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Alntroduction oftrajectory clustering((LGNM)
AApplication ofLOMMiin@HBSIcecosystem

AUsecase New phenotyping of asthmatics
using longterm followed lung function data
over 15 years

A Extension oPatientLexétPrediction



Trajectory clustering

Trajectory means the course of measured
variable over age or time



F// Trajectory clustering

Are they same?

X

~ Are they really same



Trajectory clustering

Latemt dassminxe cnandel ¢ LCVaNYM)

A innovative statistical method used tdentify
subgroupsof participantswith heterogeneous
trajectories

Multinomial logistic model Linear mixed model

Express for each patient  Find the latent profile
probabillity to belong to of trajectories in each
class classes



Trajectory clustering

Epidemiology/Population

ORIGINAL RESEARCH . American
- o Heart

ORIGINAL RESEARCH an Plasma Glu
Body h Ansociaen | Association.
Hypert
Bingbing Fan, . . . H
Abstract- Wei Chen, MI Trajectories of Long-Term Normal Fasting Plasma Glucose and Risk of
are mi . .
o o — Coronary Heart Disease: A Prospective Cohort Study
ckgrou
Study, [20-40 year Zhongshang Yuan, PhD; Yang Yang, MS; Chunxia Wang, MS; ling Liu, PhD; Xiubin Sun, PhD; Yi Liu, PhD; Shengxu Li, MD, PhD;
55 to Fuzhong Xue, PhD
Methods an
model
pressure [BP
averag trajectory gn Background—Fasting plasma glucose (FPG) levels can vary over time and its longitudinal changing patterns may predict
blood increasing (n cardiometabolic risk. We aim to identify different trajectories of FPG in those who remained normoglycemic and investigate the
midlif and 40 were association between trajectory groups and coronary heart disease risk in a large prospective cohort study.
moder r;sépgctn;ely. Methods and Resufts—A total of 20 514 subjects between ages 20 and 80 years were included at baseline. All participants had
of stro ( Dd II-1 41 maintained normal FPG throughout an average follow-up period of 5.8 years. We identified 3 distinct trajectories using a group-
blood T?;_ :hst'm based trajectory model, labeled by initial value and changing pattem: low-increasing (n=12 &94), high-increasing-decreasing
associ 1'22:"[1 DE;_[. (n=5330), and high-decreasing-increasing (n=2490). The coronary heart disease incidence density among these 3 groups (3.00,
risk of . . 4.05, and 3.26 per 1000 person-years, respectively) was significantly different (P=0.038). The high-increasing-decreasing group
201621 Conclusions was characterized by a starting FPG of 4.80 mmel/L, and increased up to 542 mmel/L at age 55, then decreased thereafter.
’ hypertension Treating the low-increasing group as the reference, the age- and sex-adjusted hazard ratio was 1.58 (95% confidence interval,
prevention. 1.23-2.02) for the high-increasing-decreasing group by Cox proportional hazard regression. After adjustment for other potential
K ds: confounding factors, the hazard ratio is 1.40 (95% confidence interval, 1.08—1.81). The association persisted after adjustment for
oy Words: baseline FPG, mean, or SD of FPG.
Conclusions—Distinct trajectories of long-term normal FPG are associated with the development of coronary heart disease, which
is independent of other metabolic factors including FPG levels. These findings have implications for intervention and prevention of
coronary heart disease among individuals who are normoglycemic. (JAm Heart Assoc. 2018;7:e007607. DOI: 10.1161 /JAHA.
117.007 607.)
= Key Words: epidemiclogy « fasting plasma glucose = group-based trajectory model = proportional hazard regression
§ + cardiovascular disease risk factors
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F LCMMIin OHDSEcosystem

A 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

----- » Not necessary

LCNYN ccainopperaiewrOODBHED St egesymtem!




LCMMIin OHDSEcosystem

A If the results of trajectory clustering are inserted into
cohort table (result tablg), all OHDSI tools can be

sed such as PatientLevelPrediction

Co
Su
Co
Co

hort Definition ID |~ All we have to do is

nject ID 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 ~
‘2' 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
[E) LICENSE Initial commit 6 2 months ago
[El LemmOhdsi.Rproj first draft of lemm_ for OHDSI “ 2 months ago

E MAMESPACE first draft of lemm for OHDSI 2 months ago

[E README.md Initial commit 2 months ago

README.md

LcmmOhdsi

“htpsyigittubcem/ABMIILemmOhdsi




FA‘ Trajectory clustering to asthmatics

ICARUS Project

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

R — Lung function test data
ealth Record over 15 yearswvere
converted into OMOP CDM
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F// Trajectory clustering to asthmatics

AForced expiratory volume in one second
(FEV) Is mainly used as a lung function ind
when rating respiratory disorders

Normal
Obstruction
Restriction

1sec Time (sec)

http://www.nataliescasebook.com/tag/spirometry 11



F,/ Trajectory clustering to asthmatics

A Study population :Severe asthmatics

4 )
ICARUS Database
N = 4,893
§ J
4 : ) idali
Severe asthmatics i gu_lde_llne SIE
N = 1338 4-5 medication
L ! ) (MD/HD ICS + LABA
|
(At least 1 measurement o
FEV1(%) value I
N =1, 1724 ATILASS

G

11 Chung KF, Wenzel &ozekIL, Bush A, Castro BterkPJ, et al. International ERS/ATS guidelines on definition, evaluation and treatment of severe asthma. European respinatoB0jt;43(2):3433. 12



F¢ Trajectory clustering to asthmatics

A Trajectory clusteringising LCMM R package

I Measured variable FE\ (%)

i We¢ A Y Ssindex dat@which represented HD/MD
ICSLABA combination starting date

i WYe A Y & time tolm@asure (years) which was
calculated astheasurement datec index date

I The shape and optimal number of classesre
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

AOutcome :Asthma exacerbation

I Definition of asthma exacerbation :

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

2. Emergency room visit
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function from LCMM

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

51.30
93.22
92.09
5.04

63.65

Result :Estimated trajectory of lunc

8.26
22.26

#of clase  nape of AIC BIC  %Class! %Class: %Class: %Class: %Classt
trajectory

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 7369€¢.37 73782.18 2.61 4.61 92.78
Model 6 3 Cubic 7363420 73735.15 3.57 3.83 9261
Model 7 4 Linear 73743. 73834.23 31.57 9.30 7.83
Model 8 4 Quadratic 73679.05N\/3790.10 2.17 2.09 2.52
Model9 4 Cubic 73623.74 0.61 3.65
Model 10 5 Linear 73739.72 73850.76 24.00 52.52
Model 11 5 Quadratic 73684.59 73820.88 3.04 9.22
Model 12 5 Cubic 73595.67 73757.19 0.70 5.74

0.96

89.48

ThK rBodeYvzhichSws ‘lide&r’Aakdl K3 cldstesi wasithodey S |- N.
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%7 Result :Estimated trajectory of lung
/ function from LCMM

Persistently high, n = 408, 34.75 %
Persistently low, n = 618, 52.64 %
Declining, n =148, 12.61 %

Figure 1a. observed individual lung function trajectorie$-igure 1b. Tree estimated representative trajectories. The

and three estimated representative trajectories shaded areas indicate estimated 95% confidential interva
Persistently high Persistently low Declining
(N =408) (N =618) (N =148)
Intercept (95% ¢l 102.947 (96.47, 109.42) 87.57 (80.98, 94.15) 84.08 (78.23, 89.93)
Slope(95% Ol -0.05 ¢0.38,0.27) -0.14 ¢0.36, 0.09) -0.66 €1.27,-0.05)

R
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