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Introducing a novel analytical framework for risk stratification of

real-world data with survival and unsupervised machine learning.
A small cell lung cancer SCLC study
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Real-World Data
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https://www.fda.gov/science-research/science-and-research-special-topics/real-world-evidence




However, RWD poses a series of practical
challenges

Aim of the work: propose an approach to
stratify RWD cohorts in clinical meaningful

subgroups

Focus: Small Cell Lung Cancer RWD
J \%\HOSPIIAL -

Challenges and Aim of the work

Data quality Interpretation of results

Censoring
Sample size

Role of variables
In clinical process

Potential biases

Missing values

The Pandora’s
box of RWD

Credits: https://eruanna317.medium.com/pandoras-box-2017-278cb0373cb8
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Veterans’ Administration Lung Study Group
(VALSG) staging

VALSG
LD«— ——ED

tumor confined to  tumor spread in other
one hemithorax parts of the body

Validation of 8th TNM with the present cohort: Tendler, S., Grozman, V., Lewensohn, R.,
Tsakonas, G., Viktorsson, K., & De Petris, L. (2018). Validation of the 8th TNM classification for
small-cell lung cancer in a retrospective material from Sweden. Lung Cancer, 120, 75-81.

Case study: Small Cell Lung Cancer

the 8th version of the International
Association for the Study of Lung
Cancer (IALSC) TNM staging

8th TNM (T8, N8, M8 ->ST8)

T/M Subcategory NO N1 N2
Tl Tla 1Al B | 1A
Tlb A2 | B | INA
Tlc 1A3 | 1B | IA
i T2a I 1B | mIA
T2b 1A B | IIA
T3 T3 B | IIA 3
T4 T4 MA | 1A
MI Mla A A
Mib
Milc

N3

Te

Detterbeck, F. C. (2018). The eighth edition TNM stage classification for
lung cancer: What does it mean on main street?. The Journal of thoracic
and cardiovascular surgery, 155(1), 356-359.

Sample size: majority of patients ED (TNM: IVB
T4N3M1C)
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~~ SCLC cohort

SCLC Real-World Data

Cases diagnosed and treated at Karolinska University Hospital between 2008 and 2016.

Role of variables in the clinical process

IIIA-IVB stage Chemotherapy cycles
n=636 VALSG LD = I-lll TNM
VALSG ED = IV TNM :
. 1L 2L 3L aL
LD i
i BASELINES :
35% missing values - .
Were imputed with ) :gc A ED ~a  CT+RT PE (n=64) PE (n=4) PE (n=1)
missing forest j ;f\", ;';-['a ('] N LD with large n=84 PE (n=521) | [IP(n=66) IP(n=16) IP (n=1)
algorithm e tumor size § Mono (n=20) | [Mono (n=28) | |Mono(n=3)
\ e :
M8 -
PAGE 29 (2021) STe \ n=463 (Other strategies (n=26)
Abstr 9742 - ECOG PS (0-3) \ : ) received 3L (n=5) from which n=1 received 4L
[WWV\{-page' - Lab measures advanced age specia) selected cases with .
mfetlng.org/?abstra log LOH comotbidiies ECOG PS 2 could recene CT PCI (n=146)
ct=9742] log CRP ECOG PS 3(or higher) _ * starting within 4-8 weeks after
rg refuse of treatment - completion of first line therapy
Albiamin , \ - good response
PETCT (yin) 41 No Treatment ’ sign of regression
- Brain CT (y/n) n=89 J ECOG PS 0-1
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Cox Hazard ratios

c - Emerging of Machine
ensoring covariate ! Learning
Survival analysis _, vauea [l Techniques to handle

Covariate prognostic impact

i e.g., Random Survival
value b | * Forest

~ SCLC cohort )
IIA-IVB stage \a _ _ Cluster detection
n=636 : Unsupervised learning ——» Definition of a pairwise
3iiiigess Grouping of observations/patients similarity score between
patient covariates

Detection of subgroups of
patients according to their

similarity

Previous study based on Cox model with the present cohort:
Tendler, S., Zhan, Y., Pettersson, A., Lewensohn, R., Viktorsson, K., Fang, F., & De Petris, L. (2020). Treatment patterns and survival outcomes for

small-cell lung cancer patients—a Swedish single center cohort study. Acta Oncologica, 59(4), 388-394.
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~ SCLC cohort
IIIA-IVB stage
n=636

provide and describe
clinical data

‘\
Clinical experts

I

develop
__ treatment
decisions
pathflow

the results

baselines

Input—3»

follow up decisions

first line therapy
(CT, CT+RT, No treatment)

1L chemotherapy: PE, Others

PCIL: y/n

2L chemotherapy:
PE, IP, monatherapy

| Clinical interpretation of

Treatment patterns
in the subgroups

oo
(7 ™

1. Feature selection:
Cox's hazard ratios

v

2. Feature importance:
random survival forest

v

The framework: combining survival and
unsupervised learning

select_ed GONT o2 covn
covariates
feature
importance o
\‘ i sas ‘,’
& Gower —>1
l distance

Patient i Patient j

(i ™\
3. Prognostic distance
computation:
Gower distance
4
v =
r- ™
4. Unsupervised learning:
partition around medoids
. J
Io_utFM

detected subgroups of patients

» | 5. Subgroup analysis

Unsupervised learning
algorithm detects k subgroups
of patients from 636x636
distance matrix of the patients.

metrics to find the optimal k:
- average silhouette

- within sum of squares

- Dunn coefficient

« hazard ratios and Kaplan Meier curves
« patterns between subgroups
« competitive treatment decision in the subgroups

2022-09-06
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j o=

- —
— SCLC cohort @ )
| IIA-IVB stage baselines | ,u—»| 1. Feature selection:
n=636 “ Cox's hazard ratios selected
. cov 1
. N /| covariates
Data quality ; - ¢ feature
Role of variables in the ' 2| importance
: : clinical process 2. Feature importance: |\
provide and describe random survival forest
clinical data follow up decisions \ J
‘\ first line therapy i
(CT, CT+RT, No treatment) (7 P i dlist ) ——
Potential develop 1L chemotherapy: PE, Others 3. Prognostic e Patient i
biases }, treatment computation:
1% | decisions PCI: yin Gower distance
. 4
Clinical experts  P2thflow 2L chemotherapy: v e
Ar PE, IP, monotherapy ' B
4. Unsupervised learning:
partition around medoids
( /
IMPA‘

Treatment patterns
in the subgroups

detected subgroups of patients

- -

The framework: combining survival and
unsupervised learning

cov 2 covn

‘,‘ i e

i )

Patient j

Gower
distance

Unsupervised learning
algorithm detects k subgroups
of patients from 636x636
distance matrix of the patients.

metrics to find the optimal k:
- average silhouette

- within sum of squares

- Dunn coefficient

« hazard ratios and Kaplan Meier curves

| Clinical interpretation of

Interpretation of
results

the results

» | 5. Subgroup analysis

« patterns between subgroups

« competitive treatment decision in the subgroups

censoring

Handling
sample size
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o lected
- SEN0S t gowrl oo o covn Unsupervised learning
covariales algorithm detects k subgroups

feature of patients from 636x636
importance » o distance matrix of the patients.
- metrics to find the optimal k:
NGNGB o - ilh
4 4 , average silhouette
H

¥ - within sum of squares
¢ Gower
distance

- Dunn coefficient

Patient i Patient j
Variable N Hazard ratio p
CRP 636 [ ] 132(111,158)  0.002
LDH 636 , M |3.81(253,574) <0.001 LDH
ECOGPS 0 175 .- Reference
1 231 1.19(0.95,1.49)  0.130
2 126 ' M |225(171,2.96) <0.001 ECOG PS ~|]]—- cluster
3 104 ' E [352(258,479) <0.001
BrainCT No 416 * Reference @) 1
Yes 220 122(1.02,147)  0.032
ST8 VB 373 : Reference o M8 ‘m" ° 2
A 54 —— 0.82(0.28,2.45)  0.725 k- e 3
B 63 —— 0.62(0.21,1.81)  0.383 = e 4
nec 68 —— 0.72(0.26,2.05)  0.543 © CRP-
IVA 78 —— | 3.04 (1.05, 8.84) 0.041 > [ 5
T8 T4 397 [ | Reference [e] o 6
To 7 —-— 122(0.52,2.85)  0.647 o ST8-
Ta 5 —— 0.68 (0.25,1.89)  0.463 o 7
Tib 26 3 0.74 (0.47,1.16)  0.183
Tic 34 [ ) 1.23(0.83,1.81)  0.300
T2a 45 = 0.83(0.59,1.18)  0.309 T8
T2b 38 ) 0.65(0.45,0.93)  0.018
T3 82 1.16(0.89,1.50)  0.272
> 2 —L 0.82(0.19,3.50)  0.788 Brain CT
M8 M1C 373 | | Reference . . . . .
MO 184 —— 0.75(0.27,2.10)  0.585
M1A 51| ——! 0.27 (0.09,081)  0.019 0.000 0.025 0.050 0.075 0.100/ -20 -10 0 10 20
M1B 28 | —— | 0.20 (0.07,0.58)  0.003 h .
0102051 5 5 importance (permutation) X
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Results: subgroups analysis

Covariate patterns

VALSG comparison

Cluster Hazard ratios

%‘“ ECOG and .
M8-ST8 VALSG Staging . ]
__SCLC oohort- cluster separation e — Variable N | Hazard ratio p
"-7: _____ EXIOI’\SIVO%ISO&SO Limited disease :
[ECOG PS: o] [Ecoe PS: 1] ECOG PS: z] |ECOG PS: 3 GLD G D cluster 1140 l Reference
[mcwa| [Mo i ] [mcnva] % [mcwa] [ A ][mcnvs] ', e . "' = 2 91| 0.44 (0.33, 0.58) <0.001
7 i \ 1 :
X ! e
| Clusters | |cCluster7 | |ciuster1 | |clusterz | |clustera | |clusters | | clusters | | ol 3 97 | 347 (266,4.53) <0001
! T,
LDH and CRP distributions : ! : | 4 87 | o | 2.18(1.66,2.87) <0.001
1 . !
: 1 o — I | B X !
I —Hl— - ¢ —E—— 1 ! : 5 85 Ll 0.75 (0.57,0.98)  0.04
s. . r . A . H bi . 1 1 I '
£ 8 {D* = %: —_7 | : 1
3 3 I
| —m ) — . \ 1 Q! 6 46 w 1.04 (0.74,1.45)  0.83
J —l— o 5 ' I | ‘
| - 1 s ! v VI 7 90 |1 0.30 (0.22, 0.40) <0.001
s o X W o5 E—— P P \ W . 7 L U,
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“eed™ )  * .0 ‘ 1X ,
/  CT+RT- =

1
 — ,/ No Treatment-

% ECOG and / '
M8-ST8 / cT Rl e 1ol I
SCLC °°“°~~ cluster separation / e, o o‘. o o

e / CT + RT o e @ % ¢ e M
¥ A e == J No Treatment-
[ECOG PS: 0] [ECOG PS:1 ] [ECOG PS: ] [ECOG PS: 3] i
T II CT-
A 2 CT +RT
+RT- w
[MIC-IVBl [Mo—lll ] [mc-lvs] £V % [M1C-IV8] ["}3:" ][MlC-lVB] / 0S (days)
/ \ S _ / No Treatment- : = 15
\ N\ \ -3 - 30
| Treatment cT % Lol : e . e 300
| Clusters | |Cluster7 | | Clustert | | clusterz | |cClustera | | cClusters | | clusters | > LT AT :
, patterns CT +RT- N 1000
“\ No Treatment- ; first line therapy
h ! \ 5 No Treatment
Variable N | Hazard ratio [ \‘ CT- o ) ¢ s _C | o @ ® .. : « CT+RT
\ ' ‘ g | . CT
cluster 1140 | ] Reference \ CT +RT S a1
‘\ No Treatment-
2 91| m 0.44 (0.33,0.58) <0.001 . v
+ Competitive treatment CT vs CT+RT" oyl SRR B J
3 97 [ 3.47 (266, 4.53) <0.001 \
clust 2 and 7 . i .
( . ) .. \\ CT+RT . (o]
4 87 = 218000287 <0001 o Competive decision CT vs No Treat. | no Treatment-
\
585 0.75(057,0.98)  0.04 (ClUSt 3 and 4) Y - : . o _
.. . \ - -
* Similar survival CT (clust 1 n . c ® e o o
6 46 - 1.04 (0.74,1.45)  0.83 S ar su al C (C ust 1, o and 6) ' CT+RT- | ?.' > ‘“’ = .:.Q:.. PY -.. =
‘No Treatment-
oo w 0:30(0.22,040) =0:001 \ 2008 2010 2012 2014 2016

\

date when treatment decision was made
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Interpretation of results

Data quality
Compreh_enswe separation of SCLC Role of variables Censoring bt
prognostic groups In clinical process Sample size

Handling RWD challenges

Considerations regarding the new stage
categories IlIC, IVA and IVB

% Missing values

Competitive processes and treatment
patterns

Potential role of RWD to inform and shape . The Pandora’s
future clinical trials e O\ Iy

Credits: https://eruanna317.medium.com/pandoras-box-2017-278cb0373cb8
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Back-up slide 1

Average silhouette width
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Num.of clusters
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0.4-

Average silhouette width

0.0-

Back-up slide 2
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model

-o- Hier
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PAM-cov.imp

N
o
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Within clusters sum of squares (SS)

0- i g 0.6-
4 8 12 4 8 12 4 8 12
Num.of clusters Num.of clusters Num.of clusters
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Back-up slide 3

Variable N | Hazard ratio p

cluster 1140 I Reference
2 91| HE 0.44 (0.33, 0.58) <0.001
3 97 HlH | 3.47 (2.66, 4.53) <0.001
4 87 HH | 2.18 (1.66, 2.87) <0.001
5 85 Fl4 0.75 (0.57, 0.98) 0.04
6 46 w 1.04 (0.74,1.45)  0.83
7 90 | HH 0.30 (0.22, 0.40) <0.001

1.00 1

0.754

Survival probabilty
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