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A

* Introduction of trajectory clustering (LCMM)
* Application of LCMM in OHDSI ecosystem

* Use case : New phenotyping of asthmatics
using long-term followed lung function data
over 15 years

 Extension of PatientLevelPrediction



Trajectory clustering

Trajectory means the course of measured
variable over age or time



F// Trajectory clustering

Are they same?

~ Are they really same?
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Latent class mixed model (LCMM)

* innovative statistical method used to identify
subgroups of participants with heterogeneous
trajectories

Trajectory clustering

Multinomial logistic model Linear mixed model
Express for each patient Find the latent profile
probability to belong to of trajectories in each

class classes




Trajectory clustering
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F LCMM in OHDSI ecosystem

e Setting for trajectory clustering using LCMM package

Patient number Person ID (or subject ID)

Measured value Value as number

Measurement date or Index date and measurement date
time to measure

Age Year of birth and measurement date
Gender Gender concept Id

Event (death etc.)-~_ Event cohort created by ATLAS

2
---- P Not necessary

LCMM can operate with OHDSI ecosystem!
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LCMM in OHDSI ecosystem

the results of trajectory clustering are inserted into

cohort table (result table)) all OHDSI tools can be

ed such as PatientLevelPrediction

Cohort Definition ID All we have to do is

Su
Co
Co

vject 1D defined cohort!

nort start date

nort end date




Develop LCMMohdsi

E ABMI / LemmOhdsi @ Watch~ | 2 HStar | 0 ¥Fork 1

<» Code Issues 0 Pull requests 1 Projects 0 Wiki Security Insights

Extended Mixed Models using latent classes and latent processes dedicated to OMOP-CDM

D 3 commits 1 branch > 0 releases 42 1 contributor e Apache-2.0
Branch: master = MNew pull request Create new file = Upload files | Find file Clone or download ~
‘9 chandryou fix the errors Latest commit 382665e on 21 Aug \
mR fix the errors 2 months ago .
Bl extras first draft of lemm for QHDSI 2 months ago

| man first draft of lemm for OHDSI 2 moj

[E) .Rbuildignore first draft of lemm for OHDSI ew

[Z .gitignore Initial commit months ago
[E) DESCRIPTION first draft of lcmm for OHDSI e‘ 2 months ago
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F,“ Trajectory clustering to asthmatics

ICARUS Project

(Immune/Inflammatory Disease CDM Augmentation for Research Union System)

Lung function test data
over 15 years were
converted into OMOP CDM

Biomarker
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F,/ Trajectory clustering to asthmatics

* Forced expiratory volume in one second
(FEV,) is mainly used as a lung function index
when rating respiratory disorders

Normal
Obstruction
Restriction

Time (sec)

1 sis) lungs.
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F// Trajectory clustering to asthmatics

e Study population : Severe asthmatics

g D
ICARUS Database
N =4,893
~ y
r } <
Severe asthmatics b gUI.deI!ne step
N = 1.388 4-5 medication
\ _ J (MD/HD ICS + LABA)

~
At least 1 measurement of

FEV1(%) value I ATIA

N=1,174 ) 4

G

11 Chung KF, Wenzel SE, Brozek JL, Bush A, Castro M, Sterk PJ, et al. International ERS/ATS guidelines on definition, evaluation and treatment of severe asthma. European respiratory journal. 2014;43(2):343-73.



F,/ Trajectory clustering to asthmatics

* Trajectory clustering using LCMM R package
— Measured variable : FEV, (%)

— ‘Time = 0’ is index date which represented HD/MD
|ICS-LABA combination starting date

— Time =t’ is time to measure (years) which was
calculated as ‘measurement date — index date’

— The shape and optimal number of classes were
determined by following criteria :
1. The lower Bayesian information criterion (BIC) score
2. Proportion of each classes were more than 5%
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F// Trajectory clustering to asthmatics

e OQutcome : Asthma exacerbation

— Definition of asthma exacerbation :

1. Oral corticosteroid prescription for = 3days
(15mg/day of prednisolone or its equivalent dose)

2. Emergency room visit
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%74 Result : Estimated trajectory of lung
function from LCMM

Table 1 Latent class mixed model (LCMM) results of model fitting process

/4

# of class tsr:ja:::‘teoorfy AIC BIC %Classl %Class2 %Class3 %Class4 %Class5
Model 1 2 Linear 73752.78 73803.25 6.26 93.74
Model 2 2 Quadratic 73741.75 73802.32 4.61 95.39
Model 3 2 Cubic 73711.28 73781.94 4.43 95.57
Model 4 3 Linear 73749.14 73819.80 12.61 34.75 52.64
Model 5 3 Quadratic 7369637 73782.18 2.61 4.61 92.78
Model 6 3 Cubic 7363480 73735.15  3.57 3.83 92.61
Model 7 4 Linear 73743.3% 73834.23 31.57 9.30 7.83 51.30
Model 8 4 Quadratic 73679.05 N/3790.10  2.17 2.09 2.52 93.22
Model 9 4 Cubic 73623.74 0.61 3.65 92.09
Model 10 5 Linear 73739.72 73850.76 24.00 52.52 5.04 8.26
Model 11 5 Quadratic 73684.59 73820.88 3.04 9.22 63.65 22.26
Model 12 5 Cubic 73595.67 73757.19 0.70 5.74 0.96 89.48

The model which was ‘linear’ and ‘3 classes’ was chosen
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Persistently high, n = 408, 34.75 %
140 _ Persistently low, n =618, 52.64 %

120+

100+

Predicted FEV1(%)
[e0]
=

60

40+

201

0 5 10 15
time (years)

Figure 1-a. observed individual lung function trajectories

and three estimated representative trajectories

%7 Result : Estimated trajectory of lung
function from LCMM

110+

100+

90+

Predicted FEV1(%)

70

0 5 10 15
time (years)

Figure 1-b. Tree estimated representative trajectories. The
shaded areas indicate estimated 95% confidential intervals

Persistently high Persistently low Declining
(N = 408) (N =618) (N = 148)
Intercept (95% Cl) 102.947 (96.47,109.42) 87.57 (80.98, 94.15) 84.08 (78.23, 89.93)
Slope (95% Cl) -0.05 (-0.38,0.27) -0.14(-0.36, 0.09) -0.66 (-1.27, -0.05)
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/X Result : variability of lung function

P<0.001 = Persistently high
I I = Persistently low
40- P <0.001 I = Declining
P < 0.001
£ J '
o 30- '
L .
B - .
2 . . Per5|§tently Persistently Declining
a T high low Pvalue
s .. : (N=408)  (N=613) N=148
E“ : . Median of
§ i standard
_;_z ' deviation of 5.4 6.5 11.1
@ predicted <0.001
? 10 - FEV1 (%) (3.4,8.0) (4.2,9.5) (6.6,14.9)
within
person
Median (interquartile). P value was calculated according to Kruskal-wallis test
0 -

Figure 2. Distribution of each person’s standard deviation of predicted FEV1
%). P values were calculated according to Wilcoxon test



7 Result : Baseline characteristics

Persistently high Persistently low Declining
p value
(N =408) (N=618) (N=148)
Age, years 38.00 £ 15.03 38.82+13.8 46.42 + 13.55
Follow-up duration, years 7.05(4.15, 10.74) 6.59 (3.37,10.72) 8.15(4.11,11.57) 0.105
Female, n (%) 252 (61.76) 337 (54.53) 89 (60.14) 0.059
BMI, kg/m? (N) 24.12 +13.17 (167) 25.71+33.78 (373) 24.24 +4.81 (110) 0.705
Total IgE (KU/L) 213.5(79.3,512.8) (346) 241 (92,477) (501) 199 (46.5, 535) (103) 0.688
Blood eosinophil (%) 3.7(1.9,6.8) (375) 4.2 (1.8,7.5) (562) 4.4(2.7,8.5) (127)
Blood neutrophil (%) 55.4 (49.4,61.9) (374) 54.9 (48.4,62.7) (560) 55.7 (48.8, 62.1) (126) 0.764
Serum EDN (ng/mL) 46.5 (30.5, 63.3) (61) 50.1(31.3, 83.1) (102) 65.8 (45.9, 100.2) (24) 0.009
Serum periostin (ng/mL) 75.0 (54.0, 102.0) (97) 73.2(51.6,95.0) (185) 74.0(52.9, 115.3) (48) 0.676
Rhinosinustis, N (%) 284 (69.6) 383 (62.0) 83 (56.1) 0.005
Urticaria/angioedema, N (%) 36 (8.8) 47 (7.6) 2 (1.4) 0.010
Anaphylaxis, N (%) 17 (4.2) 20(3.2) 3(2.0) 0.443
Hypertension, N (%) 13(3.2) 28 (4.5) 9(6.1) 0.291
Diabetes Mellitus, N (%) 7(1.7) 12 (1.9) 3(2.0) 0.956
Osteoporosis, N (%) 10(2.5) 9(1.5) 5(3.4) 0.257
GERD, N (%) 12(2.9) 21(3.4) 6(4.1) 0.802
Ischemic heart disease, N (%) 2(0.5) 9(1.5) 7 (4.7)

Mean % Standard; Median (interquartile range); BMI, Body mass index; GERD, Gastroesophageal reflux disease.
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Result : Yearly counts of event
cohort and 1 year event free survival

34 '7 Persistently high '\‘ 100.0%
I — Persistently low 1
: = Declining —— :
I 75.0%1 p-value < 0.001
211 |
| |
| |
\ !
\ ¥ 4 50.0%1
1 -
25.0%
0-
0 1 2 3 45 6 7 8 9 10 11 12 13 14 15 - 0 100 200 300
time (years) time (years)
Figure 3-(a) Yearly count of asthma exacerbat Figure 3-(b) Kaplan-Meier survival curve for th
ion requiring oral corticosteroid e time to the asthma exacerbation requiring

oral corticosteroid
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Figure 3-(c) Yearly count of emergency room
visit due to asthma exacerbation

Result : Yearly counts of event
cohort and 1 year event free survival

100.0%1

95.0%1

90.0%1

85.0%1

p-value < 0.001

0 100 200 300
time (years)
Figure 3-(d) Kaplan-Meier survival curve for t
he time to emergency room visit due to asth

ma exacerbation

20



V Who will be included
/ in declining group?

time (years)

With patientLevelPrediction, the most negative
group was predicted using the data 1 year before
the index date
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F Result : patient level prediction

A B

0.75
3 z
aEE 0.50 % 0.507
& B

0.25 0.25-

AUC =0.727(0.644-0.811) AUC =0.781(0.703-0.858)
0.00 0.00-
0.00 0.25 0.50 0.75 1.00 0.00 0.25 0.50 0.75 1.00
1 - specificity

1 - specificity

Figure 4. The AUROC curves for the declining group predicting model.
A : lasso logistic regression, B : gradient boosting model
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r Extension of
PatientLevelPrediction

Apply model identifying cat for identifying dog

B
‘i’i'

Is it cat? Is it dog?
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Extension of

r/
/ PatientLevelPrediction

Apply model predicting declining group for
predicting asthma exacerbation

Who will be include the Who will be visit emergency
declining group? room for asthma within 365
days from index date

Data before 1 year Data before 1 year
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Target cohort

Outcome cohort

Machine learning

model

/‘ Result : patient level prediction

AUROC

AUC: 78.6%

100 80 80 40 20 0

Specilficity (%)

60 40
Specificity (%)

Lasso logistic 0.786
AUMC 8873 303 _ _
Gradient boosting 0.642
% ) é:" o Figure 5. The
5o 52 AUROC curves of

AUMC validation
groups. A : lasso
logistic regression,
B : gradient
boosting model
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Target cohort

Outcome cohort

Machine learning

model

/‘ Result : patient level prediction

AUROC

AUC: 68.5%

100 80 60 40 20
Specificity (%)

AUC: 54.1%

60 40
Specificity (%)

i} Lasso logistic 0.685
NHIS 17240 771 _ © _
NSC Gradient boosting 0.541
g5 < g 4 Figure 6. The
g g AUROC curves of
2. 5 NHIS-NSC

validation groups.
A : lasso logistic
regression, B :
gradient boosting
model
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F// Conclusion

* LCMM can operate with OHDSI ecosystem

 Through the LCMM and OHDSI tools, severe
asthmatics can be classified according to
long-term change of lung function

* For prediction declining lung function, the
PatientLevelPrediction can be used
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Conclusion

* Not only cross-sectional phenotyping, it is also
important to define phenotype by long-term
changes over time

Cross-sectional
Long-term changes

observation (
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OHDSI: Open Innovation based on the
open community

“

REPRODUCIBILITY

SCALABILITY « ' A BENEFICIENCE

GLOBAL
4 COMMUNITY )
STANDARDS OPENNESS

DATA COLLABORATION

. J
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F// Mission, Vision, and Values of OHDSI

e Qur Mission

To improve health by empowering a community
to collaboratively generate the evidence that

promotes better health decisions and better
care.

 Qur Vision

A world in which observational research

produces a comprehensive understanding of
health and disease.
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F// Mission, Vision, and Values of OHDSI

Innovation: Observational research is a field which will benefit greatly from
disruptive thinking. We actively seek and encourage fresh methodological
approaches in our work.

Reproducibility: Accurate, reproducible, and well-calibrated evidence is necessary
for health improvement.

Community: Everyone is welcome to actively participate in OHDSI, whether you
are a patient, a health professional, a researcher, or someone who simply believes
in our cause.

Collaboration: We work collectively to prioritize and address the real world needs
of our community’s participants.

Openness: We strive to make all our community’s proceeds open and publicly
accessible, including the methods, tools and the evidence that we generate.

Beneficence: We seek to protect the rights of individuals and organizations within
our community at all times.

31



ALK

0:|__|I. ZZAIH 2| 4
T oOoone

KOREA RESEARCH-DRIVEN HOSPITALS

AJOU UNIVERSITY

Thank You !

Youjin Park, Pharm.D

Department of Biomedical Sciences, Ajou University
Graduate School of Medicine, Suwon, Korea

H.P. : 010-9942-7796

E-mail : dbwls5223@ajou.ac.kr

-
Acknowledgement : This work was supported by the Bio Industrial Strategic Technology Development Program (20001234) funded By the Ministry of Trade, Industry & Energy (MOTIE, Korea)

and a grant from the Korea Health Technology R&D Project through the Korea Health Industry Development Institute (KHIDI), funded by the Ministry of Health & Welfare, Republic of Korea 32
[erant number: HI16C0992].



