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ABSTRACT

Motivation: The DeCyder software (GE Healthcare) is the cur-
rent state-of-the-art commercial product for the analysis of two-
dimensional difference gel electrophoresis (2D DIGE) experiments.
Analyses complementing DeCyder are suggested by incorporating

used to label two different biological samples of interest. The third
dye can be used to label the ‘internal standard’ which is a pooled
mixture of all the samples used in the experiment, and is identical
on all gels. The power of the internal standard is in its potential to
adjust for the variability between gels and thus make the data across®
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recent advances from the microarray data analysis literature. A case
study on the effect of smallpox vaccination is used to compare the
results obtained from DeCyder with the results obtained by apply-
ing moderated t-tests adjusted for multiple comparisons to DeCyder
output data that was additionally normalized.

Results: Application of the more stringent statistical tests applied to
the normalized 2D DIGE data decreased the number of potentially
differentially expressed proteins from the number obtained from DeCy-
der and increased the confidence in detecting differential expression
in human clinical studies.

Availability: The marray and limma packages used here are available
from http://www.bioconductor.org/

Contact: fodorl@linl.gov

1 INTRODUCTION

Two-dimensional polyacrylamide gel electrophoresis (2D PAGE) is
technology by which thousands of proteins in a biological sample are
separated according to their isoelectric points and molecular weightﬁ,1
(O'Farrell, 1975; Gorgtal., 2000; Lilleyet al ., 2002). Intheory, each
protein is uniquely determined by its response along the two dimen;
sions of separation. Differences in the proteomes of multiple samples
can be studied by comparing the expression profiles of the proteins
on the gels. In traditional 2D PAGE, each gel contains one sample
which is compared with the samples on different gels, introducing

high experimental variability.

a

the experiment more comparable. The DeCyder differential analysis 5
software is a part of the Ettan DIGE System, and is used for analyzing 8
the data and quantifying the differential expression of the proteins
(Tongeet al., 2001; Albanet al., 2003; Amersham, 2003).

Although there are fundamental differences in 2D DIGE and
gene-expression microarray technologies, many of the difficulties
encountered in the analysis of 2D DIGE data are similar to prob-
lems that arise in the analysis of microarray experiments: proper
normalization of the data within and between the gels (arrays), mul-
tiple hypothesis testing and the quest for improved test statistics that
exploit the common information across the proteins (genes) (Huber
etal., 2002, 2003; Smytkt al., 2003b; Dudoit and Yang, 2003; Cui
and Churchill, 2003). Since data from 2D DIGE experiments exhibit
similar characteristics to microarray datasets, we adapted methodss
developed by researchers in the microarray field to address statistical§
challenges in analyzing proteomic data from 2D DIGE. a3
Earlier studies based on DeCyder version 4.0 proposed robustZ
Statistical methods and normalization techniques to complement€
e analytical tools in DeCyder (Kredt al., 2004; Karpet al., &
2004). We offer additional improvements in the assessment of dif- S
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ferential protein expression by combining related normalization 3
methods with novel statistical tests, based on a study with DeCyder Z

B]

version 5.01.
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2 APPROACH

Unltietal. (1997) proposed 2D difference gel electrophoresis (2D1o investigate the response of the human proteome on exposure
DIGE) as a method to overcome gel-to-gel variability inherent to 2Dto smallpox vaccination, a proteomic study involving five human
PAGE. More recently, 2D DIGE has been commercialized throughsybjects, before and at five time points after vaccination, was under-
the Ettan DIGE System of Amersham Biosciences (now a part of GRaken. Based on literature indicating the advantages over other 2D
Healthcare), thanks to the development of the three size and chargge| methods (Tonget al., 2001; Albanet al., 2003), 2D DIGE
matched, spectrally resolvable CyDye fluors Cy2, Cy3and Cy5. Gelgas selected as the technology platform. Blood samples were col-
Using the DIGE method contain three Samples labeled with the thre%(:ted from five volunteers at six time points before and after
distinct fluorescent dyes Cy2, Cy3 and Cy5. Typically, two dyes areyaccination, with informed consent under the Institutional Review
Board approval from Lawrence Livermore National Laboratory. The
samples were prepared and labeled following the manufacturer’s

*To whom correspondence should be addressed.
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Table 1. 2D DIGE experimental design. Each gel had three samples, twdfor each spotp and gelg in the experiment. VOICy@ represents

corresponding to a subject sample with time of collection indicated (labeleghe normalized volume of spgt on gelg in the Cy5 sample and
with Cy3 and Cy5) and a pooled standard that was common on all gels Iabelegm”aﬂy for the other two dyes.

with Cy2 The statistical analyses in DeCyder are based on the standard-

ized protein log abundances, which are defined as the log10 of the

Time Subject standardized abundances. In theory, the standardized log abundances

S1 S S3 Sa Ss follow a normal distribution and are comparable across all spots
and gels.

T1: 1 h prior Gel 1 Gel 4 Gel 7 Gel 10 Gel 13 The output from DeCyder was exported and analyzed in the R

T»: 1 h post computing environment (http://www.r-project.org/).

T3: Day 1 Gel 2 Gel 5 Gel 8 Gel 11 Gel 14 o . . .

Tj‘ DZ§3 2.1 Fitting linear modelsto assess the differential

Ts: Day 7 Gel 3 Gel 6 Gel9 Gel 12 Gel 15 expression of proteins g

Ts: Day 14 The goal of the study was to detect proteins that showed differential =

expression post-vaccination. Thus, all pairwise comparisons among®
the six time points were of interest.

pl’OtOCOl for 2D DIGE and included the removal of the six pI’OteinS DeCyder provides two choices for determining if a protein is dif-
with highest abundance (Chroreyal ., 2004). Details of the sample  ferentially expressed between two groups: one based on the fol
processing are available from the authors. The resulting 30 samplesange and the other on ttRevalue from the traditional Student’s
were arranged on 15 gels as shown in Table 1. The 30 biological-test. Fold change is calculated as the ratio of the average standard-
samples (five subjects, six time points) were analyzed by 2D DIGEzed abundances corresponding to the two samples,;land S,

in triplicate, resulting in 45 total gels. In two replicates, on any denote the average standardized abundance of prptirgroups
given gel, the sample corresponding to the earlier sampling time was— 1 and 2, respectively,

labeled with Cy3, whereas the sample corresponding to the later time

was labeled with Cy5. In one replicate, the dyes were swapped. All 5= ZRpgeGroun Rpg + ZGpgeGroun Gpg @)
gels contained an identical third sample, the pooled standard labeled P |Rpg € Group| + |Gpg € Group| '

with Cy2. The scientific goal was to identify proteins that were dif-

ferentially expressed in response to smallpox vaccination, as a mod
for smallpox. The aim of the presgnt.study was to inyestigate the res- +8,1/8,2 for S,1> 5,2,
ults obtained with DeCyder and indicate possible improvements in Fp = R
proteomic data analysis.

DeCyder version 5.01 was used for spot detection and matching, k-fold expression increase/decrease is reflectedtih/a— k value
across the gels (Amersham, 2003). Both the Differential In-gel Anaof F,; no change corresponds i = 1.
lysis (DIA) and the Biological Variation Analysis (BVA) modules
were used: the former to codetect and quantify the spots on a giveis to combine the two measures and find the proteins that exceed a
gel in terms of the ratios of the Cy3 and Cy5 sample volumes to thgyredetermined fold change with a predetermined significance. S
standard Cy2 volume, and the latter to match the spots and standard-In the microarray literature it has been shown that in order to test
ize the ratios across the gels accounting for the observed differencgsr the differential expression of many genes in parallel, the tra-
in the Cy2 sample volumes on the gels. For each gel, the spot bounditional Student's-test can be improved upon (Cui and Churchill,
aries obtained from the Cy2 image were copied over to the imageg003). One common approach is to adjust the gene-specific standar{f
of the other two samples on the same gel. Since the internal standagéviation estimates with adjustment factors calculated from a lar- g
was identical on all gels, the software performed the matching onlyjer set of genes. The idea is to take advantage of the fact that the;
on the internal standard images labeled with Cy2, without introdu-same model is fit across all genes. The detail lies in specifying how
cing sample-to-sample differences into the matching. The master géhe gene-specific parameters and variances differ. Improved statist=,
was chosen as the gel with the most spots. The other spot maps weits based on empirical methods have been suggested in Baldi and
matched to the master image with a proprietary ‘pattern recognition.ong (2001) and Efroet al. (2001). The moderatedstatistic intro- s
algorithm that matches one single spot in one gel to a single spot iduced in Lénstedt and Speed (2002) and further explained in Smyth
another gel based on its neighboring spots’ (Amersham, 2003). T¢2004) (http://www.bepress.com/sagmb/vol3/iss1/art3) is based on &
increase the accuracy of the automatic gel-to-gel matching, carefiierarchical, hybrid classical/Bayes model and has been shown to
manual landmarking was performed as recommended in the softwarellow a ¢-distribution under certain assumptions.
documentation. In addition to the traditionatstatistics, the moderateebstatistics,

The volume of a spot for a given dye is defined as the fluorescends implemented in Smytkt al. (2003a), was also used in this study
intensity of the corresponding dye integrated over the area of a spaia order to determine the differential expression of proteins. The
Normalized volume refers to the volume normalized across the threproblem was cast in a general linear modeling framework which
dyes and across the gels. One of the outputs DeCyder provides fscilitated testing using both methods. Consider the model
the ratio of the normalized volumes, also called the standardized
abundanceS, Ypij = Opi + €pij» (4)

gien the corresponding fold change is

®)

—sz/gpl for §p1<Sp2.
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Rpg = VoICyS5p9/VOICY 2, ) whereyyij is the standardized log abundance of replicatd time

Gpg = VoICy3,,/VoICy2y, T; of protein spotp, ap; is the unknown expression level of protein
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spotp at timeT; andep; is a random error, fop = 1,...,2384  systematic trends which depended on the value @fig. 4a and 4b);
(number of spots); = 1,...,6 (number of time points) ang = therefore, local intensity-dependent regression lines through the data
1,...,15 (number of replicates at each time). To follow the analysiswere fitted using the loessFit functioni Next, theM -values were
with DeCyder, the 3 replicates of the 5 subjects were treated aseplaced by the residuals from the fit which resulted in pattern-free
15 replicates. MVA plots (Fig. 4c and 4d). The second normalization step used
For a given spop, lety,, denote the vector of the 90 observations boxplots for between-gel normalization (Fig. 5). Itinvolved compar-
at that spot, ordered according to time: the first 15 values are thang the ranges of the regression-correciéelvalues across the 45
replicates at timd, followed by the 15 replicates at timé@s, T3, gels, and scaling them so that the middle 50% of the data on each
T4, Ts and Ts. Similarly, lete, denote the corresponding vector gel spanned the same range.

of random errors. It, = (ctp1,ep2,...,ap6)", then the model in Let Mpg andA g denote the corrected values after the MvA normal-
Equation (4) can be written in matrix terms as ization within gels and boxplot normalization between gels. Next,
the inverse transformation of Equation (9) was used to transform

Yp=Xap+ep, (5) My and Apg back to the original RG scale, and obtain the nor-

malized standardized abundandeg, and Gpy corresponding to
Equation (1). The standardized abundances from DeCyder were thu
further normalized.

The linear model fitting described in Section 2.1 was repeated at

where the design matriX has size 90< 6, and itsi-th column
has 15 ones in it x 15th positions fori = 1,...,6, and is zero
everywhere else.

Testing the equality of the expression levels at different times can,

) o : ) . .~ ““"each ofthe spots, using the Iogl(lfq,fg andf;,Dg as the response vari-
be easily specified with appropriate contrasts, or linear comblnatlongbIe in Equation (4). The model was identical to Equation (5), except &
of the parameters. For example, testing the null hypothesis that th : ' &

. . : : fhat the data at each spot consisted of the 90 normalized standardized:
expression level of spgt attimeT} is equal to the expression level log abundances instead of the 90 standardized log abundances
at time7>, .

Beojumog

1y Wolj pa

Ho:ap = ap, 6 L
0 Tt = e ©) 2.3 Adjusting the P-values

is equivalent to Another challenge in the analysis of 2D DIGE data that is shared

Ho : Bp12=0, (7) with the microarray data analysis community is the massive mul-

tiple hypothesis problem (Shaffer, 1995). Regardless of the data

where ; :
used and the testing procedure employed, the resuRinglues
Br12=C e, =(-110000a,. (8) JP p oy na
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. . o .___taneously. The unadjusteetvalues that result from the individual
For each spot in the experiment, the 15 pairwise CoMPANSoN3 o «ts applied separately at each time point pair and at each s otf;;'
among the six time groups were performed, using both the tradi- PP P y P P P

. . . _ . oge E

tional (corresponding to the results from DeCyder) and the moderate?re tqo optimistic. At ther o 0.05 significance I'evel, L every 20 =
N ests is expected to result inRxvalue less tham just by chance. Q
t-statistics. <l
As the number of tests increases, so does the number of false posit+3

2.2 Normalizing the standar dized log abundances ives. Several adjustment methods have been proposed. The simplesg
The distribution of the standardized log abundances showed syQn€ IS the Bonferroni correction, which multiplies the unadjusted ¢
tematic biases within the gels and had different ranges across thfe values by the total number of tests performed. A less stringent, &
gels. Since both of these problems have been encountered by tR4t more practical approach for the present case is the false d'SCOV'E
microarray analysis community, methods developed to address the§% rate method of Benjamini and Hochberg (1995). Redenote 3
issues in microarrays were investigated. Specifically, the limmg"€ total number of rejected hypotheses, &ritie number of falsely z
Norm package from the Bioconductor project (Smetthl., 2003a) rejected hypotheses, out frqm the total number of.S|muI.taneous tests:=
was used Then, the realized False Discovery Rate (FDR) is defined /a®, S
To perform the additional normalizations, the standardized abundi©’ ® > 0, and 0 otherwise. Since is unobserved, Benjaminiand =
ances in Equation (1) were first transformed into Aie- A space, ' iochberg (1995) developed a sequenfiatalue procedure thatcon- =
where trols theexpected value of the FDRE(FDR), under the assumption g
Mg = 100, (Rog/Grg) that the test statistics are independent. The resulting process control$s

Apg_ 1 22Io D?R P ,G ) (9)  E(FDR) atthe fixed levet for any joint distribution of theP-values. X

pg = 1/21005(Rpg > Gpg)- Although the independence assumption is not always satisfied, the®

FDR method is often used because of its simplicity. Since its results
gre preferable over the unadjustee/alues, here the FDR procedure
in R was used.

Apg measures the Average, ahtyy (Minus) the difference between
the intensities of the two samples (samples labeled with Cy3 an
Cy5, respectively) on a log scale at spobn gelg. Assuming that
the majority of the proteins were not differentially expressed between

the two conditions, the plot a#f,g versusApg (MvA) for a given

gel should result in a random scatter around the zero-line with n RESULTS

systematic trends. Observed systematic variations may be the reBigure 1 displays the standardized log abundance data for one protein
ult of different labeling efficiencies for the Cy3 and Cy5 dyes, asspot. Assuming that a protein was present in all the samples and that
well as different scanning settings and gel effects. In microarraysits corresponding spot was found and matched across all 45 gels,
dye imbalances often vary according to the average spot intensitthere should be 15 values at each time point: three replicates for
A (Smythet al., 2003b). The MVvA plots for the 45 gels exhibited each of the five subjects. For spot 1186, the third replicate of gel 8

3735



I.K.Fodor et al.

Spot number 1186 Table 2. The number of spots witk-1.5-fold change and-value <0.05.
Pairwise tests using the standardized log abundances and Studest's
8 31
_§ Unadjusted FDR-adjusted
S o T2 T3 Ty Ts Ts T2 T3 Ty Ts Ts
2 S T RmEL T
ém % = T1 7 47 62 53 54 0 8 11 8 11
3 g ] T 47 53 71 59 11 15 8 11
S T3 3 32 49 1 5 13
_<§ ° T4 55 58 9 19
S <1 Ts 8 1
& |
o
\—Ii - T T T T T T
-1 hr lhr Dayl Day3 Day7 Dayl4
1 ___,_J-—rﬂ"’"‘“

Fig. 1. The standardized log abundance for one spot. Numbers indicate gels,
letters stand for replicates, and colors represent subjects. The dotted line S
connects the averages at the six time points.
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Fig. 3. Sorted FDR-adjuste@-values for the pairwise-tests that compare
o the average standardized log abundances at Tiitte the subsequent time

points.

o

10 20 30 40
Number of gels a spot was matched on

Fig. 2. Histogram of the number of gels a spot was matched on: 2384 spotte C(.)rrespondirjg numbers under the una.ldju.sted and FDR-adjuste
and 45 gels. cells in Table 2 illustrates the effect of adjusting for multiple com-

parisons. The number of ‘interesting’ spots decreases dramaticall)%’

after the multiple statistical hypothesis testing problem is addressed 5
is missing, evidenced by the two green lines connecting Day 1 and when aggregating the possibly overlapping results of the 15 pair- 3
Day 3in Figure 1. wise comparisons, a total of 310 unique spots hads-fold change

A total of 2384 spots were identified on the master gel, defined t&and unadjusted’-va|ue <0.05 in at least one pairwise test. The
be the gel containing the most spots. Figure 2 presents the histogragarresponding number based on the FDR-adjuBtedlues was 83.
of the number of gels a spot was matched on. Fewer than 150 spotsFigure 3 displays the sorted adjustBevalues from the pairwise
were matched on atleast 40 of the 45 gels. The less stringent criterigntests calculated at each spot comparing the five subsequent times to
requiring at least five observations at each time point resulted in 1026, . A possible explanation for the unique shape of the T2 versus e >
spots. curve (solid) compared with the other curves in Figure 3 is the fact =.
. , . . thatthe T2 versus T1 comparisons involved spots from the same gelsi
31 R%ultsm_nth the Student’s ¢-statistic using the whereas the others compared spots from different gels. Example stats
standar dized log abundances istics for the number of spots included in the intragel versus intergel

Table 2 presents the number of spots with 5-fold change, and with  comparisons for Subject 1 were: T2 versus T1: 1133 spots (equal to
P-value <0.05, for each of the 15 pairwise comparisons involving the number of spots on gel 1a that were matched with the spots on
the data at two time points. The response was the standardized ldlge master gel), T3 versus T1: 714 spots (the number of spots on gel
abundance and the test was based on the traditiestalistics. The  1a that were matched with the spots on both gel 2a and the master
values in the unadjusted columns used the unadjudtedlues that  gel), T4 versus T1: 714 (same as for T3 versus T1), T5 versus T1:
resulted from performing the traditionatests independently ateach 780 spots (the number of spots on gel 1a that were matched with the
of the spots and time pairs. The fold changes andtlvalues corres-  spots on both gel 3a and the master gel), T6 versus T1: 780 (same
ponding to the individual spots under the unadjusted heading matchs for T5 versus T1). Similar trends existed for the other subjects
the results given by DeCyder. The FDR-adjusted columnsreferto as well: more (and better matched spots) for intragel comparisons,
values that were adjusted for the multiple comparisons. Comparinfewer (and less well matched) spots for intergel comparisons.
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Fig. 4. The MvA plots for gels 12a and 14a)(and p) based on the standardized log abundances from DeCyjlend @) the corresponding results after
the loess normalization. The titles reflect the number of spots from the given gel matched to spots on the master gel.

Table 3. The number of spots with-1.5-fold change and FDR-adjusted values within the boxes of the boxplots) than any of the other gels.
P-val <0.05. Pairwise tests using the moderatestatistics and (a) the

standardized log abundances and (b) the normalized standardized kﬂ%)ecific to either that gel or the processing of that gel, as the corres-

-2

-3

Gell2a: n=929

®) Gellda: n=w952

abundances.

(@) (b)

T> T3 Ta Ts Ts T> T3 Ta Ts Ts
T1 1 3 4 3 0 1 4 4 0 0
T2 4 9 5 2 7 7 5 6
T3 1 2 2 0 4 2
Ty 3 2 4 4
Ts 1 0

3.2 Resultswith the moderated ¢-statistic using the

standardized log abundances

Panel (a) of Table 3 is similar to the FDR-adjusted panel of Table Zyvith the moderated-statistics. Combining the results of the 15
and presents the corresponding results obtained using the moderafe@"wise tests resulted in 13 unique spots. Results with the unad- =
t-statistic along with the standardized log abundances. Results witlyStedP-values were generally higher, but overall comparable to the
the unadjusted-values were generally higher, but overall compar- Unadjusted results in Table 2.

able to the unadjusted results in Table 2. Aggregating the results of

the FDR-adjustedP-values from panel (a) of Table 3 from all 15

pairwise tests resulted in 13 unique spots.

3.3 Resultswith the moderated ¢-statistic using the

nor malized standar dized log abundances

The unusual distribution for gel 3c was probably caused by problems

ul01q/woo dno-olwepeoe//:sdiy Woll papeojumo(]

ponding distributions for replicates 3a and 3b did not exhibit such
anomalies. Figure 5b presents the corresponding results after within-S
gel normalization. Consequentto the local regression fit, the boxplots o
in Figure 5b are all centered around zero. However, the interquartile g
ranges show differences across the gels. The between-gel normaliz£
ation step brings the interquartile ranges of the gels onto the sameZ
scale, as shown in Figure 5c. After the MvA normalization within
arrays and boxplot normalization between arrays, the normalized =
standardized log abundances corresponding to the six time points in<
the experiment were obtained as described in Section 2.2. Figure 6‘§
displays the result for spot 1186 whose standardized log abundance®
data were shown in Figure 1.
Panel (b) of Table 3 presents the number of spots withleb-

fold change and FDR-adjustédvalue<0.05, using the normalized
standardized log abundances as the response variable and testin

w.ioy
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¥202 1Mdy 6

4 DISCUSSION

Figure 7 aggregates the results of the three FDR-adjusted methods
in Section 3 in a Venn diagram. The numbers in the circles represent
unique spots. Of the eight spots commonly identified by all three

Figure 4 displays MvA plots for two gels, before (a, b) and afteradjusted methods, only one spot (2196) had enough observations to
(c, d) the normalizations within the gels. The data for most of thebe of practical interest from a statistical perspective, loosely defined
other gels showed similar characteristics. Figure 5 shows the effedtere as having at least five observations at each time, irrespective
of the additional between-gel normalization step. Figure 5a displaysf which subject the available replicates belonged to and keeping in
the boxplots of theV values based on the output from DeCyder. mind that subject variability and host response could result in differ-
Differences among the gels are clearly visible, especially for gel 3@ntial expression. Of the three spots commonly identified by TAdjs
which had a higher interquartile range (the middle 50% of the dataand NormModTAdj, two (1506 and 1596) contained the required

3737



I.K.Fodor et al.

@

o
8 8
H o o
0 s g g
. 8 °° g
°0
il iﬁgiia‘iiﬁiiiii.giau‘n‘su nsiiathe
o sooestos jHaEtae "s :.sess¢=$$s
I 'ngl |ng"g!gz !*Is ',ogggll!l:g
§ l 8o °a° o:
Lrl’- §§ oe : g é ° goo o 3°§°;
o o
° oy ° ° R ° o
of °¢ ¢ °
‘—||- °
la 2b 3c 5a 6b 7c 9a 10b 12a 13c 15b
(b)
n | )
-
o
8- ° °
o
8 ]
o
° ° o 8 o
° ° ° 3 o o gii 090 M
o .!2.,2iiiiéi!iéé;;;:;i%%gz;zzg.@éiguaziﬁéé;
1 !9333!"!'!93!!8'8 HURHTTHHITHHT
8 ofjoo° 8° ° §°g °°o 6%,
I-{I)- °cf® 8§ 8,0 ° o o 8 o g ° :o
° ° o 8 0o
) ° oo ° °°
3
la 2b 3c 5a 6b 7c 9a 10b 12a 13c 15b
(©)
o
§ ..
[Topm o
b :
o° 00 509 8o ° ooo °
o o 50 o o °
liiailiinsiannsitiiisssoneniistenin
o+ $$$$???$$?$$?$??$$ﬁ?$$?$$$?$?$$$$$?$$$$$$$$$
M T
S8R 8° .o §° o878 8o DTBISEt,
[Tl S 8 ° ° °© ge ° °§° g ©
4 ° ° ° ° ° 8o
ot o °g °
8 ° ° o ° 0° °
o ¢ °8
la 2b 3c 5a 6b 7c 9a 10b 12a 13c 15b

Fig. 5. The boxplots of theM-values for the 45 gelsaj before, b) after
within-gels and €) after within- and between-gel normalization. The gels
are ordered sequentially according to the experimental design in Table 1: th
three replicates of gel 1 (1a, 1b, 1c) followed by the three replicates of gels

through 15 (15a, 15b, 15c).

Spot number 1186
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Fig. 6. The normalized standardized log abundance data corresponding t

Figure 1.

TAdj ModTAdj

NormModTAdj 2296

Fig. 7. Venn diagram comparing the results based on the three FDR-adjuste
methods in Table 2 (TAdj), Panels (a) (ModTAdj) and (b) (NormModTAdj)
of Table 3.
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Several factors contributed to the higher complexity of this clinical
study, as compared with other published 2D DIGE experiments: (1) S
the choice of using human blood, one of the most complex proteome&j‘,
with estimates of 100 000 circulating proteins with a wide dynamic £
range in concentrations; (2) subject-to-subject variability within the € c
five vaccinees; (3) challenges of variable host immune response; (4)9,
the large number of gels involved. In addition, the gels were preparedS
in-house. Although the extent of the following challenges is expected ©
to be less severe in simpler experiments, the qualitative conclusions®

rawn here remain valid for other 2D DIGE studies as well. Our
preliminary findings with precast gels (whose reproducibility has
been improving in recent years) suggest significant improvements
in the quality of the data.

vc0oc U

number of data points. Being identified by more than one adjusted
method suggests a higher confidence that these spots represent pro-

teins that are indeed differentially expressed. Confirmation reqwreé

Normalization

protein identification by mass spectrometry followed by further val-We found evidence for inadequate normalization of the data within
idation experiments. The three spots identified only by the ModTAdjand between the gels. Our results agree with other recent findings
method, the two spots identified only by the NormModTAdj method (Kreil et al., 2004; Karpet al., 2004), and indicate the need to
and the two spots commonly identified by TAdjs and ModTAdj, eachdevelop better techniques. Since the global characteristics of the data
had less than five values per time point, so in this case were not comesembled data from microarray experiments, we suggested meth-
sidered although importantinformation may still be found from theseods developed in that community as possible ways to improve the

patterns.

normalization of proteomic data from 2D DIGE.
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Statistical challenges in 2D DIGE

4.2  Accounting for multiple comparisons all the T1 samples, or including on all gels an identical T1 reference

Whenever there are multiple hypothesis tests, the observed signifis@mple labeled with either Cy3 or Cy5, would have led to superior

ance levels have to be adjusted. Here the FDR method was used. "eSults. These and other alternatives should be explored, balancing
the cost of running the experiment with the quality of the results.

4.3 Matching spots across gels

Although the spot matching rates observed in this study may seeft:6 ~Statistical modeling

low, there are no reports upon which to compare our results for &roper experimental design should be an integral part of any expeti-
human plasma clinical study. Published studies citing 52% (Albarment. The design in Table 1 was chosen following recommendations
et al., 2003) and 67% (Yast al., 2002) of spots matched on gels in Amersham (2003). To formulate the optimal design for a given
relied on far fewer gels (12 and 8, respectively) and the use of simplegxperiment, we advocate interaction with statisticians on the alloca-
biological samplesHscherichia coli) which would not be affected tion of the samples to the gels, and on proper randomization. Results
by genetic variability characteristic to human subjects. In addition for microarrays (Kerr and Churchill, 2001) could be extended.
differences in spot matching can be attributed to the wide isoelec- The linear modeling framework of Smytt al. (2003a) used

tric point (pl) and molecular weight (mw) region used in our study: here provides a flexible extension to the simple tests provided in 2
non-linear pl range 3-10, mw range 200-20 kDa. By targeting dDeCyder. Testing additional hypotheses involving different subsets §
narrower pl or mw region, protein spots would be better resolvedf the subjects and the time points amounts to specifying different =
with improved subsequent matching results. The number of spotdesign matrices and contrasts, then proceeding with the estimation
specified as an input to the DeCyder algorithm also affects the resas described within. Functionality in R allows one to fit the linear =
ults. The strategy in this study was to start with a large initial spotmodels using robust techniques that minimize the effects of outliers. S
number(2500 in order to maximize detection of small-abundance Accounting for the different number of data points at the different =
proteins. The large number of spots specified, however, could leaspots is automatically included in the models.

to the inclusion of dust particles or other artifacts. Thus, the current Although the moderated-test provides an alternative to the
state of the technology is not fully automated, and all potentiallyStudent'sz-test for pairwise comparisons, other methods are also
interesting spots should be manually verified. possible. From a statistical perspective, a more appropriate way tog
. . analyze the data is to fit a mixed effect model at each spot, treating g
4.4 Spot migration the subjects as five blocks and the gels as two blocks within the sub-3
Microarrays consist of a fixed grid of spots, where each spot containfgcts (Pinheiro and Bates, 2000). Then, one test at each spot is use(g
a unique DNA sequence from a known gene. In contrast, proteingo determine if there are any differences among the six time points.
migrate through the gels according to their pl and mw. Genetic dif{ncluding the block effects improves the estimation of the time effects
ferences between subjects and post-translational modifications may interest, and separates the biological replicates from the technical =
resultin certain protein spots missing from certain gels, or the ‘sameteplicates. The two-factor Analysis of Variance (ANOVA) model in
protein migrating slightly differently on the gels. The challenge is DeCyder only supports fixed effects, and is unable to model the ran-
to untangle the biological differences in protein expression from dif-dom subject and gel effects. Since both the subjects and the gels areg
ferences owing to experimental variation. Spot migration is thus ongamples from larger populations, random effects are appropriate for =<
fundamental difference between microarrays and gels that needs them. We performed the described mixed-effect modeling at each ©
be addressed, in particular as it relates to spot matching and modspot, and found four spots with FDR-adjust&elvalue for a time o~
development. The mechanistic approach of this paper to ignore spotsdfect <0.05 and at least a 1.5-fold change between any two time &
with poor matching was only a first attempt to understand the datapoints. Of the four spots, one spot (2196) was previously selected &
More sophisticated methods that take into account the underlyingy all three adjusted methods. Since spot 2196 was identified by aﬁ
biology should be developed, as unmatched spots between subjeetsmber of different methods, it has the highest confidence that it &
may hold information of biological interest. is indeed an example of a differentially expressed protein following «<
. . smallpox vaccination.
4.5 Intragel versusintergel comparisons The statistical models used here have certain assumptions, such ag
Although the internal standard is used in 2D DIGE to guarantee thaiormality of the errors and independence of the observations. How- 2
all spots are comparable across all gels, we found evidence to th&er, these models can be used in an exploratory fashion even if thex
contrary. The distinct shape of the T2 versus T1 curve, comparegata exhibit departures from the assumptions (Smyth, 2004). Further=:
with all other time points in Figure 3, points to the different nature model developments should incorporate more realistic assumptions§
of comparing samples from the same gel and comparing sampleghout the data. In addition, they should also take into account the =

from different gels. Such differences are most likely because of thetate of the proteins, which will require close collaboration between
imperfect intergel matching. The distinct pattern of the T2 versus Tlkhe proteomics and statistics communities.

curve persisted over the T4 versus T3 and the T6 versus T5 compar-

isons, but not over the other pairwise comparisons. To minimize the

effects of matching, samples of most interest in comparing should be CONCLUSION

placed on the same gel. Improvements in spot detection and matcfhe 2D DIGE technology plays an important role in proteomics, and
ing should mitigate the differential effects observed in the intergelrigorous data analysis techniques are essential in quantifying the dif-
comparisons. Performing the spot detection separately on each girential expression of proteins between biological samples. Here,
image (instead of only on the Cy2 images) may increase the accuracye presented readily available statistical methods to improve the
The high complexity of the internal standard may have contributed t@nalysis of 2D DIGE experiments. Our goal was to offer analytical
the poor matching. Perhaps a simpler internal standard consisting @hprovements with small investment to the user. We achieved this
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goal by borrowing methods from the microarray literature, and show-Chromy,B.A. et al. (2004) Proteomic analysis of human serum by two-dimensional
ing their feasibility and suitability to the analysis of 2D gels. To differential gel electrophoresis after depletion of high-abundant proteiRsoteome
objectively quantify the effects of the proposed techniques, we ar%uRes"* 3, 1120-1127.

; . L K i,X. and Churchill,G.A. (2003) Statistical tests for differential expression in cDNA
currently undertaking atechnical variability study using human blood experimentsGenome Biol., 4, 210.

samples. Dudoit,S. and Yang,Y.H. (2003) Bioconductor R packages for exploratory analysis and
In addition to the problems shared with microarrays, 2D DIGE normalization of cDNA microarray datdhe Analysis of Gene Expression Data:
presents additional difficulties in spot detection and matching, espe- Methodsand Software. Springer, NY, pp. 73-101.

. . Co . - Efron,B.etal. (2001) Emprirical B lysis of a mi
cially when used in complex studies involving clinical plasma roA;OCet;ﬂG (lfglzlln;gr'"ca ayes analysis of a microarray experimedm. Sat

samples. Future advances inimage processing and in statistical Mogsg a. et al. (2000) The current state of two-dimensional electrophoresis with
eling specific to proteomics will further enhance the quality of 2D  immobilized pH gradientsElectrophoresis, 21, 1037-1053.
DIGE results. Version 6.0 of DeCyder, released after the completiofiuber,W.et al. (2002) Variance stabilization applied to microarray data calibration and

of this study, offers improvements over the version used here in areas o the quantification of differential expressidioinformatics, 18, S96-S104.
o - L . uber,W., von Heydebreck,A. and Vingron,M. (2003) Analysis of Microarray Gene
such as normalization and adjusting the significance levels in mul- Expression Dateandbook of Satistical Genetics, 2nd edn. Wiley, Vol 1, 162-187.

tiple comparisons. We will take full advantage of the latest softwarecarp,N.A. et al. (2004) Determining a significant change in protein expression with
in the future. DeCyder during a pair-wise comparison using two-dimensional difference gel
electrophoresisProteomics, 4, 1421-1432.
Kerr,K.and Churchill,G.A. (2001) Experimental design for gene expression microarrays.
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