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tBa
kground: Two-dimensional gel ele
trophoresis (2DE) is a powerful te
hnique to examinepost-translational modi�
ations of 
omplexly modulated proteins. Currently, spot dete
tion is ane
essary step to assess relations between spots and biologi
al variables. This often proves time
onsuming and di�
ult when working with non-perfe
t gels. We developed an analysis te
hnique tomeasure 
orrelation between 2DE images and biologi
al variables on a pixel by pixel basis. Afterimage alignment and normalization, the biologi
al parameters and pixel values are repla
ed by theirspe
i�
 rank. These rank adjusted images and parameters are then put into a standard linearPearson 
orrelation and further tested for signi�
an
e and varian
e.Results: We validated this te
hnique on a set of simulated 2DE images, whi
h revealed also 
orre
tworking under the presen
e of normalization fa
tors. This was followed by an analysis of p53 2DEimmunoblots from 
an
er 
ells, known to have unique signaling networks. Sin
e p53 is altered1



through these signaling networks, we expe
ted to �nd 
orrelations between the 
an
er type (a
utelymphoblasti
 leukemia and a
ute myeloid leukemia) and the p53 pro�les. A se
ond 
orrelationanalysis revealed a more 
omplex relation between the di�erentiation stage in a
ute myeloidleukemia and p53 protein isoforms.Con
lusions: The presented analysis method measures relations between 2DE images and externalvariables without requiring spot dete
tion, thereby enabling the exploration of biosignatures of
omplex signaling networks in biologi
al systems.
Ba
kgroundTwo-dimensional gel ele
trophoresis (2DE) has been a su

essful te
hnique for identi�
ationand visualization of post-translational modi�
ations [1℄ (reviewed in [2℄), and is in
reasinglyused to determine a

essible parts of the proteome in human 
ells [3℄. To a 
ertain extent has2DE been used to propose diagnosis or 
lini
al 
lassi�
ation in diseases [4�9℄, in
ludingdi�erentiating a
ute myeloid leukemia (AML) from a
ute lymphoblasti
 leukemia (ALL) [10℄.The amount and 
omplexity of data obtained from 2DE patterns have led to the developmentof analysis software for digitalized images [11�13℄, but human interpretation and validation ofthe data is usually ne
essary. Typi
ally, one of the steps in 2DE analysis is the sele
tion ofspots followed by des
ription of their position, volume and other variables. Current methodsfor spot dete
tion assume regular spot shapes [14℄ or model spots as bivariate Gaussiandensities [15℄, and therefore 
annot dis
riminate spot shapes and irregularity [16, 17℄. In thispaper we present a method that omits the spot dete
tion phase and does not require humaninterpretation on a gel-to-gel basis.Given a set of gel images, the te
hnique measures 
orrelation between every pixel position andan external variable. This makes it possible to study the 2DE protein distribution as well asthe a
tual relation to the external variable. The method has been rigorously tested on a set ofsimulated 2DE images with di�erent levels of ba
kground, additional noise and outliers.Biologi
al evaluation of the te
hnique was performed by testing the 
orrelation analysis on p532



protein isoform pro�les in 
ell samples from patients with well-
hara
terized hematologi
almalignan
ies.Di�erent hematologi
al malignan
ies, like ALL and AML [18℄ are 
hara
terized by distin
tmutations or expression of genes involved in 
ell signaling [19, 20℄. The TP53 gene is frequentlymutated in many 
an
ers and mutations in signaling pathways a
ting on p53 protein are foundboth in sporadi
 and hereditary 
an
ers [21℄. The p53 protein is a sequen
e spe
i�
trans
ription fa
tor that 
an regulate di�erentiation, growth and 
ell death, and is highlyregulated by post-translational modi�
ations 
aused by multiple signaling networks thatdire
tly or indire
tly target the protein [22, 23℄. During di�erentiation, p53 undergoesmodi�
ations like phosphorylation and a
etylation and is suggested to be involved indi�erentiation of AML [24,25℄. Be
ause of this large range of a
tivities and 
omplex regulatoryfun
tions, we relied on analysis of the post-translationally modi�ed p53 protein to illustrate ourmethod. The p53 protein biosignatures in 39 AML patients and 8 ALL patients were analyzedby 2DE immunoblot. Distin
t p53 biosignatures 
orrelated with 
an
er type (AML versusALL) and, within the AML group, p53 biosignatures 
orrelated with the level of di�erentiation,using the Fren
h-Ameri
an-British (FAB) 
lassi�
ation.ResultsOverview of the methodThe presented method relies on the basi
 assumption that if spots on 2DE images havebiologi
al relevan
e, then so must the pixels 
omprised within those spots. Therefore it must bepossible to analyze 2DE images for 
orrelation, without performing a spot dete
tion step. Themethod requires the availability of a properly aligned sta
k of gel images. Ea
h of the imagesmust have an asso
iated parameter t. Pra
ti
ally, t 
an represent any biologi
al variable su
has life expe
tan
y, di�erentiation stage of a 
ell sample, age of an organism, origin of a 
an
er
ell sample, e�e
t of 
an
er therapy, 
ell size or even variables su
h as time, temperature,pressure, and so on. For every 
oordinate in the 2DE image sta
k, a 
orrelation analysis isperformed between the pixel data gathered at that position and the external variable t. The
orrelation image is then 
reated by repeating this pro
ess at every possible position. Thework-�ow and the 
on
ept behind the 
orrelation method is illustrated in Fig. 1. A movie ofthe method is available [see Additional �le 1℄. 3



To illustrate how the 
orrelation images ought to be interpreted, a simulated gel sta
k withde�ned spot 
hara
teristi
s in fun
tion of an external variable t was 
reated (Fig. 2). Thissimulation reassured a 
ontrolled environment in whi
h the algorithmi
 behavior was observed.Simulated GelsAltering spot position and sizesWe �rst veri�ed how the method rea
ts to spot lo
ation, spot size and spot shifts. Thesimulated gel sta
k has various spots behaving di�erently. Spot α grows and fades out, spot δshifts from left to right, spot β 
hanges shape and the γ spots have a 
onstant amplitude andwidth (Fig. 2A). Fig 2 shows various 
orrelation images in whi
h the strength of a 
orrelationis presented in shades of green (for positive 
orrelation) and brown (for negative 
orrelation oranti-
orrelation). By design, spots α and β are parametrized by t. In the 
orrelation images(Fig. 2B) we �nd them ba
k at the same position, showing that the 
orrelation image o�ers
orre
t positional information. The two 
onstant γ-spots are independent of t. This results inno visible 
orrelation in Fig. 2Bab. The δ-spots shifts relates to the external variable. The
orrelation image reveals this by showing original and destination positions that respe
tively
orrelate, then anti-
orrelate. This results in a smear in the 
orrelation image (Fig. 2B).Spot shapeAll images in Fig. 2B show the α-spot to anti-
orrelate in the middle and to 
orrelate at itsperiphery. This is 
onsistent with the 
reation of the gel-sta
k in whi
h the amplitude of spot αlowers from 5.0 to 1.0 while the spots broadens from 10 to 100 pixels. Be
ause the 
entral spotwidens, higher gel numbers will have relatively more signal in the periphery. This indi
atesthat spots where di�usion-like alteration dominate 
an be dete
ted based on the di�eren
e in
orrelation between the inner and outer areas. Similar behavior 
an be observed in the shape
hanging β-spot. The initial verti
al shape (low t-value) anti-
orrelates (it disappears) whilethe later horizontal shape (at higher t-values) 
orrelates (it appears).Masking the 
orrelation imageIn the simulated gel-sta
k, empty areas have an almost 
onstant intensity. For those areas, theraw 
orrelation analysis indi
ates a strong 
orrelation (Fig. 2Ba) or anti-
orrelation (Fig. 2Bb).There are two reasons for this. First, the area 
an be 
onstant, resulting in 
orrelations that4



are +∞, −∞ or NaN (not a number). In the 
orrelation image these are represented as +1 or-1. Se
ondly, in areas with very small alterations (the periphery of the spots), the measured
orrelation is mathemati
ally 
orre
t, but the la
k in intensity variation o�ers littleinformation. After applying various signi�
an
e masks to the 
orrelation image, we �nd thatonly areas with relevant spot modulations are indi
ated (Fig. 2B(a',b',
')). One mask removesnon signi�
ant 
orrelations and a se
ond mask removes areas without varian
e (see Materialand Methods, Step 4 for details).E�e
t of di�erent normalizationsDi�erent ba
kground removal and s
aling te
hniques were tested on the simulated gel-sta
k(Fig. 2), in
luding ba
kground subtra
tion and ba
kground division. In all 
ases, the originalinformation that led to the 
reation of the gel-sta
k was retrieved. The α, δ and β spot
orrelations were always visualized, indi
ating that the normalization te
hnique used is of littleimportan
e for qualitative analysis. In the parti
ular 
ase of gel normalization obtained bydivision through the mean gel intensity, new information was found that did not dire
tlyoriginate from the 
reation of the simulation (Fig. 2B
). Due to a t-dependent intensityin
rease in spot α, the mean intensity of the gel in
reased. As a result, the original 
onstant
γ-spots de
reased in intensity (division by a larger number leads to lower values). The γ-spotsbe
ame t dependent and thus showed up in the 
orrelation image.When working with real gels this does not hinder qualitative analysis be
ause normalization isperformed on an individual gel basis. Therefore, it 
an always be repeated on any new gel,without taking into a

ount previous gels and the reported 
orrelations 
an be observed in thenormalized images. Quantitatively, normalization fa
tors strongly in�uen
e 
orrelationmeasures. If the te
hnique is used as a quantitative method, then 
alibration spots ought to beused and exa
t understanding of ma
hine spe
i�
ations and 
amera properties should beknown.White noise in 2DE imagesIn Fig. 2Ba-
, the ba
kground 
orrelated towards t. Adding white noise [26℄ to the simulatedimages attenuates the appearan
e of su
h non signi�
ant ba
kground 
orrelations (Fig. 2Ca-
).In
reasing noise up to 75% (of the maximum image intensity) resulted in weaker 
orrelations,5



but still important spots were identi�able (Fig. 2C
). This suggests that small amounts ofnoise might enhan
e interpretation of the 
orrelation analysis by automati
ally introdu
ing anon-
orrelating varian
e. The signal hidden within the noise must now 
ompete against anon-
orrelating fa
tor, as su
h, the noise introdu
es a form of automati
 signi�
an
emeasurement. When the noise amplitude is t dependent, we observe 
orre
t information aboutthe negative 
orrelation, but loss of information about the positive 
orrelation (Fig 2Cd). Su
ha situation 
ould o

ur if a 
amera automati
ally gates images at waning signal strength. Aslong as white noise does not relate to the external variable, its presen
e barely in�uen
es theanalyti
al power of the presented 
orrelation test.E�e
t of randomization of the datasetTwo sets of random data were generated to be used as t-value. Instead of testing 
orrelationtowards the sequen
e number t, we now determined the e�e
t of 
orrelation of the imagestowards a random ve
tor. The IDL fun
tion 'randomu' [27℄, generated the normally distributedrandom numbers. In the 
orrelation images we always re
ognized the same general shapes.Areas that behaved similarly in the gel sta
k, had the same 
oloring, regardless of the externalvariable. These examples emphasize the robustness of the algorithm to group together regionsof interest (Fig. 2D).OutliersA test with outliers in the t-values shows limited impa
t on the interpretation of the gels (Fig.2E). We 
hanged the t-values from {0, 1, 2, 3, 4, 5, 6, 7, 8, 9, 10, 11, 12, 13, 14} to {0, 1, 15, 3,4, 5, 6, 7, 8, 9, 10, 11, 12, 13, 14}, resulting in a slight 
hange in a
tual 
orrelation magnitude,but the information 
ontent was well preserved. Even with 13% outliers {0, 1, 15, 3, 4, 5, 6, 4,8, 9, 10, 11, 12, 13, 14}, the original information was re
overed. This is mainly due to therobust 
orrelation whi
h relies on ranking of the dataset instead of the numeri
al values (boththe t-values and the image pixel values are ranked).Correlation analysis of p53 biosignatures in a
ute leukemiaRe
ently we demonstrated that signaling networks may be altered and potentiated in 
an
er
ells suggesting a prognosti
 meaningful 
lassi�
ation [28, 29℄. This in
ludes altered p386



MAP-kinase signaling, known to phosphorylate p53. The appli
ation of the presented methodwas tested on p53 biosignatures of human primary 
an
er 
ells. The p53 biosignature isprobably formed by the 
ombinations of spli
e forms of p53 and various post-translationalmodi�
ations [22,30℄. The p53 protein is also involved in several positive and negative feedba
knetworks [23℄. This has ignited the hypothesis that p53 integrates information from varioussignaling networks [31℄.We investigate two di�erent relations. One illustrates a relation between the overall p53intensity and AML/ALL 
lassi�
ation, the other illustrates dete
tion of p53-isoformbiosignatures related to the AML FAB 
lassi�
ation.Correlation of p53 protein biosignatures towards AML/ALLALL and AML 
omprise di�erent geneti
 abnormalities [32, 33℄, and analysis of growth fa
torre
eptor expression and global gene expression has pointed out that the expression of re
eptortyrosine kinases and signaling modulators are di�erent [34, 35℄. Therefore, sin
e the p53 proteinis implied in various 
an
er related signaling networks, we expe
ted to �nd distin
t 
orrelationsbetween p53 expression and the AML/ALL variable. Gels of AML patients were marked with
t = 0, while ALL variants were marked with t = 1. The 
orrelations are shown in Fig. 3A. Itreveals overall intensity attenuation of p53 in AML 
ompared to ALL. There is no previousdata from a
ute leukemia that supports this observation. To examine whether the 2DE p53
orrelations analysis re�e
ted a
tual p53 protein expression di�eren
es in the lymphoid andmyeloid 
ell lineages, we examined normal lympho
ytes, neutrophile granulo
ytes andmono
ytes by 2DE (Fig. 3Ba-
) and one-dimensional immunoblot (Fig. 3d). This 
on�rmedthe intensity-di�eren
es dete
ted by the 
orrelation analysis by re�e
ting a
tual attenuated p53protein levels in lympho
ytes 
ompared to myeloid 
ells.The impa
t of wrong ALL versus AML diagnosis was examined by random swapping ALL andAML labels in the AML/ALL versus 2DE image 
orrelations. This results in lower 
orrelationvalues as expe
ted [see Additional �le 3℄.Correlation of p53 protein isoforms towards the AML di�erentiation levelThe Fren
h-Ameri
an-British (FAB) 
lassi�
ation of AML is based on the morphologi
allydetermined stage of myeloid maturation and dire
tion of maturation [36, 37℄. Re
ent reports7



indi
ate that the FAB 
lassi�
ation, in parti
ular the distin
tion between M1-2 and M4-5 inmaturation level and dire
tion of maturation, is asso
iated with 
ertain gene 
lasses inunsupervised 
lustering of gene expression pro�les [38, 39℄. It is previously des
ribed in severalreports that p53 is involved in leukemi
 
ell di�erentiation [24, 25, 40, 41℄. Phosphorylation ofp53 Ser315 is ne
essary for di�erentiation in mouse embryoni
 stem 
ells [42℄, and p53 is able todire
t di�erentiation in AML 
ell lines [25, 41℄. The p53-de�
ient HL-60 
ell line has potentialfor both mono
yti
 and granulo
yti
 di�erentiation, and introdu
tion of wild type p53 dire
tsdi�erentiation in the granulo
yti
 dire
tion [40℄. Based on these reports we hypothesized thatthe p53 biosignatures should re�e
t the stage and dire
tion of myeloid di�erentiation.Therefore, we measured 
orrelations between the established routine morphologi
aldi�erentiation 
lassi�
ation of AML (FAB) [21,22, 35℄ and the p53 2DE biosignatures of the
an
er 
ells.We assigned to every 
lass a separate t-value: M0 (t = 0), M1 (t = 1), M2 (t = 2), M3 (t = 3),M4 (t = 4) and M5 (t = 5). Using 73 gels we found spe
i�
 
orrelations (Fig. 4). Image A isthe masked 
orrelation lands
ape, image B is the raw 
orrelation image. The observations were:a) The tail of the p53-α isoform 
orrelates negatively to the FAB 
lassi�
ation (pro�le 4, regiong and h). b) The p63 area 
orrelates positively towards the FAB 
lassi�
ation (pro�le 3, the iregion). 
) The p53-δ region has four positively 
orrelating arti
ulated spots (pro�le 1, a-d,r=0.2), d) the p53 sub-δ region has two negatively 
orrelating spots (pro�le 2e,f). The
ombination of a positive 
orrelation at the p53-δ region and a negative 
orrelating sub-δ regionindi
ates a spot shift from one area to another. Additionally, the e) presen
e of the super-δnegative 
orrelating region indi
ates that a 
hange of spot shape also o

urs. When the p53-δspots are larger and di�use then the patient is 
lassi�ed as M0, M1 or M2. If the spots in the δregion are 
lear arti
ulated and smaller, the patient is either M4 or M5. None of the above
orrelations are strong (r = 0.25 using the stringent Spearman rank order 
orrelation).Nonetheless they 
an be observed in the 2DE images, whi
h means that they 
an form animportant tool in strati�
ation of patients. Based on these 
orrelation measurements, weperformed further tests to verify and 
on�rm the relation between mass-di�eren
es and theFAB 
lassi�
ation (See se
tion Intra-image 
orrelations and [see Additional �le 2℄).The presented 
orrelation in
ludes M3, a distin
t subgroup of AML with signs of granulo
yti
di�erentiation, featuring the translo
ation t(15;17) and responsiveness to retinoi
 a
id8



therapy [32℄. FAB M3 is therefore a separate entity in the re
ent WHO 
lassi�
ation [43℄. The
orrelations were weaker when M3 was removed (data not shown), whi
h suggests that it is thepre-neutrophile granulo
yti
 di�erentiation stage of M3 that 
omprises a distin
t p53 isoformpro�le from M0/1 p53, thereby 
ontributing to a greater splitting of the patients intosubgroups.Dis
ussionLo
alization, shape and volume of 2DE spotsSpot dete
tion methods are in general very 
omplex and time 
onsuming tasks. The 
orrelationte
hnique relies on the assumption that if spots have a biologi
al relevan
e then so must theirindividual pixels. The advantage of approa
hing gels this way is that we no longer depend onspot dete
tion methods. One 
an wonder though, how relations between spot volumes andexternal variables are assessed. As it turns out, one 
an still rely on the 
orrelation imagebe
ause if a spot its volume 
hanges it means that the amplitude, width (or both) have
hanged. As illustrated in Fig. 2, both phenomenon are dete
ted. In general, the analysis doesnot favor spe
i�
 shapes (su
h as bivariate Gaussian distributions), it will equally treat spots,tails and areas.Input qualityMost algorithms rea
t di�erently towards di�erent kinds of input and the quality of the resultoften depends on the quality of the input. Input images 
an have many artifa
ts and with 2DEthe a

ura
y of the measurement is often unknown. We showed that our te
hnique workssurprisingly well without 
alibrated intensities. The use of mean ba
kground division and RMSs
aling o�ers the same information quality as relying on exa
t 
alibrated intensities. We alsoobserved that ba
kground noise and outliers don't in�uen
e the quality of the analysis. This islogi
al be
ause we rely on ranking of the data set, therefore outliers (whether they are in the gelimages or in the external variables) do not attribute any signi�
ant impa
t to the 
orrelationimage. This also means that some misaligned images will not in�uen
e the 
orrelation image.However, when investigating alignment drift on all images, we �nd that the method qui
klylooses power with de
reasing alignment a

ura
y. As the a

ura
y be
omes less than the size ofthe spots, one looses analyti
al power [see Additional �le 4℄. For this method to work properly,9



it is thus of great importan
e to rely on 
alibration spots and use these to register the images.Espe
ially when working with large images that 
an 
ontain many thousand spots, alignment isa known problem [44,45℄. Certain errors should be expe
ted but as long as the spot jitter issmaller than the size of the spots, our algorithm will be able to provide useful results.Intra-image 
orrelationsA 
orrelation measures indi
ates whether two data sets relate to ea
h other, not how theyrelate. For instan
e, ve
tors [1,2,3℄ and [2,4,6℄ 
orrelate with a value 1.0 without revealing thefa
tor 2. As su
h, 
orrelation should not be 
onfused with up- or down-regulation, nor with a
ausal relationship. Nevertheless, if the 
orrelation image reveals that one area goes down inpa
e with the external variable while another area goes up, it is natural to ask whether therelation between these two areas is of importan
e. Based on the FAB/p53 
orrelation, we willgive two examples of su
h intra-image relations and explain how to address them at the pixellevel.Does the di�eren
e between p53-α and p53-δ regions relate to the FAB 
lassi�
ation ?Fig. 4 reveals that the p53-α intensity in
reases with higher di�erentiation while the p53-δintensity de
reases. Therefore, we wondered whether the di�eren
e between p53-α and p53-δareas related to the FAB 
lassi�
ation. To answer this question, we prepro
essed the images tointrodu
e the 'di�eren
e'. This was a
hieved by summarizing the areas of interest and thensubtra
ting those areas prior to 
orrelation. Fig. 5 shows the bounding boxes of the p53-α andp53-δ areas. Their sizes, respe
tively (2sxα, 2syα) and (2sxδ, 2syδ), were used to smooth theinput images (and thus measure the total intensity within su
h areas). The shift between thearea 
enters (dx, dy) was used to superimpose the δ region over the α region prior tosubtra
tion. If I is a 2DE image, then Iα and Iδ represented the two intermediate images
Iα
a,b =

a+sxα
∑

x=a−sxα

b+syα
∑

y=b−syα

Ix,y

Iδ
a+dx,b+dy =

a+sxδ
∑

x=a−sxδ

b+syδ
∑

y=b−syδ

Ix,yThese two images were then subtra
ted to yield O = Iα
− Iδ, whi
h was subsequently put ba
kinto the gel-sta
k. If there was a 
orrelation between the α − δ di�eren
e and the FAB10




lassi�
ation then we would �nd it at observation point o1 in Fig. 5. We did not �nd a
orrelation, indi
ating that the di�eren
e between α-intensity and δ-intensity does not relate tothe FAB 
lassi�
ation.Does mass-di�eren
e relate to the FAB 
lassi�
ation ?Fig. 4 shows the sub-δ region 
orrelating negative and the δ region 
orrelating positive,indi
ating that a mass-di�eren
e might be related to the FAB 
lassi�
ation. Setting up thisspe
i�
 question is similar to the previous, but without summation of regions. The imagepre-pro
essing measures the di�eren
e between the intensity at a 
ertain position y andintensities at the same position, but with a lower mass (y − dm). If I is an image from the gelsta
k, then O de�nes the new image
Ox,y = Ix,y − Ix,y−dmWhen using these prepro
essed images into a 
orrelation analysis, we found that observationpoint o2 revealed that indeed a mass-di�eren
e relates to the FAB 
lassi�
ation. Rememberingthe relative weak 
orrelation in the FAB 
lassi�
ation (0.2 and -0.2 at the spe
i�ed areas), wenow �nd a mu
h strong 
orrelation: 0.507. This illustrates how the 
orrelation images 
an beused to naturally explore data sets.Performan
eThe 
omplexity of the algorithm is linear to the size of the images and the number of images. Ifwe have n images of width w and height h then the 
al
ulation time will be in the order of

O(w.h.n). The memory 
onsiderations are the same be
ause all images need to be loaded inmemory. E.g; 100 images of 1024 × 1024 pixels with 16 bit gray values will require around 200Mb of internal memory. More information on 
omplexity measurement 
an be found at [46, 47℄.Con
lusionsThe presented results demonstrated that the 
orrelation method 
an provide valuableinformation about 
omplexly regulated proteins in biologi
al systems. The analysis te
hnique
an be used to measure and visualize relations between 2DE images and external (biologi
al)variables. The 
orrelation image is 
al
ulated based on an aligned sta
k of 2DE images. The11



resulting image 
an be naturally interpreted and o�ers information that might otherwise beunavailable (su
h as relevant 
hanges in spot shape). The te
hnique is robust, generalappli
able to di�erent obje
t types (tails, spots, areas), and allows a natural amount of spotlo
ation jitter. We also investigated 
alibration fa
tors and it turned out that normalizationfa
tors barely in�uen
e the analyti
al power of the method.The 
orrelation analysis of p53 biosignatures on AML and ALL 
an
er 
ells illustrated that themethod 
an measure relations involving the overall intensity of the biosignature. The novel�ndings of ALL- and AML-spe
i�
 p53 biopro�les were veri�ed on normal 
ells from thelymphoid and myeloid lineages. The positive 
orrelation for full-length and δ- p53 in ALL wasre�e
ted by the presen
e of these p53 forms in lympho
ytes, while these p53 forms were absentin the myeloid granulo
ytes. This analysis of normal 
ells suggest that the p53-distin
tionbetween ALL and AML is 
orre
t.A se
ond analysis illustrated that the 
orrelation method di�erentiates between di�erentprotein isoforms. The relation between p53 biosignature and the AML FAB 
lassi�
ation wasmore 
omplex, whi
h allowed us to explain how intra-image relations 
ould answer spe
i�
questions. Doing so, we observed that a mass-di�eren
e in the p53 biosignature 
orrelatedstrongly towards the FAB 
lassi�
ation, suggesting that post-translational modi�
ations of P53relate to AML di�erentiation.Future development of the method 
ould in
lude adjustments and 
orre
tions forhardware-parameters su
h as 
amera warping and di�erent kinds of noise. Canoni
al
orrelations 
ould be used to integrate information o�ered by similar neighboring 
orrelationpixels [48, 49℄. It 
ould also be possible to insert 
lustering algorithms to pseudo-
olor the �nalimage or use image segmentation algorithms to 
lassify areas automati
ally [50, 51℄. In itspresent form we believe the method provides a valuable tool to explore and analyze 
omplexbiosignatures and responses from signaling networks.MethodsThe 
orrelation analysisThe 2DE image 
orrelation te
hnique relies on a large amount of 2DE images of a biologi
alsystem. Every gel needs to be des
ribed by an external numeri
al measure. For every n gels(des
ribed as Az in whi
h z is the gel image number), there are n external parameters,12



des
ribed as Tz. Gels 
an further be annotated as Ax,y,z in whi
h (x, y) is the position on gelnumber z. Ax,y is a ve
tor 
ontaining the intensities of all gels:
Ax,y =

[

Ax,y,1 Ax,y,2 . . . Ax,y,n

].Step 1: Alignment and registrationThe method requires proper dire
tion and alignment of all gels. Presen
e of 
alibration spotsfa
ilitates this pro
ess, otherwise te
hniques su
h as Hough transformation [26, 52℄ for geldire
tion measurement and 
ross 
orrelation [53℄ for multiple gel alignment 
an be used. On
ethe gels are aligned, further basi
 warping and registration [45℄ te
hniques are useful to a

ountfor small shifts between the di�erent gels. The aligned images are denoted A
′

z.Step 2: Intensity normalizationThe se
ond step normalizes the intensity values of the gels to allow for inter-gel pixel
omparison. Currently, little known on the relation between pixel intensities and protein
on
entrations. The 
ommon assumption seems to 
enter around linear s
ales. However, pixelvalues 
an be relative or gamma 
orre
ted, depending on the hardware. The wide variety ofpossible pixel value interpretations leads us to embra
e the use of relative gray values. Thesimulated gel sta
k showed that the 
hoi
e of normalization te
hnique barely in�uen
es the�nal 
orrelation image.Step 2a: Ba
kground intensityThe ba
kground �oor of a 2DE image refers to the brightness of empty gel areas. Di�erent
apture te
hniques produ
e di�erent ba
kground �oors. Ba
kground signal 
an be either addedto all pixel values (additive ba
kground), or it 
an a

umulate with a de
aying signal(multipli
ative ba
kground). As previously observed [44℄, most 
ameras introdu
e a mixture ofadditive and multipli
ative ba
kgrounds. Removal of additive noise 
an be done throughsubtra
ting the mean (A”
z := A

′

z − A
′

z) or median value (A”
z := A

′

z − median(A
′

z)). Removal ofmultipli
ative noise 
an be done through A”
z :=

A
′

z

A
′

z

− 1. We would emphasize that whatevernormalization s
heme is used in this step, it should be performed on an individual gel basis.
13



Step 2b: S
aling of gel intensityAfter removal of the ba
kground �oor, the dynami
 range of the image is normalized throughs
aling of gel intensities. The presen
e of a 
alibration spot eases this pro
ess. If A′ is thenon-relative image and (x, y) is the 
alibration spot position, then the image A” := A
′

A
′

x,y

de�nesthe normalized image. Without 
alibration spot the total energy 
ontent (sum of all intensitiesor RMS value) forms a very reasonable s
aling means: A”
z =

A
′

z

RMS(A′

z)Step 3: Correlation imageAfter alignment and normalization, the 
orrelation analysis generates a new image visualizingthe 
orrelation measure between a spe
i�
 position and an external parameter. The 
orrelationimage is 
omposed of pixels, ea
h testing one position on the gel. The result of ea
h test is anumber between -1.0 (anti-
orrelation) and 1.0 (
orrelation), whi
h, after appropriate s
aling,de�nes the pixel 
olor in the 
orrelation image. The two ve
tors parti
ipating in the test are
A”

x,y and B. The �rst ve
tor 
ontains the gel expression levels at position (x, y). Given 89 gelimages, A”
x,y will 
ontain 89 di�erent expression values; one for ea
h gel. The se
ond ve
tor B
ontains 89 external values asso
iated with every gel. Repeating this 
orrelation test for everypixel results in the 
orrelation image C (Eq. 1)

Cx,y = ρ(A”
x,y, T ) (1)The 
orrelation image 
an be visualized using di�erent 
olor s
hemes. In Fig. 1 green indi
atespositive 
orrelations and brown negative 
orrelations.The preferred 
orrelation is the robust Spearman rank order 
orrelation (ρ-
orrelation) [27℄.This non-parametri
 test allows us to ignore the spe
i�
 distributions of gel intensity levels andexternal parameters. ρ-
orrelation requires a ranking of the two parti
ipating ve
tors and thenrelies on a standard linear Pearson 
orrelation. The ranking pro
ess will repla
e every value inthe input ve
tor by its spe
i�
 rank. When ties o

ur (the same value o

urring more thanon
e) their rank will by 
onvention be the mean of their ranks as if they all would have had aslightly di�erent value.
14



Step 4: MaskingCorrelation does not ne
essarily imply a 
ausal, signi�
ant, or useful relationship. To �lter outsome possibly useless relations, a number of masks limit the visible 
orrelations. The �rst maskremoves 
orrelations that might be o

urring by 
oin
iden
e: some data sets easily 
orrelatewith any other data set (signi�
an
e). The se
ond mask removes 
orrelations that o�er littleuseful information (E.g: a data set 
ontaining all zero's).Step 4a: Signi�
an
eTo remove 
orrelations that have a high probability of o

urring, the signi�
an
e test typi
allyasso
iated with the Spearman 
orrelation test was used. In this 
ontext, it is de�ned as
Sx,y = 1 − Cx,y

√

n − 2

1 − C2
x,y

(2)If this number is 
lose to 1 then there exists a low probability that some random data wouldhappen to 
orrelate with the given result set. Likewise, if this number is 0 then there exists ahigh probability that the 
orrelation is 
oin
idental.Step 4b: Varian
eThe se
ond mask avoids strong and signi�
ant 
orrelations that have a low biologi
alsigni�
an
e be
ause the gel intensities do not 
hange enough. It relies on the standarddeviation [54℄ measured on the relative, non-ranked, gel intensities
Dx,y =

√

∑n−1
z=0 (

A”
x,y,z

A”
x,y,∗

− 1)2

N
(3)The standard varian
e (or RMS) of the mean divided gels will have a large value where there isa varying gel expression. At pla
es where the gel expression is 
onstant this value will be zero.Step 4
: The masked 
orrelation imageMultiplying the standard deviation mask (Eq. 3) with the signi�
an
e mask (Eq. 2) gives anew mask that 
an be superimposed over the 
orrelation image (Eq. 1).

R = C × S × D15



The pixel values of R no longer relates to the 
orre
t 
orrelation measure. Therefore, R formsan indi
ator, showing position of possible interest.Simulation of a 2DE image sta
kThe simulated gel-sta
k is based on the animation of di�erent 2D Gaussian 'bumps', de�ned as
G(x, y) = a.exp(−

(x−cx
wx

)2 + (y−cy
wy

)2

2
)

(cx, cy) is the 
enter position, wx and wy are the width and height respe
tively. a is theamplitude of the 
urve. Based on this Gaussian 'bump' a gel-sta
k, 
ontaining 15 di�erent gelswas 
onstru
ted. Every gel 
ontains: I) an out-fading spot (Fig. 2, spot α) with a growingradius from 10 to 100 pixels and lowering amplitude from 5.0 to 1.0. II) An ellipti
al spot (Fig.2, spot β) whi
h 
hanges shape from being small and tall (wx = 10, wy = 40, a = 5) to broadand �at (wx = 40, wy = 10, a = 5). III) Two spots with minimal (1.0) and maximal (5.0)amplitudes (Fig. 2, spots γ). IV) A moving spot (Fig. 2, spot δ) from left to right.PatientsThe study was approved by the lo
al Ethi
s Committee and samples 
olle
ted after informed
onsent. A total of 39 unique AML and 8 ALL patients were analyzed by 2DE andimmunoblotting for visualization of the p53 protein pattern by an amino-terminal targetingantibody Bp53-12. Patients were immunophenotypi
ally 
lassi�ed as positive when at least 20%of the AML 
ells expressed the membrane mole
ule [55℄. ALL and AML was distinguished byimmunophenotyping, see Table 1 with 
hara
teristi
s. AML FAB di�erentiation 
lassi�
ationwas determined by morphologi
al examination (mi
ros
opy) after May-Grunewald-Giemsa(MGG) staining [36, 37℄, a 
yto
hemi
al stain that predominantly re�e
ts protein-features ofthe leukemia 
ells. Cytogeneti
 abnormalities in AML 
ells were 
lassi�ed a

ording toWheatley et al. [56℄. The FAB 
lassi�
ation is re
ently shown to be re�e
ted in the geneexpression of the AML 
ells [38,39℄. The AML patients represent a 
onse
utive group with highleukemia 
ell 
ounts in peripheral blood (median blast 
ount 67.109/L, range 17-285), and atleast 80% of the peripheral blood leuko
ytes were AML 
ells. The ALL patients also representa group of 
onse
utive patients with high blood blast 
ounts (median 83.109/L, range 49-560).16



Leukemi
 
ell separation and sample preparationCell separation, storage and 
ulture of patient AML blasts were performed as previouslydes
ribed [28, 57℄. ALL and AML blasts were isolated by density gradient separation withLymphoprep (Ny
omed Pharma AS, Oslo, Norway) and 
ontained more than 95% malignant
ells. Normal granulo
ytes (97% neutrophile) and lympho
ytes (peripheral blood mononu
lear
ells 
ontaining 10% mono
ytes and predominantly T lympho
ytes) were separated by densitygradient 
entrifuging 
ombining Polymorphprep TM (Axis-Shield PoC AS, Oslo, Norway) andLymphoprep following the manufa
turers instru
tions. To avoid 
ontamination of the myeloidmono
ytes in the lympho
ytes, lympho
ytes and mono
ytes were separated using anautoMACS magneti
 sorter (Miltenyi Biote
 GmbH). CD14+ 
ells (mono
ytes) weremagneti
ally labelled with CD14 Mi
robeads (Miltenyi Biote
), following the pro
eduredes
ribed by the manufa
turer. CD14-PE antibody (Miltenyi Biote
) was used for �ow
ytometri
 determination of the purity of the two fra
tions (99% pure lympho
ytes in �owthrough, 94% pure mono
ytes in magneti
 eluate). Preparation for 2DE and immunoblottingwas performed as previously des
ribed [5, 58, 59℄. Brie�y, 
ells were washed in NaCl (9 mg/ml)and then lysed in 7% tri
hloroa
eti
 a
id. The pre
ipitated protein was washed on
e in 5%tri
hloroa
eti
 a
id and three times in water saturated ether to remove salts. The protein pelletwas resuspended in sample bu�er for 2DE gel ele
trophoresis (7 M urea, 2 M thiourea, 100 mMdithiotreitol, 1.5% Ampholyte 3 - 10, 0.5% Ampholyte 5 - 6, 0.5% CHAPS). 2D was performedusing 7 
m pH 3-10 (Zoom Strip, Invitrogen Corp., Carlsbad, CA, USA) isoele
tri
 fo
using gelstrips, following the manufa
turers' instru
tions. Ele
trophoresis was performed at 200 V for 60minutes, after whi
h the proteins were transferred to polyvinylidene �uoride membrane(Amersham Bios
ien
es AB, Uppsala, Sweden) by standard ele
tro-blotting. p53 protein wasdete
ted using primary Bp53-12 antibody (Santa Cruz Biote
hnology, CA, USA) and se
ondaryhorse radish peroxidase 
onjugated mouse antibody (Ja
kson ImmunoResear
h, West Grove,PA, USA) visualized using the Supersignal West Pi
o or Femto Chemilumines
ent Substratesystem (Pier
e Biote
hnology, In
., Ro
kford, IL, USA). Chemilumines
en
e imaging wasperformed using a Kodak Image Station 2000R (Eastman Kodak Company, Lake Avenue,Ro
hester, NY, USA) and were saved in TIFF format with the resolution of 300 DPI for
orrelation analysis. 17



Availability and requirementsProje
t name: 2DE Correlation AnalysisProje
t home page: http://bio4.itek.norut.no/
oradd06/Operating system(s): Platform independentProgramming language: IDLv6.1 [60℄Li
ense: All li
ensing inquiries should be dire
ted towards TTO Nord AS (Forskningsparken,9294 Tromsø, Norway. Phone: +47 776 29418). The method 
an be freely used in a
ademi
environments. The sour
e material [see Additional �le 5℄ in
ludes 
orrelation analysis, image
oloring, Gaussian bumps and the simulated images. A user friendly version of the software isbeing developed at http://www.sigtrans.org/2dgels.List of abbreviations
A Capital letters are used to denote image matri
es. An image is an element of R

w×h.
w and h are the width and height of the image.

Ax,y Pixel positions are written using subs
ript. Ax,y refers to the gray value of the pixelat position (x, y) in image A. Subs
ripts are members of N.ALL a
ute lymphoblasti
 leukemiaAML a
ute myeloid leukemia2DE two-dimensional gel ele
trophoresisFAB The standardized Fren
h-Ameri
an-British AML di�erentiation 
lassi�
ation.Authors' 
ontributionsWVB invented and designed the 
orrelation algorithm, pro
essed the digitized images, designedand performed 
orrelation analysis simulations, and drafted the manus
ript. NÅ 
arried outthe 2DE analysis of AML and ALL patient material, aligned the 2DE images and helpeddrafting the manus
ript. IH designed and 
arried out PBMC analysis and helped to draft themanus
ript. ØB 
olle
ted the AML biobank material, applied for ethi
al permission, 
olle
ted
lini
al information and helped to draft the manus
ript. BTG presented the original analysis
hallenge, helped to 
olle
t 
lini
al data, 
oordinated the work and drafted the manus
ript. All18



authors read and approved the �nal manus
ript. WVB, NÅ and BTG 
ontributed in the designof the study. KAH helped drafting the manus
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ontributed the idea to investigate thealignment a
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FiguresFigure 1 - 2DE Image Correlation2DE image 
orrelation relies on an aligned, normalized sta
k of 2DE images and a numeri
allabel asso
iated with every gel. Pixel per pixel 
orrelation between gel intensities (red arrow)and the external variable (blue arrow) 
reates a new image, showing areas in the gel that relateto the external parameter. In 
omparison to standard gel analysis methods, spot dete
tion isnot ne
essary and therefore less bias is introdu
ed into the analysis pro
ess. This te
hniquealso re
ognizes moving spots and spot shapes that 
hange.Figure 2 - Correlation towards a simulated 2DE gel-sta
k(A) Eight snapshots taken from a sta
k of 15 simulated gels generated using Gaussian bumps.Ea
h image 
ontains simulated spots with parti
ular 
hara
teristi
s. See Material and Methodsfor formula and details. (B) Correlation between the gel-sta
k and the variable t. Upper gels(a-
) visualizes the 
orrelation, lower gels (a'-
') are masked to visualizes only useful
orrelations. Correlation analysis was performed relying on di�erent ba
kground removalmethods. (a,a') without ba
kground removal; (b,b') with ba
kground subtra
tion, (
,
') usingba
kground division. (C) Correlation analysis under the presen
e of normal distributed noise:(a) 25%, (b) 50%, (
) 75% and (d) stepwise in
reasing noise from 0% to 75%. (D) Correlationstowards two randomized sets of biologi
al parameters. (E) Correlation towards the variable tpolluted with (a) 6% outliers and (b) 13% outliers.Figure 3 - Correlation of p53 isoforms towards 
an
er type (AML or ALL)(A) Correlation analysis of p53 2DE immunoblots from AML and ALL patient samples. Atotal of 73 immunoblot images from AML and 16 images from ALL were analyzed (left,
orrelation; right, masked 
orrelation). Green 
olor indi
ates positive 
orrelation for ALL(maximum positive 
orrelation 0.5557), and brown 
olor indi
ates negative 
orrelation(maximum negative 
orrelation 0.1464). (B) p53 protein expression in mature lympho
ytes,neutrophile granulo
ytes, and mono
ytes from healthy donors, examined by 2DE (a-
) andone-dimensional immunoblot (d). For 
omparison, protein extra
t from the di�erent normal23




ell types were analyzed by one-dimensional gel ele
trophoresis and immunoblotting (d). In themono
yte isolates, immunoglobulin subunits (heavy 
hain, light 
hain) from the isolationpro
edure were dete
ted in addition to weak p53-δ spots (
). Parallel samples of lympho
ytes,mono
ytes and neutrophile granulo
ytes were analyzed by one-dimensional gel ele
trophoresisfor dire
t 
omparison of the protein level in the di�erent 
ell types on the same immunoblot(d). All immunoblots shown are representative for three or more performed experiments. SeeMaterial and Methods for details on 
ell separation and immunoblotting te
hnique.Figure 4 - Correlation of p53 protein isoforms towards AML di�erentiation (FAB)Green indi
ates 
orrelation with more di�erentiated forms of AML. Su
h areas in 2DE imagesof M5 will have a higher intensity than 2DE images of M0. Brown indi
ates anti-
orrelationwith the more mature forms of leukemia 
ells. Su
h areas in 2DE images of M0 will have ahigher intensity than 2DE images of M5. (A) Correlation lands
ape of p53 in 73 AML imagesrelated to di�erentiation dire
tion and stage (FAB, Fren
h-Ameri
an-British 
lassi�
ation).The verti
al axis sets out the absolute 
orrelation value. (B) Correlation image demonstratingstatisti
al signi�
ant alterations in p53. Pro�le 1 shows the p53-δ region 
ontaining four
orrelating spots (r = 0.2). Pro�le 2 shows the sub-δ region anti-
orrelating at positions e andf. Pro�le 3 is the p63 region (p53 family member) 
orrelating towards the more di�erentiatedleukemia's. Pro�le 4, a p53 region anti-
orrelating with di�erentiated AML.Figure 5 - Intra-image testing for veri�
ation whether a 
ombination of opposing or similar
orrelations relates to the external variable.When the 
orrelation analysis reveals opposing or similar 
orrelation in two areas, the relationbetween those two areas might 
orrelate towards the external variable. Two examples are given.(A) shows that the α-area 
orrelates negatively and the δ-area 
orrelates positively. Does theintensity di�eren
e between the α-area and δ-area 
orrelate with the external parameter ? Toanswer this, one �rst 
al
ulates for every image the total intensity in areas with the size of thebounding boxes of α and δ. (Their sizes are designated sxα, syα, sxδ and syδ). Thereafter, theimages are slided over ea
h other (the red arrow, translation dx, dy) and subtra
ted prior to
orrelation. (B) The result shows no 
orrelation at observation point o1, indi
ating that thedi�eren
e between α and δ does not relate to the AML di�erentiation stage. (C) Given the24



positive 
orrelation in the δ-region and negative 
orrelation in the sub-δ-region, we want todetermine whether a mass 
hange relates to the AML di�erentiation stage. Image prepro
essing
onsists of shifting the image upwards (along the red arrow, whi
h is parallel to the mass axis)and subtra
ting it from the original prior to 
orrelation. (D) The result at observation point o2indi
ates that a mass 
hange of p53-δ strongly 
orrelates to AML di�erentiation.TablesTable 1 - Clini
al and biologi
al 
hara
teristi
s of a
ute leukemia patientsTotally 73 AML and 16 ALL images were in
luded in the analysis. All ALL patients had B-
elldisease and two patients 
omprised the b
r-abl fusion produ
t. 1 Patients were 
lassi�ed aspositive when at least 20% of the AML 
ells expressed the membrane mole
ule [55℄.
2Cytogeneti
 abnormalities in AML 
ells were 
lassi�ed a

ording to Wheatley et al. [56℄.Additional data �lesAdditional �le 1. Animated Correlation MethodA movie illustrating the 
orrelation method made with blender [61℄. The movie 
an be playedwith mplayer [62℄.Additional �le 2. Spot shapesTwo images showing the di�eren
e in spot sizes between M0/M1/M2 and M4/M5 samples. Thepro
ess of the 
hanging spot distribution 
an be visualized by sorting all images a

ording totheir FAB 
lassi�
ation and then showing them 
hronologi
ally. This is visualized in a smallmovie. The two images and the movie are 
ontained within a zip �le. It 
an be extra
ted usingunzip [63, 64℄. The movie 
an be played with mplayer [62℄.Additional �le 3. Correlation images illustrating impa
t of mis
lassi�
ationThe impa
t of wrong ALL versus AML diagnosis was examined by random swapping ALL andAML labels in the AML/ALL versus 2DE image 
orrelations. This results in lower 
orrelationvalues as expe
ted.
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Additional �le 4. Alignment a

ura
yThe 
orrelation algorithm relies on the 
orre
t alignment of input images. This pro
ess istypi
ally performed using 
alibration marks on gels. The additional data illustrates theimportan
e of 
orre
t alignment.Additional �le 5. Sour
e materialThe sour
e material in
ludes 
orrelation analysis, image 
oloring, Gaussian bumps and thesimulated images. The sour
e is 
ontained within a .html �le. The algorithm is implemented inIDLv6.1 [60℄.
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