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PHUSE SDE BOSTON 2025

11 June 2025

Bhargav Koduru



©
 D

a
ss

au
lt 

S
ys

tè
m

e
s 

| 
C

o
n

fid
en

tia
l I

n
fo

rm
a

tio
n 

| 
7/

1
6/

2
0

22
 | 

re
f.

: 3
D

S
_

D
o

cu
m

en
t_

2
0

22

2

Introductions

Bhargav Koduru
Senior Manager, Statistical Programming, Clinical Data Standards

• Driving Clinical and Operational Data Standards at Medidata.

• Over a decade of experience at Seattle Genetics (now Pfizer), 
Sarepta, and Bioclinica (now Clario).

• MS Quantitative and Systems Biology, UCM

• MSc (Medical) Biochemistry, Manipal University

• Email: bhargavkoduru@gmail.com



©
 D

a
ss

au
lt 

S
ys

tè
m

e
s 

| 
C

o
n

fid
en

tia
l I

n
fo

rm
a

tio
n 

| 
7/

1
6/

2
0

22
 | 

re
f.

: 3
D

S
_

D
o

cu
m

en
t_

2
0

22

3

©
 D

a
ss

au
lt 

S
ys

tè
m

e
s 

| 
C

o
n

fid
en

tia
l I

n
fo

rm
a

tio
n 

| 
7/

1
6/

2
0

22
 | 

re
f.

: 3
D

S
_

D
o

cu
m

en
t_

2
0

22

ISS/ISE: A Brief Overview
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STUDY 3

STUDY 1 STUDY 2

ISS/ISE

ISS/ ISE
Data from all relevant clinical trials are pooled, integrated and results compared across studies.

DM/DS

• Demographic and clinical characteristics, withdrawals of 
the study population.

AE
• Adverse events (rates, deaths, serious events)

EX/CM • Dose-response safety analysis and subgroup variations.

LB/MI
• Laboratory safety data

RS
• Response and survival metrics



©
 D

a
ss

au
lt 

S
ys

tè
m

e
s 

| 
C

o
n

fid
en

tia
l I

n
fo

rm
a

tio
n 

| 
7/

1
6/

2
0

22
 | 

re
f.

: 3
D

S
_

D
o

cu
m

en
t_

2
0

22

5

ISS/ISE
Integration
STUDY 1 STUDY 2 STUDY 3 STUDY 1 STUDY 2 STUDY 3 STUDY 1 STUDY 2 STUDY 3

STUDY 1

STUDY 2

STUDY 3

S

D

T

M

Integrated 

SDTM

ISS/ISE 

ADaM
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ISS/ISE 

ADaM
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ISS/ISE
Harmonization

• Up version Dictionaries and 
Controlled Terminology

• Up version IG

Individual 
SDTM

• Unit Harmonization (Dosing, 
Lab Standard Units, etc.)

• NSV Harmonization (SUPP 
Var iables) 

• Standardize variable 
attributes and values

Integrated 
SDTM

• USUBJID Harmonization

• VISIT Harmonization

ISS/ISE 
ADaM
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ISS/ISE
Quality control of data

DM/DS

• USUBJID, ARM/ACTARM/ ARMNRS (Based on IG 
Up versioning from older IGs)

AE

• Up versioning of dictionaries

• Uniform imputation of Partial/ Missing Dates

EX/CM

• Dosing unit & duration harmonization.

• Up versioning of WHODRUG dictionary

LB/MI

• Standard unit harmonization.

• Categorical value / LBSTRESC harmonization

RS
• Visit, duration, value, TEST/TESTCD harmonization 
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Outliers
Types of detection

Outliers are extreme values that depend on context, model, 

and data type.

Univariate Outliers

•Extreme values 
within a single 
population or 
variable

Bivariate Outliers

•Extreme values 
conditional on other 
variables (e.g., 
across studies or 
patient 
characteristics)

Subject-Specific 
Time-Series 

Outliers

•Values showing 
unusual temporal 
changes for an 
individual, 
compared to other 
patients

Dynamic 
Detection Knowledge Extraction 

Framework
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Univariate Outliers
Overlay of Univariate with standard conversion factors

LBTEST LBORRES LBORRESU LBSTRESN LBSTRESU Derived 

Conversion 
Factor

True 

Conversion 
Factor

Expected 

LBSTRESN

Protein 100 mg/dL 1000 g/L 10 0.01 1

A few number of data points (~0.8%) are found to have abnormally high 

levels of total protein in urine samples, where majority data points are 
close to 0 g/L.

For context, Normal daily urine protein excretion is typically less than 150 
mg/day (or <0.15 g/day)
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Bivariate Outliers
Dynamic adjustment based on correlation of variables

One study has a higher amount of variability, 

and it has a higher threshold in flagging outliers 
(>10 mmol/L). 

Around 1.7% of data points were flagged as 
outliers, half the number of data points flagged 

when all studies were pooled together.

Indicates that study-specific thresholds and 

variability can significantly impact outlier 
identification
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Time series outliers

All patients have relatively stable Ferritin level 

throughout the trials, except the three patients as 
shown in the graph. 

Two patients have abnormally high value as time 
progressed, with sudden spikes.

Kho, S J., Strait, C., Koduru, B., & Burke, K. (2024). Systems and Methods for Maintaining Data Integrity in a Health Analysis Platform by Assessing and Modifyi ng Time-Series Outliers 
in Filtered Healthcare Data. (U.S. Provisional Application, Pending, Application No. 18732347). U.S. Patent and Trademark Office.
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Knowledge Extraction Framework

ABIM

COM BINED

TRAINING DATA

A sensible reference range derived from 

Indication specific training data and ABIM, 
along with unit usage frequency information, 
are used to train a classifier to detect 

mislabeled unit.

Kho, S J., Strait, C., Koduru, B., & Burke, K. (2024). Systems and Methods for Maintaining Data Integrity in a Health Analysis Platform by Assessing and Modifyi ng Physiological 

Measurements Based on Filtered Healthcare Data. (U.S. Provisional Application, Pending, Application No.18732403). U.S. Patentand Trademark Office.
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Knowledge Extraction Framework
Incorrect/Missing Unit Detection

Data points labeled as “g/dL” predicted to be 
“mg/dL”

Correct units were predicted for data points 
with missing units.
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