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Abstract Univariate Pre-Selection Frequency-Based Validation
Background: Protein microarrays like the ProtoArray (Life For univariate feature pre-selection PAA provides the ! f ot
Technologies, Carlsbad, CA, USA) are used for autoimmune “minimum M Statistic” (‘M Score”, (3)), a measure that is - (1/3|']2/3| G1 (:,Ia;”;:rzﬁ'tﬁiﬁ;;‘m"
antibody screening studies to discover biomarker panels. For sensitive for significant subgroups: -[1/3 . 2/3| G2
ProtoArray data analysis the software Prospector (Life Fig. 4. The basic idea of the M — = _
Technologies) is often used because it provides an Score for a given feature is to ‘ 2. 300 eatures If;;ifssheal\?ﬂ;?,nes)
advantageous feature ranking approach (“M score"). ’ count its number of intensity "‘"“V '
Unfortunately, Prospector provides no capabilities regarding . values in one group (“m") = the i-th @ classifier
multivariate feature selection, classification, batch effect A largest value in the other group. X features (“random forest”, RF)
adjustment, and computational biomarker candidate ®i-» Then, the probability of this
validation. A a | scenario is computed. This is done
Results: Therefore, we have adopted Prospector's M score ’ . >Om=4 forr L l_tkr] largt(?st Vall:?r?;lanihbom Fig. 5 G Yvorkﬂow
approach and implemented a new R package called Protein 17— | 9roup Perspectives. y, the used in many microarray
: Score is set to the smallest studies.
Array Analyzer (PAA) that provides these features and a - . e
L probability for this feature. accuracy: Y%
complete data analysis pipeline for ProtoArray and other
single color microarray data that come in gpr file format. M isely: i ~
After optional data pre-processing and M score-based feature ore pretivlrzf Y / 507 — 61 \\
pre-selection a multivariate feature selection is performed. Step 1: To rate a feature, |jcaz) teaentgoup ! 0% ol x|
For this purpose, a backwards elimination (wrapper) approach count its number of values in |'=®2i+1=3 S SRR _ |
" C : : , , (I j):the"other group™, ! l- N !
("gene shaving” with random forest) has been implemented. group j > the i-th largest |, :numerof valuesineou i 5(1/3.2/3 g1 L @ accuracy: P%
For the selection and validation of stable panels a frequency- value in group (Lj): ., :number of values in group (1 - ), 1 13 273 G2 i o union set of all
based approach has been adopted. Furthermore, different — By - GG i e most frequent
plots and results files can be obtained to outline the analysis MO =S(x, >x ) =m, X"“”"'th'argesiv:'xu_e'ig__%)’ | i [ e
results. = s =510 s ¥ | ! |
Conclusions: We propose the new R package PAA for protein 0 0; 0 i i i |
microarray data analysis. PAA has been used to successfully P(Mi . m):kZP(MJ :k)’Where S _ 1 I :
: =m tep 2: Then, compute the L\ 100x/ !
analyse several different ProtoArray data sets (e.0. n+ng_, —k=i)k+i-1 ili i \ - d /
y . o . o . . i TNa-j probability of having at least \, 10-CV/
Parkinson”, “Alzheimer”, “Amyotrophic Lateral Sclerosis"). A i—1 1| such a m-value: N Paceuracy:yy T2 ,
Thereby, its suitability for biomarker discovery with protein P(M® =k )= D |
microarrays has been shown. [nj+n('j)j Fig. 6: The frequency-based (8, 9) PAA workflow selects
N most frequent features from 10-fold cross-validated 100 GS
ProtoArray Step 3: The reported M score for the considered protein is repeats and reports the average accuracy.
computed by minimizing the latter probabilities with respect to
detection assay: both groups and all i-th largest values: Exem pla ry Data
secondary anti- M score = min (min P(M® > m))
body for detection human blood serum - jelL,2} il .0 | i =
(Anti-human IgG- .
AlexaFlour647 nm) m autoantibody data set Gl |G2 |N1|N2|P |@ accuracy
Gene Sh aVIng “Alzheimer”* AD |NDC |20 |20 |24 | 86.075%
_— “Amyotrophic Lateral ALS |NDC [20 (20 |30 | 90.725%
For multivariate feature selection PAA provides a random Sclerosis"**
human protein spot forest (RF)-based (4) backwards elimination wrapper method “Parkinson”*** (biased!) PD |INDC|29 |20 |18 100%
ene shaving, GS, (5-7)): ,
(9 J (5-7)) a wrapper: gene shaving N Table 1: Analysis results of three exemplary two-group data
deleting19%feitureswit2thelowest sets are shown. Column "“G1l" shows the label of the
@ bl a_"_cera" > respective diseased group and “G2" the label of the non
classifier: RF diseased controls (“NDC"). Columns “N1” and “N2" show the
ntilone || e et e rankine number of samples in G1 and G2. Finally, column “P" shows
ProtoArray® by Life Technologies™ feature left KSpec'f'c"a”able'mp°rta"°e ranking / . P ' Yy “u |
~9500 human proteins (in duplicates) the number of selected features and column “@ accuracy” the
and controls (in total ~23200 spots) GS starts with the set containing all pre-selected protein average classification accuracy of the 10-fold cross
Fig. 1: The ProtoArray® protein microarray. features (S;). In the following iterations RF models are trained validation. *GEO record “GSE29676", (10)

and evaluated (10-fold cross validation) on variable set S; to
receive the variable ranking vector imp; and the classification
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**ProtoArray study conducted in our lab

loess, quantile and vsn (wrapper to imma (1)) as well as classification within the independent test set is performed for Fig. 7: PAA plots the
robust linear (2). Furthermore, PAA provides plots to compare returning the overall accuracy. intensities of  all
the results of the different normalization approaches (see selected faatliras PR
figure 2 and 3). Refe rences (one  sub-plot per
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