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- M/ EXper| ence with Proteomics in general
=IEDN Jr partlcular

- riounr g m_z values
—— ﬂ'hree Comparisons — peak versus auc
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—— Potentlal uses for AUC
® Conclusions



Protaonmlesiel W-eet-i@

g

—— - e — s - —

—

S8 0zl feli] orr=r urotelns based on pl and molecular weight 2D = 2

dinen 5JJr15 = 5-.- -

$ /—\r]\/rlf_f:gf hoth ini 2D Gel engineering and Image Analysis Software

mrr}'m i this valuable technology.

| -’a’!’ issues with 2D—

= experlmental design issues —Sample size, replicates etc.
pre-processing & its effect on results of analysis

Optimal analysis techniques
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My opinion SELDI + 2D = quicker biomarker discovery
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— J.,d“ not have time to concentrate only on

~ SELDI data and develop novel methods with
-~ new language etc. 6 — 10 mths down the road
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SNVIYAIPETEtVE 1o develop reliable , good
mermom if at can be Implemented: ini SAS
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ES’[ provide investigators with result

?‘iﬁédeéd to use known statistical methods
- tweaked to fit SELDI data better



VIYAEXIE! Ieﬁ(}_ﬂ!th SE!DI"“ —
F\mrljy/ar er Sie mmmmg——ﬂ

20 30 samples

5 e fed more or less blind —applied my experience
% { 112D data

> -_'. = Protocol used — comparison of total protein expression
- In two groups, normalization, two sample tests, PCA &
- Discriminant Analysis

_-—‘-T""E?:'-; s'Developed classifier, identified peaks, anxiously

- waited to see test data

* None of the m_z values in training & test matched
% Close and within error range

® So developed a SAS program to correct m_z vals
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- ymge- ELDI Rellablllty

2020.12

2011.88

2007.64

= Ve aligned spectra such that
SELDI values were rounded
Up: to thelr maximum possible

vall/e



O Spectra _,@HOH@IW

—

e or: ight Spectra — conversion of time of
fliejai e olecular Weights

2 _//J/'f[/-’é‘ /0/7 of Ions around different Mol Wts

_J_ JEJJ rvely it seemed that area (total number of
) represented a drstrlbutlon better than the

. Decrded to examine classifiers using the two
metrics
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el usedi the idea of maximum value in five
JRLET] glcl cent m_Z vValues

2 rlovve\ er, once | understood issue of reliability

PIFLNE Tn z values | use the following algorithm

= -'.'— g

iz ,:—_.: :_._' = = Create the m_z_new variable as in previous slide
- Estimate maximum values at each set of m_z values

e e These local maximums are used in classifier

—

2 - = Not strictly peaks, but maximum value at each
‘differentiable’ m_z




et of m_z values that could represent
ular welght were used

(Maxm INt + minm int)/ 2

2 e =
S o X
— " — e

e o (Maxm m_z interval — Minm m_z in interval)



L i data
Qrm * erum 21 HSIL serum
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ents with mallgnant diagnosis, 14 benign

e

= Data Set 3 — EVMS prostrate data

e 80 normal cases, 88 cancer
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JEE significantly different peaks / AUC

2,3, d a cress validation type process in Step 2
Jlbshlranl 2003 ASA Meeting SF )

-——0 In data sets 1 and 2 used a leave one out in disease
~ (mormal) using a random process

-~ = For EVMS data randomly selected 40 cancer and 40 normals

° Step 3: Stepwise Discriminant analysis used to identify
potential variables to build classifier — list is stored
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) times DS1, 10000 DS2, 5000 DS
: LF .' most frequently occurring m_z’s
e lJ fln the final discriminant analysis
Y dratic / linear depending on test of

“:t

— c a1 covariance matrix

C

~® Data set 1 & 2 —pilot data used only cross validation,
EVMS data — used test set to measure guality

* |n DS3 the random training sets chosen before 2 sample
tests

5] JJJFIJEL, 136;31@! -f;

e s




e
-

sus H

e

NI NPTOLEINI EXPIESSIoN N tWo groups — Not
sigIficantly different p = 0.77

- 13 oegu,k» “Were significantly different at p=0.05
- C)u] sf tic Discrim Analysis — 6 Peaks

Sl -
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= (hor ‘égenelty test p =0.0001)

;'—;:- * Specificity =76%, Sensitivity=67%

‘ *4faveats

=== »Based on cross validation .
“»Data set too small for test set

- - e

ayﬁ?’







Hasifis

g
-.-.4:-,'- -

SPAUC w= re significantly different at p = 0.05

QUIAC Lﬁstﬁ - Discrim Analysis — AUC (homogeneity
| g | 5003) 6 aucs

-__:;- Specificity =100%, Sensitivity=67%
3'_.1:;0 veats
e +»Based on cross validation .

% Data set too small for test set
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NG NGTOLEINT EXPIESSION CANCEr 3|gn|f|cantly
'nU'ner than benign: p = 0.0044
W67 7 Values significant at p=0.0002

> C)ufle ?ﬁTlc Discrim Analysis — AUC (homogeneity
- test =1@ O 0001) — 4 peaks

_:’i- — Specificity =100%, Sensitivity=62.5%
- Caveats:
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»Based on cross validation .
»Data set too small for test set
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AU( @re S|gn|f|cantly different at p = 0.0002

Lzl clrfne Discrim Analysis — AUC (homogeneity
£ O 0001) — 5 aucs

~ Speclificity =100%, Sensitivity=100%
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=5 =C‘aveats
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% Based on cross validation .
% Data set too small for test set



¢ normal
B cancer
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MS Ca veWﬁJ‘,

> ozl Qrc'ﬁ‘ I eXpression cancer S|gn|f|cantly
IHE an benign; p = 0.0044

fl]
22) M7 ;Values significant at p=0.0001
sra’uc Discriim Analysis — AUC (homogeneity

~— test p =0.0001) — 7 peaks
J—_.f,:___--- - Specificity =90%, Sensitivity=95%
CA — good separation

»Based on test set.
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> 220 5] av ues significant at p=0.0001

r' ‘Discrim Analysis — AUC
enelty test p =0.0001) -7 aucs

~ Specificity =90%, Sensitivity=85%
= & PCA separates well
== »Based on test set.
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SMINSpessible to use ‘everyday’ regular SAS
OrOJrrlrrf» 1:0 develop reasenable classifiers
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- JJH@ T\t data sets may require different metrics
“LOrgEL optlmal classifier
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; Too early to confirm but these analyses suggest

- that for data sets with smaller differences AUC
might be a more sensitive feature
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