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Methods - Continued

. . _ e _ - * We propose the following surrogate likelihood function, using second-order approximation, * A pooled dataset of N=10,000 subjects are generated based on Weibull
study results by increasing the sample size and also reduce potential biases that come from disparities L(B) = Li(B) + VL(E) - VL, (B), B) + l(’g B E)T{VZL(,B_) _v2L, (B))(B —F), 3) PH model, where the baseline hazard follows a Weibull-distribution with
in patient population or clinical practice. To overcome the barrier of patient-level data sharing, we , - , , 2 , , _ scale 200 and shape 20.
) : L. .. . : : where L, (f) is the local likelihood function defined in (2), V and V'~ denote the first and second order gradients of , . , o
propose a privacy-preserving and communication-efficient distributed algorithm for Cox proportional s e . o * We generate 2 covariates from i.i.d. Uniform distribution and the true
a function. [ is an initial value close to the true parameter value, e.g. a fixed-effect meta-analysis estimator.

hazard model to study the time to event outcome. The performance of the algorithm is investigated . 7] 21 (P L : 2 21 (P effects size are set to be f=[-1, 2].
Li(B), VL{(B) and V Ll(ﬁ) can be calculated within the local site 1. VL(,B) and V L(,B) need to be calculated . We set the event rate as 20%, 5%, 2% and 1%.
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Simulation Design

Institutional data integration becomes a trend in EHR-based studies, as it improves the confidence of

through simulation study and application to datasets from the Observational Health Data Sciences and o . 5 kK 7 5 .
distributively from all site by V"L =Y 2prL. ,forr =1, 2. For the Cox partial likelihood, the common . P _ - : -
Informatics (OHDSI). The results demonstrate that the proposed algorithm can provide relatively , y , 4 , (A) . 2j=1 N J('B) P The pOP|Ed data are d'S’Er'bUted to K=10 C"mca] sites, with 5 large and 5
Jccurate estimation when studvine rare events denominator term in (2) requires all sites to share small sites. We set the size of the large/small sites as 1000/1000,
ying ' U;(t) = ZiERj(t) exp(lngij), W;(t) = ZiERj(t) exp(ﬁTxij)Xij and Z; (t) = ZiERj(t) exp(ﬁTxij)xij xlT] 1250/750, 1500/500. For the most extreme case with event rate 1% and

These are all aggregated information and the patients’ privacy is protected. small site sample size 500, each site has 5 events on average.

Introduction « After constructing the surrogate likelihood function (3) at site 1, we can obtain an estimator by ) IN)e cci;npared3 rEEth?dS in terms ?f the”c?]eff(;cient es’iirzation afﬁi
. ) ) o ) ] e ) . 3 — aramaxe I ’ 4 a) gold standard estimator assuming all the data pooled together;
Multicenter analysis confers distinct a.dvantag.es over single cent.er studles., including the ab|I|ty. to I | ~ b g g L1(B) (4) (b) fixed-effect meta estimator, i.e. inverse variance weighted average of
study rare exposures or outcomes which require larger sample sizes and discover more generalizable and obtain the variance V. the estimators from each site separately;

* |If the other sites are also available to be a local site, we can obtain Ej for each site j and further aggregate them as

findings. (c) proposed ODAC estimator.

] K 7—1N\—1 K 7—1pn
— . V . V . 5 . . . . . .
 Direct sharing of patient-level data across institutions is impractical due to considerations on both . . T B= Q=i )7 2= F ) The biases of the estimated eftect size to the gold standard are in Fig. 2.
 The algorithm for ODAC is summarized in Fig. 1.

privacy protection and communication cost. Current distributive networks, such as the Observational Anblicati HDSI I
Health Data Sciences and Informatics (OHDSI), often rely on sharing summary statistics across sites . pplication to OHDSI networ

and synthesizing evidence through meta-analyses. B [ oventrato=20% | [ ovemrato=5% | [ ovomrae =2 | [ oventrmte= 1% We apply ODAC to observational studies of the risk factors of acute
Broadcast . . g - . . . .
» However, in the case where the outcomes or exposures are rare, or some of the sites have limited ot e e e e ] = Ll o myocardial infarction (AMI) and stroke using claims data from 4 different
sample size, accuracy of meta-analysis is not guaranteed i} | HIEE databases at OHDSI [5]. The data sets and number of cases and subjects are
’ ' q R 3 | I I I listed in Tab. 1. The overall event rates for both of the two outcomes are
. . . . . . . . . s A 2 iPoos
* Distributed computing algorithms, such as the GLORE (Grid Binary Logistic Regression, [1]) or the by d 2 s | below 1%.
WebDISCO (a web service for distributed Cox model learning, [2]), require iteratively transferring o - - . We study the association between AMI and 8 risk factors, including
information across sites, which leads to high communication cost. 1 gender, age, obesity, alcohol dependence, hypertensive disorder, major
e We propose a One-shot Distributed Algorithm for Cox regression (ODAC) by extending the surrogate depressive disorder, type 2 diabetes mellitus and hyperlipidemia.
likelihood function approach proposed by Jordan et al. (2018) [3], and the One-shot Distributed e e s e * We study the association between stroke and 8 risk factors, including

------ Fig. 2: Simulation result: biases to the pooled estimator. : . . . . . .
& P congestive heart failure, hypertensive disorder, ischemic heart disease,

type 2 diabetes mellitus, coronary arteriosclerosis, renal failure
syndrome, transient cerebral ischemia and hyperlipidemia.

Algorithm for Logistic regression (ODAL, [4]). We investigate the performance of ODAC by comparing
it to the commonly used meta-analysis and the gold standard estimator where all data are pooled
together.

AMI, 95% confidence intervals of effect size estimates

(2) EVidence SyntheSis Broadcast Uj(t) = ZieRj(t) exP(B—Txij)v ‘ age_in_years ' Alcohol_dependence Gender_female

W;(t) = Xier vy €XP (B x:5) %y, o001 T | 1o __1- A . . . . . . . .
Uj (), W3 (), (), ' . i 00551 }\i :/i 4H * The effect size estimation with 95% confidence intervals are in Fig. 3.
0 0.54

teT,j=1,..,K Z;(t) = ZiERj(t) exp(B_Txij)xij xiTj
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pooled meta ODAC pooled meta ODAC pooled meta ODAC Dataset AMI (cases/subjects) Stroke (cases/subjects)

Hyperlipidemia Hypertensive_disorder Vajor_depressive_disorde . . X
] Optum (Optum®© De-ldentified Clinformatics)

* Cox proportional hazard regression model. v SIU’H []b’/i j*i/\i 50D (150 MorketSean® Medicac 360 / 62401 319 /62348
Let X € RP be the risk factors, T be the time-to-event outcome of interest. A(t|X) = A,(t)exp(BTX) SRR L S — DER T e S E Madiena) 28 /0138 o1 /558l
] . . ] ] ] ] e meta ODAC pooled meta ODAC pooled meta ODAC 1207 69788 1402 69164

where A, (t) is the baseline hazard function, and  are the regression coefficients, i.e. the log-hazard = e o pocie CCAE (IBM MarketScan® Commercial) / /

. : . . e 3 I U ool T ] o 155 / 64195 165 / 64222
ratios. § is the censoring indicator, i.e. § = 1 indicating an event. The observed data are {Tj}, 6;, x;} for 0277 I M +% e . 2160/2/56523 2337/2/55595
the i-th subject. For a given time t, R(t) = {i; T; = t}, is therisk set at time t. The Cox partiallog || ==
likelihood function [] can be constructed as Stroke. 95% confidence intervals of effect size estimates Tab. 1. Number of cases and subjects of AMI and Stroke in the 4 data sets at OHDSI.

1 ex Tx - ’Con stive_heart failure Corona _arteriosclerosis| Hyperlipidemia =
L(B) = =XiL, 8;log ) . (1) (3) Aggregation e T Tlel o T 1T Conclusions
N %jer(r,) ©XP(BT%)) 5 Z0B i/ -] Jg\n 3 i\i,
: . : : : : : . VA . 0aq | L] ) * When outcome is rare, each site might have limited number of events
 The data are stored in K clinical sites, N = Zﬁ-{zlnj. For the i-th patient in the j-th site, we observe , " pooled mela ODAC  pooed meta ODAC  pooled mela ODAG . L 5 . ’
{T 6 } Th . k . . . . . R ( ) {( . _) T > } d R( ) R ( ) L R H%,\'iq'\’ Hypertensive_disorder lschemic _heart disease Renal_failure_syndrome WhICh Can Cause Iarge blas In meta_ana|y5|s°
0077, Xii (. erisksetinsitejattimetis R;(t) = l +1;; = t4t, an t) =U; R;(t). Let K;; = t BRIy S -1 ol ] || oe1 1 . . . . :
A J T ] ) + P 1 g Q’ RN / 3i/j 0¢- | ‘\i * ODAC can provide fairly accurate estimation of the time to event
T pooled meta ODAC pooled meta ODAC pocled meta ODAC . . ..
— 1 K n] eXp (ﬁ xl_]) K ransient_cerebral_ischemi Type 2 diabetes mellitus the p00|9d EStImatOr IS aImOSt negllglble.
L(B) = § Zj=12;=, 6ijlogs; o (Tr = 2i=1 L () (2) o s on b+ oo e o B o - | .
(sk)ER;j %P sk o] 1 i/ 4!{» e  ODAC algorithm is privacy-preserving since only aggregated information
* Assume we only have the patient level data of the “local” site, say site 1. The patient level dataof || . is transferred across sites.
other sites required for (2) are not available. we extend the surrogate likelihood approach developed e ODAC is communication efficient since it only requires 3 rounds of
in [3’4]’ and propose a distributed algorithm for Cox regression model. Fig. 1: Schematic illustration of the proposed ODAC algorithm. Fig. 3: Effect size estimation of risk factors of AMI and Stroke. broadcasting (including the initialization) among all sites.
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