory networks: 

from expression data to linear causal models. J Biomed Inform, 2002. 35(5-6): p. 
289-97. 

222. Badea, L., Functional discrimination of gene expression patterns in terms of the gene 
ontology. Pac Symp Biocomput, 2003: p. 565-76. 

223. Al-Shahrour, F., R. Diaz-Uriarte, and J. Dopazo, FatiGO: a web tool for finding 
significant associations of Gene Ontology terms with groups of genes. 
Bioinformatics, 2004. 20(4): p. 578-80. 

224. Bluthgen, N., K. Brand, B. Cajavec, M. Swat, H. Herzel, and D. Beule, Biological 
profiling of gene groups utilizing Gene Ontology. Genome Inform Ser Workshop 
Genome Inform, 2005. 16(1): p. 106-15. 

225. Zeeberg, B.R., H. Qin, S. Narasimhan, M. Sunshine, H. Cao, D.W. Kane, M. 
Reimers, R.M. Stephens, D. Bryant, S.K. Burt, E. Elnekave, D.M. Hari, T.A. Wynn, 
C. Cunningham-Rundles, D.M. Stewart, D. Nelson, and J.N. Weinstein, High-
Throughput GoMiner, an 'industrial-strength' integrative gene ontology tool for 
interpretation of multiple-microarray experiments, with application to studies of 
Common Variable Immune Deficiency (CVID). BMC Bioinformatics, 2005. 6: p. 168. 

226. Middleton, F.A., K. Mirnics, J.N. Pierri, D.A. Lewis, and P. Levitt, Gene expression 
profiling reveals alterations of specific metabolic pathways in schizophrenia. J 
Neurosci, 2002. 22(7): p. 2718-29. 

227. Bonner, A.E., W.J. Lemon, and M. You, Gene expression signatures identify novel 
regulatory pathways during murine lung development: implications for lung 
tumorigenesis. J Med Genet, 2003. 40(6): p. 408-17. 

228. Pavlidis, P., D.P. Lewis, and W.S. Noble, Exploring gene expression data with class 
scores. Pac Symp Biocomput, 2002: p. 474-85. 

229. Martin, B. and R.M. Horton. A Java Program to Create Simulated Microarray 
Images. in IEEE Computational Systems Bioinformatics Conference (CSB 2004). 
2004  

230. Lehmussola, A., P. Ruusuvuori, and O. Yli-Harja. 
http://www.cs.tut.fi/sgn/csb/spotseg/.  2006  [cited. 

231. Heyer, L. Magic Tool Database.  24/01/2007 [cited 2007 24/01/2007]; Available 
from: http://www.bio.davidson.edu/projects/MAGIC/MAGIC.html. 

232. Johnston, M. and M. Carlson, The Molecular Biology of the Yeast Saccharomyces: 
Gene Expression, ed. J.R.P. E. W. Jones, J. R. Broach, Eds. 1992, New York: Cold 
Spring Harbor Laboratory Press,Cold Spring Harbor. 

233. Churchill, G.A., Fundamentals of experimental design for cDNA microarrays. Nat 
Genet, 2002. 32 Suppl: p. 490-5. 

234. Bezdek, J.C., Pattern Recognition With Fuzzy Objective Function Algorithms. 1981, 
New York.: Plenum Press. 

235. Hojjatoleslami, S.A. and J.R.I.T. Kittler, Region growing: a new approach. EEE 
Trans.Image Process., 1998. 7: p. 1079–1084. 

236. Blekas, K., N. Galatsanos, A. Likas, and I. Lagaris, Mixture model analysis of DNA 
microarray images. IEEE Trans Med Imaging, 2005 24(7): p. 901-9. 

http://www.cs.tut.fi/sgn/csb/spotseg/
http://www.bio.davidson.edu/projects/MAGIC/MAGIC.html


162 

 

237. Cleveland, W.S., Robust Locally Weighted Regression and Smoothing Scatterplots 
Journal of the American Statistical Association, 1979. 74 p. 829-836. 

238. Zhang, Y.J., A survey on evaluation methods for image segmentation. Pattern 
Recognition, 1996. 29: p. 1335-1346. 

239. Lee, S.U., S.Y. Chung, and R.H. Park, A comparative performance study of several 
global thresholding techniques for segmentation. CVGIP, 1990. 52: p. 171-190. 

240. Yasnoff, W.A., J.K. Mui, and J.W. Bacus, Error measures for scence segmentation. 
Pattern Recognition, 1977. 9: p. 217-231. 

241. Reed, G.F., F. Lynn, and B.D. Meade, Use of Coefficient of Variation in Assessing 
Variability of Quantitative Assays. Clinical and Diagnostic Laboratory Immunology, 
2002. 9(6): p. 1235-1239. 

242. Baek, J., Y.S. Son, and G.J. McLachlan, Segmentation and intensity estimation of 
microarray images using a gamma-t mixture model. Bioinformatics, 2007. 23(4): p. 
458-65. 

243. Chu, S., J. DeRisi, M. Eisen, J. Mulholland, D. Botstein, P.O. Brown, and I. 
Herskowitz, The transcriptional program of sporulation in budding yeast. Science, 
1998. 282(5389): p. 699-705. 

244. Dopazo, J., E. Zanders, I. Dragoni, G. Amphlett, and F. Falciani, Methods and 
approaches in the analysis of gene expression data. J Immunol Methods, 2001. 
250(1-2): p. 93-112. 

245. Kaufman, L. and P. Rousseeuw, Finding Groups in Data: An Introduction to Cluster 
Analysis. 1990, New York: Wiley. 

246. Tamayo, P., D. Slonim, J. Mesirov, Q. Zhu, S. Kitareewan, E. Dmitrovsky, E.S. 
Lander, and T.R. Golub. Interpreting  patterns  of  gene  expression  with  self-
organizing  maps:  methods  and  application  to  hematopoietic differentiation. in 
Proc. Natl Acad. Sci. 1999. USA. 

247. Bilban, M., L.K. Buehler, S. Head, G. Desoye, and V. Quaranta, Normalizing DNA 
microarray data. Curr Issues Mol Biol, 2002. 4(2): p. 57-64. 

248. Horn, D. and A. Gottlieb, Algorithm for data clustering in pattern recognition 
problems based on quantum mechanics. Phys Rev Lett, 2002. 88(1): p. 018702. 

249. Duda, R.O., P.E. Hart, and D.G. Stork, Pattern Classification. 2nd ed. 2001, New 
York: Wiley-Interscience. 

250. Horn, D. and I. Axel, Novel clustering algorithm for microarray expression data in a 
truncated SVD space. Bioinformatics, 2003. 19(9): p. 1110-5. 

251. Dembele, D. and P. Kastner, Fuzzy C-means method for clustering microarray data. 
Bioinformatics, 2003. 19(8): p. 973-80. 

252. Toolbox, N.N. http://www.mathworks.com/.   [cited. 
253. Al-Shahrour, F., P. Minguez, J. Tarraga, D. Montaner, E. Alloza, J.M. Vaquerizas, L. 

Conde, C. Blaschke, J. Vera, and J. Dopazo, BABELOMICS: a systems biology 
perspective in the functional annotation of genome-scale experiments. Nucleic Acids 
Res, 2006. 34(Web Server issue): p. W472-6. 

254. Harris, M.A., J. Clark, A. Ireland, J. Lomax, M. Ashburner, R. Foulger, K. Eilbeck, S. 
Lewis, B. Marshall, C. Mungall, J. Richter, G.M. Rubin, J.A. Blake, C. Bult, M. 
Dolan, H. Drabkin, J.T. Eppig, D.P. Hill, L. Ni, M. Ringwald, R. Balakrishnan, J.M. 
Cherry, K.R. Christie, M.C. Costanzo, S.S. Dwight, S. Engel, D.G. Fisk, J.E. 
Hirschman, E.L. Hong, R.S. Nash, A. Sethuraman, C.L. Theesfeld, D. Botstein, K. 
Dolinski, B. Feierbach, T. Berardini, S. Mundodi, S.Y. Rhee, R. Apweiler, D. Barrell, 
E. Camon, E. Dimmer, V. Lee, R. Chisholm, P. Gaudet, W. Kibbe, R. Kishore, E.M. 
Schwarz, P. Sternberg, M. Gwinn, L. Hannick, J. Wortman, M. Berriman, V. Wood, 
N. de la Cruz, P. Tonellato, P. Jaiswal, T. Seigfried, and R. White, The Gene 
Ontology (GO) database and informatics resource. Nucleic Acids Res, 2004. 
32(Database issue): p. D258-61. 

255. Angulo, J. and J. Serra, Automatic analysis of DNA microarray images using 
mathematical morphology. Bioinformatics, 2003. 19(5): p. 553-62. 

http://www.mathworks.com/


163 

 

256. Barra, V., Robust segmentation and analysis of DNA microarray spots using an 
adaptative split and merge algorithm. Comput Methods Programs Biomed, 2006. 
81(2): p. 174-80. 

257. Rahnenfuhrer, J., Image analysis for cDNA microarrays. Methods Inf Med, 2005. 
44(3): p. 405-7. 

258. Demirkaya, O., H.M. Asyali, and M.M. Shoukri, Segmentation of cDNA microarray 
spots using Markov Random Field Modeling. Bioinformatics, 2005 21(13): p. 2994-
3000. 

259. Nagarajan , R., Intensity-based segmentation of microarray images. IEEE Trans Med 
Imaging, 2003. 22(7): p. 882-9. 

260. Stanley, R.J., M. Gattapulli, and C.W. Caldwell, Microarray image spot segmentation 
using the method of projections. Biomed Sci Instrum, 2002. 38: p. 387-92. 

261. Sahoo, P.K., P.K. Soltani, and A. Wong, A survey of thresholding techniques. 
Computer Vision, Graphics and Image Processing, 1988. 41: p. 223-260. 

262. Rosenfeld, A. and P. De  La  Terre, Histogram   concavity   analysis  as an  aid  in  
threshold  selection. IEEE    Trans.   Systems  Man   Cybernet. , 1983. SMC-13: p. 
231-235. 

263. Zhang, D.Q. and S.C. Chen, A novel kernelized fuzzy C-means algorithm with 
application in medical image segmentation. Artif Intell Med, 2004. 32(1): p. 37-50. 

264. Kittler, J., M. Hatef, R.W. Duin, and J. Matas, On Combining Classifiers IEEE Trans. 
Pattern Anal. Mach. Intell., 1998. 20(3): p. 226-239. 

 
 



APPENDIX I  

List of publications as result of the research work 

performed for the purposes of the present thesis 

 
 

Journal Published Papers: 
 

1. A. Daskalakis, D. Cavouras, P. Bougioukos, S. Kostopoulos, D. Glotsos, I. Kalatzis, G. 

C. Kagadis, C. Argyropoulos, and G. Nikiforidis, “Improving gene quantification by 

adjustable spot-image restoration”, Bioinformatics, Vol. 23(17), pp 2265 – 2272, 2007. 

doi:10.1093/bioinformatics/btm337. ISSN 1367-4803 

 

Journal Submitted Papers: 
 

2. A. Daskalakis, D. Glotsos, S. Kostopoulos, D. Cavouras, and G. Nikiforidis, Ph.D ‘A 

comparative study of individual and ensemble majority vote cDNA microarray image 

segmentation schemes, originating from a spot-adjustable based restoration framework’, 

Comput Methods Programs Biomed. 2008 (accepted for publication) 

 

3. A. Daskalakis, D. Glotsos, D. Cavouras, S. Kostopoulos, I. Kalatzis, and G. Nikiforidis, 

‘Improvement of gene clustering, by combining adjustable spot image restoration with 

Quantum Clustering, and introduction of a biologically informed evaluation method”, 

BMC Bioinformatics, (under review) 

 

Proceedings in International conferences with referees: 
 

4. A. Daskalakis, D. Cavouras, P. Bougioukos, S. Kostopoulos, I. Kalatzis, G. Kagadis, 

and G. Nikiforidis, “Development of a Casca de Processing Method for Microarray Spot 

Segmentation”, Lecture Notes in Computer Science, Vol. 4477, pp.410-417, 2007. ISSN: 

0302-9743, ISBN 978-3-540-72846-7, DOI 10.1007/978-3-540-72847-4_53. 

 

164 

 



165 

 

5. A. Daskalakis, D. Cavouras, P. Bougioukos, S. Kostopoulos, P. Georgiadis, I. Kalatzis, 

G. Kagadis, and G. Nikoforidis “Effective quantification of gene expression levels in 

microarray images using a spot-adaptive compound clustering-enhancement-segmentation 

scheme”, Lecture Notes in Computer Science, Vol. 4707, Part III, pp. 555-565, 2007. 

ISSN: 0302-9743, ISBN 978-3-540-74482-5, DOI 10.1007/978-3-540-74484-9_48. 

 

6. A. Daskalakis,, C. Argyropoulos, D. Glotsos, S. Kostopoulos, E. Athanasiadis, D. 

Cavouras and G. Nikoforidis, ‘Weiner-based deconvolution methods for improving the 

accuracy of spot segmentation in microarray images’, Fifth European Symposium on 

Biomedical Engineering, Patras, Greece, 2006, Patras, Greece 7-9 July, 2006 

 

7. A. Daskalakis , D. Cavouras, P. Bougioukos, S. Kostopoulos, C. Argyropoulos, G. 

Nikiforidis, ‘Improving Microarray spots segmentation by K-Means driven adaptive image 

restoration’, International Special Topic Conference on Information Technology in 

Biomedicine (I.T.A.B. 2006), Ioannina ,Greece, 26-28 October 2006 

 

8. A. Daskalakis, D. Cavouras, P. Bougioukos, S. Kostopoulos, P. Georgiadis, I. Kalatzis, 

and G. Nikiforidis, “An Efficient CLAHE-based, Spot-Adaptive, image segmentation 

technique for improving Microarray Genes' Quantification”, 2nd International Conference 

on Experiments/ Process / System Modelling/ Simulation / Optimization (2nd IC-EpsMso 

2007), Athens, Greece, July 4-7, 2007 

 

9. A. Daskalakis, D. Cavouras, P. Bougioukos, S. Kostopoulos, P. Georgiadis, I. Kalatzis, 

G. Kagadis, George Nikiforidis, “Genes expression level quantification using a spot-based 

algorithmic pipeline”, Proceeding of the 29th Annual International Conference of the 

IEEE Engineering in Medicine and Biology Society, in conjunction with the biennial 

Conference of the French Society of Biological and Medical Engineering (SFGBM), Lyon, 

France, August 23-26, 2007 

 

 



APPENDIX II 

ABREVIATIONS 

 
 
A:  Adenine 
AC:  Adaptive Circle 
BI:  Biological Informed 
BMU:   Best-Matching Unit 
BR:  Background-Region 
C:  Cytosine  
CA:  Cluster Accuracy 
CCDs:  Charged-Coupled Devices 
cDNA:  complementary DNA 
CMOS:  Complementary Metal–Oxide–Semiconductor 
CP:  Cluster Purity 
CV:  Coefficient of Variation 
DE:  Differentially Expressed 
DFT:  Discrete Fourier Transform 
DNA:  Deoxyribonucleic Acid 
FC:  Fixed Circle 
FCM:  Fuzzy C-Means 
G:  Guanine 
GK-FCM: Gaussian-Kernelized Fuzzy C-Means 
GO:  Gene Ontology 
HC:  Histogram Concavity 
HCI:  Human Computer Interface 
HCL:   Hierarchical Clustering 
HCR :  Homogeneity CRiterion 
HE:  Histogram Entropy 
HM:  Histogram Moments 
LIMS:  Laboratory Information Management System 
MAE:  Mean Absolute Error 
MAGIC: MicroArray Genome Imaging & Clustering Tool 
MIAME: Minimum Information About Microarray Experiment 
MM:  Mis Match 
mRNA:  messenger RiboNucleic Acid 
PAM:  Partitioning Around Medoids 
PCA:  Principal Component Analysis 
PCR:  Polymerase Chain Reaction  
PDF-s:  Probability Density Functions 
PE:  Probability of Error 
PM:  Perfect Match 

166 

 



167 

 

PMT:  Photo-Multiplier Tube 
QC:  Quantum Clustering 
R-I:  Ratio-Intensity 
RNA:  RiboNucleic Acid 
rRNA:  ribosomal RNAs 
tRNA:  transfer RNA 
SNP:  Single Nucleotide Polymorphism 
SOM:  Self-Organizing Map 
SR:  Spot-Region 
SRG:  Seeded Region Growing technique  
T:  Thymine  
TIFF:  Tagged Image File Format 
VLSIPS: Very Large Scale Immobilized Polymer Synthesis 
2-d IDFT: two dimensional Inverse Discrete Fourier Transform 

 

 

 

 

 



APPENDIX III  

LIST OF FIGURES 

 

Figure 2.1: Overview of the protein formation process ........................................................... 7 

Figure 2.2: The Central Dogma of Molecular Biology ............................................................ 9 

Figure 2.3: Various types of microarray chips according to the type of the probes (a) DNA 

microarray, (b) RNA microarray, (c) Protein microarray, (d) Tissue microarray ................... 13 

Figure 2.4: (a) Affymetrix chip and (b) Spotted microarray chip .......................................... 16 

Figure 2.5: A typical two-channel microarray experiment. In the left side, the printing 

process is outlined. In the middle, the labeling and hybridization procedures are depicted. In 

the right side, the scanning and image /data analysis step are illustrated................................ 17 

Figure 2.6: Microarray spotting device (a) and microarray printing device (b)..................... 18 

Figure 2.7: Microarray hybridization process. ....................................................................... 20 

Figure 2.8: A typical microarray scanner. .............................................................................. 21 

Figure 3.1: A typical microarray image processing and analysis workflow .......................... 27 

Figure 3.2: Microarray gridding based on the horizontal and vertical projections of the 

microarray. .............................................................................................................................. 30 

Figure 3.3: Different microarray spot segmentation methods produce different segmentation 

results. (a) Fixed circle segmentation, (b) Adaptive circle segmentation, (c) Seeded Region 

Growing segmentation. ........................................................................................................... 34 

Figure 3.4: Common errors of microarray images. (a). Radioactively labeled spots expanding 

over neighboring spots (blooming). (b). Non-circular, weak and weak-center spots 

(doughnuts). (c). Imperfect alignment. (d). Hybridization and contamination errors causing a 

high background. ..................................................................................................................... 41 

Figure 4.1: An example of a typical microarray data analysis workflow............................... 45 

Figure 4.2: (a) Spot with hole inside and (b) connected spots. The 3-d intensity plots of the 

spot in Figures (c) and (d) respectively. .................................................................................. 46 

168 

 



169 

 

Figure 4.3: Truncation at the high intensity end (a) is caused by scanner saturation. High 

variation at the low intensity end (b) is from larger channel specific additive error. High 

variation at the high intensity end (c) is from larger channel specific multiplicative error. The 

curvature in (d) is from channel mean background difference. The curvature in (e) is from 

slope difference. The split R-I (Ratio-Intensity) plots in (f) come from heterogeneity. Figure 

adopted from the book DNA microarray data analysis [149] ................................................. 50 

Figure 4.4: R-I plotted intensities before (a) and after the effect of the Lowess normalization 

step (b)..................................................................................................................................... 54 

Figure 4.5: A typical microarray scatter plot with some of the data points clustered around 

the diagonal line. ..................................................................................................................... 55 

Figure 4.6: A typical microarray M-A plot. ........................................................................... 56 

Figure 4.7: A typical microarray R-I plot............................................................................... 57 

Figure 4.8: Different ways to visualize the same gene expression profile. ............................ 58 

Figure 4.9: An example of HCL clustering. ........................................................................... 63 

Figure 4.10: An example of K-Means clustering with 3 clusters. .......................................... 65 

Figure 4.11: An example of SOM clustering with 8 clusters. ................................................ 68 

Figure 4.12: An example of PCA clustering with 6 clusters. ................................................. 69 

Figure 6.1: Result of gridding (b), adjustable spot-image restoration (c) and segmentation (d) 

procedure, for a randomly selected microarray image (a) according to the proposed 

methodology............................................................................................................................ 89 

Figure 6.2: Result of gridding (a) and segmentation (b) procedure, for the same simulated 

microarray image according to the SPOT software................................................................. 90 

Figure 6.3: A randomly selected real microarray image (a) results of gridding (b), adjustable 

spot-image restoration (c) and segmentation steps (d) based on the proposed methodology.. 92 

Figure 6.4: Result of gridding (a) and segmentation (b) procedure, for the same real 

microarray image according to the SPOT software................................................................. 93 

Figure 6.5: Mean Absolute Error for the simulated data. Obelisks are MAE values 

characterized as outliers. ......................................................................................................... 94 

Figure 6.6: Probability Density Functions (PDF’s) of the CV for all the spots as calculated 

from the 7 replications of the common reference channel. Black line corresponds to the results 



obtained using the proposed method. Blue, red and green line corresponds to the Scanalyze, 

SPOT and the Baek’s approach respectively........................................................................... 95 

Figure 6.7: Boxplots illustrating the pairwise MAE between all replicates (totally 21 MAE 

values from which the mean value for each spot is illustrated here). Obelisks are MAE values 

characterized as outliers. ......................................................................................................... 96 

Figure 7.1: Boxplots illustrating the CV values for the 6153 genes as extracted by the 

proposed method and as originally published by Derisi et al. (utilizing the publicly available 

software Scanalyze)............................................................................................................... 108 

Figure 7.2: Boxplots illustrating the CV values for the 14 genes of interest as extracted by the 

proposed method and as originally published by Derisi et al. (utilizing the publicly available 

software Scanalyze)............................................................................................................... 109 

Figure 7.3: FCM, SOM and QC BI  values for the genes of Group A employing Derisi’s 

original expression levels. The number of runs stands for the number of clusters for FCM and 

SOM. Regarding QC the number of runs stands for the 20 different values of σ  evaluated.

............................................................................................................................................... 110 

Figure 7.4: FCM, SOM and QC BI  values for the genes of Group A employing the 

proposed method’s restored extracted expression levels. The number of runs stands for the 

number of clusters for FCM and SOM. Regarding QC the number of runs stands for the 20 

different values of σ  evaluated. ........................................................................................... 110 

Figure 7.5: FCM, SOM and QC BI values for the genes of Group B employing Derisi’s et 

al. original expression levels. The number of runs stands for the number of clusters for FCM 

and SOM. Regarding QC the number of runs stands for the 20 different values of σ  

evaluated................................................................................................................................ 117 

Figure 7.6: FCM, SOM and QC BI  values for the genes of Group B employing the 

proposed method’s restored extracted expression levels. The number of runs stands for the 

number of clusters for FCM and SOM. Regarding QC the number of runs stands for the 20 

different values of σ  evaluated. ........................................................................................... 117 

Figure 7.7: QC clustering (for 1.1σ = ). The cluster containing the 7 genes of Group A 

( 1BI = ) is shown enclosed in a dash line. Dashed line was included only for viewing 

purposes................................................................................................................................. 124 

Figure 7.8: QC clustering (for 0.3σ = ). The cluster of the 49 genes which contains the 7 

genes of Group B ( ) is shown enclosed in a dash line. Dashed line was included 

only for viewing purposes. .................................................................................................... 124 

0.785BI =

170 

 



171 

 

Figure 8.1: Flowchart illustrating the basic stages of the proposed methodology................ 129 

Figure 8.2: Boxplots illustrating the PE segmentation metric for the red channel of the high 

quality simulated images as obtained by individual and ensemble majority vote segmentation 

schemes. Obelisks are PE values characterized as outliers. .................................................. 136 

Figure 8.3: PE segmentation metric boxplots for the green channel of the high quality 

simulated images as obtained by individual and ensemble majority vote segmentation 

schemes. Obelisks are PE values characterized as outliers. .................................................. 136 

Figure 8.4: Boxplots illustrating the PE segmentation metric for the red channel of the low 

quality simulated images as obtained by individual and ensemble majority vote segmentation 

schemes. Obelisks are PE values characterized as outliers. .................................................. 137 

Figure 8.5: PE segmentation metric boxplots for the green channel of the high quality 

simulated images as obtained by individual and ensemble majority vote segmentation 

schemes. Obelisks are PE values characterized as outliers. .................................................. 138 

Figure 8.6: M-A plots for a randomly selected simulated image employing the HM (a), HC 

(b), HE (c), SRG (d), GKFCM (e), HM-GKFCM-SRG (f), HC-GKFCM-SRG (g), HE-

GKFCM-SRG (h), HM-HC-HE (i), and HM-HC-HE-GKFCM-SRG (j) segmentation 

techniques.............................................................................................................................. 140 

Figure 8.7: A randomly selected simulated spot-image (a) and its corresponding binary form 

employing the HM (b), HC (c), HE (d), SRG (e), GKFCM (f), HM-GKFCM-SRG (g), HC-

GKFCM-SRG (h), HE-GKFCM-SRG (i), HM-HC-HE (j), and HM-HC-HE -GKFCM-SRG 

(k) segmentation techniques. ................................................................................................. 141 

Figure 8.8: Boxplots depicts the pairwise MAE between all replicates (totally 10 MAE 

values from which the mean value for each spot is illustrated here). Obelisks are MAE values 

characterized as outliers. ....................................................................................................... 142 

Figure 8.9: M-A plots for a randomly selected real cDNA microarray image employing the 

HM (a), HC (b), HE (c), SRG (d), GKFCM (e), HM-GKFCM-SRG (f), HC-GKFCM-SRG 

(g), HE-GKFCM-SRG (h), HM-HC-HE (i), and HM-HC-HE-GKFCM-SRG (j) segmentation 

techniques.............................................................................................................................. 144 

Figure 8.10: A randomly selected real cDNA microarray spot-image (Fig.8.10a) and its 

corresponding segmentation result employing the HM (Fig 8.10b), HC (Fig.8.10c), HE 

(Fig.8.10d), SRG (Fig.8.10e), GKFCM (Fig.8.10f), HM-GKFCM-SRG (Fig.8.10g), HC-

GKFCM-SRG (Fig.8.10h), HE-GKFCM-SRG (Fig.8.10i), HM-HC-HE (Fig.8.10j), and HM-

HC-HE-GKFCM-SRG (Fig.8.10k) techniques. .................................................................... 145 



APPENDIX IV  

LIST OF TABLES 

 
 

Table 3.1: Some available programs for image analysis: Upper part: commercial programs. 

Lower part: public domain programs. ..................................................................................... 26 

Table 6.1: Mean values (in terms of intensity) of the MAE boxplots of Figure 6.5............... 94 

Table 6.2: Mean values of the calculated 21 pairwise MAE for the common reference 

channel..................................................................................................................................... 96 

Table 7.1: Accession numbers for the 14 genes of interest found in each one of the Groups A 

and B as “marked” in Derisi et al. ......................................................................................... 106 

Table 7.2.1: FCM results for Group A employing Derisi’s et al. expression levels............ 111 

Table 7.2.2: SOM results for Group A employing Derisi’s et al. expression levels. .......... 112 

Table 7.2.3: QC results for Group A employing Derisi’s et al. expression levels. ............. 113 

Table 7.2.4: FCM results for Group A employing the proposed method’s restored expression 

levels...................................................................................................................................... 114 

Table 7.2.5: SOM results for Group A employing the proposed method’s restored expression 

levels...................................................................................................................................... 115 

Table 7.2.6: QC results for Group A employing the proposed method’s restored expression 

levels...................................................................................................................................... 116 

Table 7.3.1: FCM results for Group B employing Derisi’s et al. expression levels............ 118 

Table 7.3.2: SOM results for Group B employing Derisi’s et al. expression levels............ 119 

Table 7.3.3: QC results for Group B employing Derisi’s et al. expression levels............... 120 

Table 7.3.4: FCM results for Group B employing the proposed method’s restored expression 

levels...................................................................................................................................... 121 

Table 7.3.5: SOM results for Group B employing the proposed method’s restored expression 

levels...................................................................................................................................... 122 

172 

 



173 

 

Table 7.3.6: QC results for Group B employing the proposed method’s restored expression 

levels...................................................................................................................................... 123 

Table 7.4: Accession numbers for the 49 genes found in to be grouped together with the 7 

genes of Group B.................................................................................................................. 125 

Table 8.1: Mean values (in terms of intensity) of the PE segmentation metric for both 

channels of high quality simulated images as obtained by the boxplots of Figure 8.1 and 

Figure 8.2............................................................................................................................... 137 

Table 8.2: Mean values (in terms of intensity) of the PE segmentation metric for both 

channels of low quality simulated images as obtained by the boxplots of Figure 8.4 and 

Figure 8.5............................................................................................................................... 138 

Table 8.3: Mean values (in terms of extracted intensities ratio) of the calculated 10 pairwise 

MAE for the 5 replicated experiments. ................................................................................. 142 

 

 

 

 

 

 


	SUPERVISING COMMITTEE
	EXAMINING COMMITTEE
	George Oikonomou, Assistant Professor, Department of Physics, University of Patras, Greece


