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Workflow of use of Response surface assisted method for utilization of datasets
with each parameter measured using multiple independent features
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Measurement related pre-processing
e.g., scanner related corrections, local bavkground correction, print-tip bias
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Starter dataset (D)

Figure 8
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OPTIONAL: Dealing with
unusable spots, e.g., high — } OPTIONAL: Normalization
background, saturated features

Figullréjv2-4 Figul“_é@
/1010 o

1
Response surface assisted method for
identifying high specificity
differentials, without summarizing
values of multiple independent
measurements of each parameter to a
unified index

Explicit model independent summary of
multiple independent measurements of
each parameter for use with other
applications (e.g., functional and
network inference, etc.)

Figure 1
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Optimum response surface criteria for identifying differentials - outline

Starter dataset (D)

l 1016

Yes Built-in TPs No

F i%l;re 3 and FPs
\/ /1018

A

y

Figures 5,
6,3 and 4

Determination of optimum
parameters for Response [

differential identification

IOZOJ

Generic use of response surface

assisted differentials criteria
Surface assisted Simulate TPs and FPs based on prior knowledge and

data specific parameters

r 1022

N, = TP * TP/(TP + FP) * (1 — FPITR)

CAN_; = N, /(F'+N’)

Figure 2b
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Optimum response surface criteria for identifying differentials - outline

Starter dataset (D)
J' 1016
- Figures 5,
. Yes Built-in TPs No
Fl%ure 3 and FPs 6,3 and 4
KIOIS Ll
Determination of optimum Generic use of response surface
parameters for Response [$ assisted differentials criteria
Surface assisted Simulate TPs and FPs | | based on prior knowledge and
differential identification data specific parameters
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I representing optimal |
l selection of TPsand
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Response surface criteria for identifying differentials and parameter optimization - 1

Starter dataset (D)

/-1 032

1030
/ Set Nmin, Nmax, Ninc, based
on dataset (D) and prior art;

start with N’ = Nmin

Optimum parameters
N’ and F’ known?

Each parameter (i)

More measurements

of that parameter? 1036

[(max/min <r’)

~ AND
|[max — min|< o’

OPTIONAL:

Yes (maxij< B') % groups

Qutcome: Is differential

|

No
1054

Save results " Increment N 1048

one at a time until
Nmax

Check optimum
N’ using Fig. 2

Figure 3a
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Response surface criteria for identifying differentials and parameter optimization - 2

Starter dataset (D) 1032b
1030 K_
/ Set Nmin, Nmax, Fmin,
Optimum parameters No Fmax, Finc, Ninc‘, based on
N’ and F* known? dataset (D) and prior art; start
) with N’ = Nmin; F’ = Fmin
Yes
Yes . <

4

Each parameter (i)

More measurements

of that parameter? / 1036
f 1040
[(max/min <r’)
OPTIONAL:
Module 1 [ AND

(Figure 4)

—1038

|[max — min|< d’
f 1044

Calculate confidence Figure i;

measure (F) R

e.g., t-statistic, F statistic 1046~ —
F >= F >t

No

groups > 1

No

1052
1050
/< No OPTIONAL:
Yes N <N’ F<_(maxij< B') ¥ groups
{Outcome: Is differential; No
1054 /
Save results » Increment F? and N’ 1048

1056b{ one at a time until
Nmax and Fmax | —1058b

Check optimum F’ and
N’ using Fig. 2

Figure 3b
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Modulel for Response surface criteria for identifying
differentials and parameter optimization (Figure 3)

Each parameter (i)
(starting with parameterl; N = 0)

m<G >
No Yes !
4 1060
|Avgjm - AvgT| > o’
Include group m |Yes ) AND
that measure for | [ Avgjm/AvgT > 1’
that parameter .. OR
e AvgT/Avgjm > r
Figure 5
No
> Exclude group m

groups > 1 >— step 1038 FIG. 3, if applicable

step 1042, F1G. 3

Figure 4
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Estimation of within-replicate data-specific threshold (DAST)
of distance (DASTA’) and ratio(DASTY’) in noise range

Starter dataset (D)
with replicated groups

l f 1062

Random sampling of large population (random in measurement
chosen, dataset chosen and replicate chosen) and replicates

of that measurement
Choice 1: calculate Choice 2: use whole dataset
noise threshold for each

comparison (if subsets /

of datasets used)

OPTIONAL:
both values < B’

Next sample

1068

A

Yes

‘ No « 1076
Optimal threshold ! 1070 /-

percentile designated For each pair: ‘Choice 2: calculate

as d’ and r’ calculate d and r measured value

If r<l; r=1/r dependent thresholds at
different points along
sorted values of
measures using step

h 4

/ 1072 1072 to get dynamic
values of d” and r’ in
Sort and test values at different percentiles, step 1074

test ona training set (e.g., 25, 50, 75 etc.)

Figure 5
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Estimation of within-replicate data-specific statistical

threshold (DASTF’) in noise range — part 1

Starter dataset (D)
with replicates

Random selection of one parameter from one

Yes

h 4

condition (m) with all its replicates (n)
(start with N = 0, parameter 1)

!

Determine minimum and maximum

y

Choose (M * (n — 1)) random values
between (max * v ) and (min/v)

NV

!

Sort values into m groups of n replicates

OPTIONAL:
(Avgim<B'Y¥m

[(max * v)/(min/v) < ¢’
AND

Figure 5

Continued — Figure 7

Figure 6

ax * v) — (min/v)|< o’

l / 1078

STEP 2

1080

1082

1084

1088
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Estimation of within-replicate data-specific statistical
threshold (DASTF’) in noise range — part 2

Figure 6
i: Figure 6 ~ STEP2 | Yes

»

Calculate measure of
confidence (F) (as in
Figure 3); N=N+1

e 1092

Save minimum value of F
for that parameter

Next parameter, until
predetermined threshold

&
<

A 4

A4

Sort descending, choose user-determined threshold for Iterate for F’ as needed
F’, (e.g., 95% confidence level would be 95t "
percentile of all Fmin calculated above). 1096

Test on training set (if available)

N~ 1094

Choose F? for

optimal utilization

Figure 7
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Explicit model independent estimation of expression (EMINE) value
when parameter measured my multiple independent measurements

Starter dataset (D)
(more than one observation) /- 1098

l

Pair-wise comparisons (call observations A and B)

Replicated?

y

Each parameter, Go to Figure 11 STEP 3
Each measurement

l

OPTIONAL:

; No XA > B’
1104 AND ,
' /— xz> B
IClass =NC e 1106
Yes
Class=1 ¥
y A4
STEPS Record value, go to Figure 10 [« Class=D Yes

N
Figure 8 Hos
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Explicit model independent estimation of expression (EMINE) ~ part 2

Figure 8 - STEP 3

1110

|Avg, — Avg| <d’
AND

[ Avg,/Avgg > 1
OR

Avg./Avg, >r’]

No

OPTIONAL:
max, > B’
AND
maxg > B’

/- 1116

Class = NC

/1118
Yes
Class =1
A4
STEP 5 Record value, go to Figure 10 ¢ Class=D
N 1120

Figure 9
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Explicit model independent estimation of expression (EMINE) — part 3

STEP 5 Figure 8 or Figure 9

/-1122

For each parameter, choose each measurement that has consistent

Calls within dataset and total such measurements across all datasets

is above a threshold m’ (e.g., in a four comparison case with 11 independent
measurements 8 of them has NC in comparisons 1 and 3 and I in
comparison 2 and 7 of those 8 have D in comparison 4, and m’ = 3;

7 measurements will satisfy selection criteria) — call Chosenset

1126
L

Reduce m?’ if still

experimentally relevant | No Use all measurements

\ 1124 v

Sort values of a reference dataset
12 8—/ and choose middle N’ measurements
(or choose uniform set from set of datasets)

y

Summary measure for that parameter for each dataset,
e.g., weighted average with outlier detection, estimate of
13 0_/ error. Use an additional normalization as needed.

Figure 10
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Estimatixig fold change for differentials

Using Response surface criteria — Figure 3

Y

Using EMINE - Figure 8

y

For each N satisfying conditions —
calculate r (when pair-wise) — and/or

For each N’ from Chosenset
calculate r (when pair-wise)

\-1132

OPTIONAL:
Sort and use N? middle data
points when N > N’

1 N1136

y ) 4

\1134

y

Summary measure of all ratios, e.g.,
with outlier detection, estimate of error.

(€3

weighted averag

1 N1138

4

Simple fold change on EMINE
based expression measures

N 1142

(Total measurements for that parameter — N) > N’

Calculate r (when pair-wise) for each N not satisfying conditions

\-1140

Figure 11
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Confidence estimates of change for differentials

Using Response surface criteria — Figure 3 Using EMINE - Figure 8

v A4

From each N satisfying conditions For each N’ from Chosenset
calculate statistic F (F’ = Fmin) calculate statistic F

\—1144 \—1146

A

OPTIONAL:
Sort descending and use middle N?
values when N > N? to determine F

N 1148

Output one or more of F’ and N’; F’ + N’; pV’
(p=p-value for F’); py;, (if N>N’; p,;, =p-value of F

N 1150

min)

Y

Direct statistical measure on EMINE
based expression measures

\‘1152

Figure 12
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A data-scaling approach (SCALEIT) to test efficacy of scheme
used to identify differentials between datasets

Take one dataset with all its replicates <

Scale dataset and all its replicates to varying
degrees (e.g., 1.5, 2.0 etc.)

N 1154

| Repeat with other datasets as needed

Use data analysis/differential identification
scheme by comparing each scaled datasets to
original datasets or a mixture to test other aspects
of analysis, e.g., normalization

1156

r

Determine efficacy, example Table 2

1158

Figure 13
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Biological invariance motivated normalization (BINorm)

Starter dataset (D)
(more than one, with one

observation chosen as reference)

f1160

A 4

A 4

y
Whole data/known .
or simulated Known/simulated Random sampling of large enough
invariant data points|* invariant set —* (based on prior art) data points .
from reference from reference

Sort by measured values

)

Select subsets (Iref) — predefined
or calculated based on prior art —
at various points along the sorted values

f1170

v

1164

More
subsets?

/1166

1168

Iterate on regional

of Itarget (e.g., x%
starting at different
percentile, rather than
middle x%) to correct

of changes (e.g., more

as needed

selection of invariance

for skew in directionality

increase than decrease)

(Itarget)

Select equivalent measurements of Iref, from each of
the target dataset to be normalized, and sort the latter

v

-

relationship

Use average/median of middle x% (e.g., x = 10) of Iref
and average/median of regionally adjusted x% of
Itarget to establish distribution curve for reference and
target dataset, and fit using a piece-wise linear

v

!

Choose best region for

each selection of Iref

based on quality metric

from step 1172

numbers

Check normalization

quality with known/simulated
invariants, typically

by plotting and comparing

N 1172

1176J

N

¥1174 |

Iterate on different
values of x(e.g.,5to
25%) using regional
selection from step
1174, using steps 1168
and 1172, choose best
value for x

Figure 14
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Schema for a computer program and software integrated
With a database and interfaced with other processing systems

1175

— Computer/set of computers
User interface and computing power

T
w

A

Databases and other data
storage and data

—» collection
devices/systems

1180 __/| Integration system/codes

Y

Concepts presented in this disclosure
as an integrated software

Individual concepts integrated
into other software systems

S ]

1186 /| Interface codes and systems

T NN

Algorithms/methods available
in other software systems

Algorithms/schemes for additional
utilization of data in other software
packages and appropriate systems

1190‘/

High-confidence utilization in knowledge
advancements, product developments etc.

1192-/

Figure 15

- 1 e s 2 o A o Y O e 2 B o S i o 2 o P o e b e e s o



18/21

Figure 16
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Figure 17
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