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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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Optimum response surface criteria for identifying differentials - outline
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Optimum response surface criteria for identifying differentials - outline
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Response surface criteria for identifying differentials and parameter optimization - 1

Starter dataset (D)

/‘1032

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

start with N’ = Nmin

Optimum parameters No
N’ and F’ known?

Yes

Yes <

4

Each parameter (i)

More measurements

of that parameter? 1036

[(max/min < r’)

~ AND
|[max — min|< d’

OPTIONAL:
(maxij< B') ¥ groups

Qutcome: Is differential

I

No
1054 /

> Save results * Increment N’ 1048

one at a time until
Nmax

1058

Check optimum
N’ using Fig. 2

Figure 3a



521

Response surface criteria for identifying differentials and parameter optimization - 2
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Modulel for Response surface criteria for identifying
differentials and parameter optimization (Figure 3)
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Estimation of within-replicate data-specific threshold (DAST)
of distance (DASTd’) and ratio(DASTY’) in noise range
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Estimation of within-replicate data-specific statistical
threshold (DASTF’) in noise range — part 1
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Estimation of within-replicate data-specific statistical
threshold (DASTF’) in noise range — part 2
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Explicit model independent estimation of expression (EMINE) value
when parameter measured my multiple independent measurements
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Explicit model independent estimation of expression (EMINE) — part 2
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Explicit model independent estimation of expression (EMINE) — part 3

STEP 5 Figure 8 or Figure 9

1122
\ 4 /

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
-

Reduce m”’ if still

experimentally relevant| No Use all measurements

\ 1124 y

Sort values of a reference dataset
112 8—/ and choose middle N? measurements
(or choose uniform set from set of datasets)

A 4

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

Figure 10




13/21

Estimating fold change for differentials

Using Response surface criteria — Figure 3

Using EMINE - Figure 8
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Confidence estimates of change for differentials

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

Y v

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

\—1144 \—1146

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

N 1148

4 A A

Output one or more of F? and N*; F* + N”; pV’
( p =p-value for F’); py,, (ifN>N’; p_;. =p-value of F

N 1150

min)

\ 4

Direct statistical measure on EMINE
based expression measures

\‘1152

Figure 12



15/21

A data-scaling approach (SCALEIT) to test efficacy of scheme
used to identify differentials between datasets
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Biological invariance motivated normalization (BINorm)
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Schema for a computer program and software integrated
With a database and interfaced with other processing systems
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Figure 16
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Figure 17
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