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Abstract

Background: Securing the representativeness of study populationsiscrucial in biomedical research to ensure high generalizability.
In this regard, using multi-institutional data have advantages in medicine. However, combining data physically is difficult asthe
confidential nature of biomedical data causes privacy issues. Therefore, a methodological approach is necessary when using
multi-institution medical data for research to develop a model without sharing data between institutions.

Objective: This study aims to develop a weight-based integrated predictive model of multi-institutional data, which does not
requireiterative communi cation between institutions, to improve average predictive performance by increasing the generalizability
of the model under privacy-preserving conditions without sharing patient-level data.

Methods: The weight-based integrated model generates a weight for each institutional model and builds an integrated model
for multi-ingtitutional data based on these weights. We performed 3 simulationsto show the weight characteristics and to determine
the number of repetitions of the weight required to obtain stable values. We also conducted an experiment using real
multi-institutional datato verify the devel oped weight-based integrated model. We selected 10 hospitals (2845 intensive care unit
[ICU] staysin total) from the electronic intensive care unit Collaborative Research Database to predict ICU mortality with 11
features. To evaluate the validity of our model, compared with a centralized model, which was developed by combining all the
data of 10 hospitals, we used proportional overlap (ie, 0.5 or lessindicates asignificant difference at alevel of .05; and 2 indicates
2 Clsoverlapping completely). Standard and firth logistic regression modelswere applied for the 2 simulations and the experiment.

Results: Theresults of these simulations indicate that the weight of each institution is determined by 2 factors (ie, the data size
of each ingtitution and how well each institutional model fits into the overal institutional data) and that repeatedly generating
200 weights is necessary per institution. In the experiment, the estimated area under the receiver operating characteristic curve
(AUC) and 95% Cls were 81.36% (79.37%-83.36%) and 81.95% (80.03%-83.87%) in the centralized model and weight-based
integrated model, respectively. The proportional overlap of the Clsfor AUC in both the weight-based integrated model and the
centralized model was approximately 1.70, and that of overlap of the 11 estimated odds ratios was over 1, except for 1 case.

Conclusions: Intheexperiment wherereal multi-institutional datawere used, our model showed similar resultsto the centralized
model without iterative communication between institutions. In addition, our weight-based integrated model provided aweighted
average model by integrating 10 models overfitted or underfitted, compared with the centralized moddl. The proposed weight-based
integrated model is expected to provide an efficient distributed research approach asit increases the generalizability of the model
and does not require iterative communication.
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Introduction

Multi-institutional studies have many advantages in that they
can increase the generalizability and reproducibility of clinical
results. Studies based on geographically and demographically
diverse populations using multi-institutional data are
increasingly common and necessary to improve generalizability
[1]. This increases the applicability of study results to other
settings or with other samples, as sampling bias is reduced.
Sampling bias occurs when patient and disease characteristics
differ from the represented patient population, and it commonly
occursin electronic health record—derived databasesfrom single
ingtitutions, as patient populations reflect the local
socioeconomic environment or specialty interests of hospitals

2.

Data accumulated in multiple institutions should be shared to
realize the potential of big data in medicine. Big biomedical
data networks, such as the patient-centered Scalable National
Network for Effectiveness Research clinical data research
network [3], Scalable Architecture for Federated Trand ational
Inquiries Network [4], and Electronic Medical Records and
Genomics (EMERGE) network [5], have been established to
enable cross-ingtitutional biomedical studies [6]. As big data
arerelative to volume, variety, and vel ocity, their serviceability
depends on combining and analyzing rapidly growing data
sources stored in different places via these data networks.

However, the availability of such large volumes of data is
associated with privacy issues. Privacy must be protected when
sensitive biomedical data are being used for research purposes,
and this requires implementing several safeguards [7]. To
overcomethe 2 conflicting problems of privacy and data usage,
amethodological solution that can analyze all partitioned data
without data sharing should be considered. The current
approaches toward constructing models based on
multi-ingtitution data by solving the privacy concern on
patient-level datadistributed acrossinstitutions can be primarily
categorized into distributed computing approaches, which
require iterative communication between institutions, and
approaches that do not require an iterative process in terms of
communication efficiency.

Among the methods that use distributed computing, federated
learning has recently been proposed as a promising solution. It
is a distributed computing method wherein severa clients
collaboratively train ashared global model with the coordination
of acentral server [8]. A client can be amobile or edge device,
not an institution; however, if the clientisareliableinstitution,
it is classified as cross-silo federated learning [9]. Cross-silo
federated learning aims to solve an optimization problem by
setting the objective function [10] for the centralized model. In
general, this optimization problem can be managed by stochastic
gradient descent. Each client computes the local gradient and
returns it to the server for aggregation and, accordingly, the
global parameter is updated [8]. This process is repeated until
the parameter converges. Various studies have aso devel oped
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algorithmsto establish statistical models, such as GLORE (Grid
Binary LOgistic Regression) [11] for logistic regression, grid
multicategory response logistic models [12] for ordinal and
multinomial logistic regressions, and WebDISCO (aweb service
for distributed Cox model learning) [13] for the Cox model. In
these studies, the global likelihood function of the centralized
model was divided into local likelihood functions for each
ingtitution; to estimate the parameter maximizing the global
likelihood function, the nonsensitive intermediary results were
iteratively exchanged between the centra server and the
institutions using the Newton—Raphson method [14]. These
methods can guarantee the precision of the models; however,
the solutions may leak patient information owing to the
disclosure of the information matrix and score vectors during
iterative model learning [6].

The noniterative approach aggregates the intermediate results
required for building a global model without requiring an
iterative process. A typical method is meta-analysis[15], which
is a conventional statistical analysis. Meta-analysis is used to
estimate the effect size (eg, correlation coefficient, odds ratio
[OR], and hazard ratio) of the overall institution, rather than
building a predictive model. The overall effect sizeisestimated
by averaging the effect sizes that are estimated from each
institution; this method has been widely used in various studies
[16-19] based on the common data model adopted by the
Observational Health Data Sciences and Informatics Consortium
[20]. Further, by constructing a surrogate likelihood, ODAL
(one-shot distributed algorithm to perform logistic regression)
[21] and ODAC (one-shot distributed algorithm for Cox model)
[22] have been proposed for the logistic and Cox models,
respectively; these models can estimate the global parameters
in a noniterative manner without using the Newton—-Raphson
method. By contrast, MCCG (the multicenter collaboration
gateway) [23,24], which focuses on developing a prediction
model, was proposed to improve the predictive performance of
a gpecific target ingtitution. Rather than constructing the
centralized model, this algorithm proposed a method of
aggregating the models of each institution such that they are
trained in a single target institution to improve the predictive
performance in that target institution.

In this study, we focus on developing a noniterative algorithm
that can construct predictive models from different sources
without sharing horizontally partitioned data, where patient-level
dataare divided for the same medical information. The proposed
model, referred to as the weight-based integrated model, is a
predictive model reflecting the characteristics of various
populations in multiple institutions without compromising
privacy. We evaluated the proposed weight-based integrated
model based on 2 aspects: (1) To confirm whether it provides
a weighted average model with al characteristics of
multi-institutional data, we evaluated its similarity with the
centralized model that was developed by combining all
institutional data, compared with models from different
ingtitutions, in terms of the predictive power and parameter
estimation. (2) To confirm whether the proposed weight-based
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integrated model improves the average predictive performance
by building a predictive model with generaizability, we
compared the predictive power of the weight-based integrated
model with that of the central model, as well as the models of
each institution that were used to build weight-based integrated
model, through external validation.

Methods

Weight-Based I ntegrated M odel

The proposed weight-based integrated model involves a 4-step
process (Figure 1). In step 1, 2 data sets are generated by each
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party to estimate a predictive model and to evaluate the
performance. In step 2, the parameters estimated by each party
are shared between the parties. In step 3, a loss value for the
model of each party is calculated by fitting the model to the
data set of the entire party. The larger the loss value from the
model of each party, the smaller the weight of the model. In
step 4, the weight-based integrated model is constructed based
on the weight of each party. To describe the 4 steps in detail,
assume K partitioned data, each of sizen,, and let P,, 1 <k <

K, denote the kth partitioned data.

Figurel. (A) Overal process of the weight-based integrated model. (B) Step 3 of the weight-based integrated model showing the processfor calculating
the weight using the log loss as a criterion to measure the model performance in the logistic regression model.
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Step 1

Randomly split the kth party of size n, into 2 parts—the first
part is ZY with size (nx)/(x+1), and the second part is Z® with
size (n)/(x+1). Here, Z\ is used to estimate any predictive
model f, whereas Z? is used to measure the predictive
performance of the estimated model " obtained from Z. The
dataset (Z, Z?) is generated mtimes for each P,. Leti, 1<

< m, denotethe number of datasets. 2 Zei~ representsthe
ithdata set (Z, Z*?) of P,.

Step 2

fews is the ith model of P, estimated using Z#:”, and fexi is a
vector of parameters estimated from fowi, The K parties share
m vectors of parameters, By Boy2s s By ), with each other.
Step 3

In the kth party, fit the K models, ifp,nfpyv---prmf*“"fp&f),
including their model, J‘;P:of, which is estimated from
(Zos ™ Zoss™, o Zos™, o Zo™) and sent from step 2 to the ith

Ny

Zou =3, Subsequently, calculate the loss value for each of
the K models.

Losssei (Zys™) represents loss fitting fexs to Zeps &= 1250
K (2) nytngt---tng s

Loss for total Zk=1Zei ("=""270) of fr s calculated as
2eitosse (7247) and represents L0555, Thelossfunction can vary
depending on the model. For binary classification models (eg,
the logistic regression model), the following log loss function
[25], which is calculated as the negative log likelihood for
probability predictions, can be used. The log loss function (or
negative log likelihood function) of thelogistic regression model
for N patientsis expressed as

—InL(p) = - ZI {vtnp, + (L —y)in(1 —p,)}
i=1

where p; = 1/(1 + exp [-B"x]) is the probability of outcome of
interest, B is a vector of parameters, x; is a vector of features
of the ith patient, and yiis a binary outcome of the ith patient.
Figure 1B presents the process of calculating the loss for the
ith model of party 1 (ie, L255#.) using the log loss function.

To make the weight larger as the loss becomes smaller, we

define Erxi as the inverse of L955e.i, and Erw: represents the
goodness of fit for al K parties of the model of the
corresponding weight.

Step 4

The Wrw:, represented by ith weight of the partition model of
P, for the integrated model, is calculated as follows:

Ep,; )
Wi = S . (i=12..,m)

K Y
Ek=1EPi¢,:'

https://medinform.jmir.org/2021/4/€21043

Park et a

where Wy represents the final weight of the partition model

based on P,, and can be obtained by averaging the ™ Wesi. The

weight-based integrated model, fm, is estimated as follows,

using ¥ fex(k = 1.2, . K) which represents apredicted valuefrom
the partition model of Py based on the total ndata. Note that

Zﬂ',,.‘:l.
f:.r.l.' = j;‘l'-‘_ X ‘:I:'J;-'._ +J;'?-; X L:i:'l?: +oet fph- X ﬁ-’nx

The weight calculated by the weight-based integrated model is
determined by 2 factors: the data size of the party (ie, theratio
of datasizeto central data) and how well the model of the party
fits into the data of the other parties (ie, the goodness of fit to
all parties of the model from each party). In case of a party k
with relatively large data, as the proportion of data of party k

inthe total 2.

mode! of party k becomessmall, and Wew:(f = 1.2, .. ™) bacomes
larger than the other parties. In other words, aparty with alarge
data set has alarge weight, and that with asmall data set hasa
small weight. Further, the better the model of party k is fitted
to the data of other parties, the smaller the loss values and the
greater the weights. These characteristics of weights are
demonstrated in the experiments based on simulations and real
data

The parameters of the model can be also estimated based on
weights from the weight-based integrated model process. In
step 3, the models and weights of K parties are generated for
every i repetitions. Further, the weight-based parameter can be

estimated based on the ith weights, (We..i: Weye s Wegi) and

increases, L0ossey: (1 = 1.2,.,m) of the

ith vectorsof parameters, Beois Boyis e Bog ), estimated from each
Kopaty (I =1, 2, .., m). Let Bwnai be the ith vector of
weight-based parameters. Then, Bwnes is calculated using

WeoiBpyi + Weyibp,i + -+ WegiBeyi: that is, parameter estimation
intheweight-based integrated model isperformed by calculating
the weighted average of the parametersthat is estimated by the
models of each institution based on the weights on models of
each institution. A point estimation and 95% CI estimation of
aweight-based parameter can be performed using the average
and (lower 2.5%, upper 97.5%) of mweight-based parameters,
respectively.

Simulation Study

We performed 3 simulations. The first simulation aimed to
validate the optimal number of repetitions of the weight. The
second and third simulations were performed to show the
features of the weight calculated using the weight-based
integrated model and to compare with other weighting methods.
For al simulations, the standard logistic regression model was
used, and 5 features were set. Three featureswere sampled from
binomial (1, 0.5), and 2 features were sampled from normal (0,
1). The outcome was generated from the binomial (1, p), where

Py =, given 5 features (X) and 6 parameters (3). We set the
6 parameters to values from —2 to 2. The values of the
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parameterswere set to adjust the homogeneous or heterogeneous
characteristics between the parties.

In the first simulation, to set an optima m associated with the
number of repetitions of a weight per party, we examined the
change in weight by adjusting the repetition m under each
partitioned data size n for the following sizes: 200, 400, 600,
800, and 1000. A total of 23 scenarios were considered, with
the number of repetitionsbeing 5 unitsfrom 5 to 50 and 50 units
from 100 to 700. Three parties (A, B, and C) were considered.
In this simulation, the adjustment of the homogeneous or
heterogeneous characteristics of each party is not an important
factor. Therefore, we generated 6 parameters for each party
uniformly from [-2, 2].

The second simulation was performed to confirm the change
pattern of the weights by adjusting 2 factors: the data size and
the goodness of fit of the model from each party. In this
simulation, we considered 2 scenarios. In thefirst scenario, we
generated 3 parties (A, B, and C) with data sizes of 1000. One
of the 3 partieswas generated with abiased feature by adjusting
the parameters for sampling. All 6 parameters of parties A and
B were set the same. By setting 5 conditions of parameters,
from parameter 1 to parameter 5, the biased degree of party C
wasincreased asit was adjusted from parameter 1 to parameter
5. All 6 parameters of parties A and B were set equal to 1 at 5
conditions, and the parameters of party C were set to 1 at the
condition of parameter 1, 0.5 at the condition of parameter 2,
—0.5 at the condition of parameter 3, —1 at the condition of
parameter 4, and —2 at the condition of parameter 5. That is,
under the same data size, the change degree of the weightswas
confirmed by gradually deteriorating the goodness of fit for the
entire data of the biased party C. In the second scenario, after
setting one of the 3 parties to be biased, we changed the
condition of datasizeto check the change degree of the weights
according to the data size. The 6 parameters of parties A and B
were set to 1, and all of party C were set to —2.

In the third simulation, we compared the weight of the
weight-based integrated model with other comparable weighting
methods to show the unique characteristics of the weight-based
integrated model. Thissimulation aimsto confirm to what extent
the predictive performance of the integrated model using each
weighting method is similar to that of the centralized model.
We referred to an approach [26] of weighting strategies that
investigated replicability of the performance of predictorsacross
studies through ensembles of prediction models trained on
different studies as the weights used in comparison. We chose
3 comparable weights in the approach [26] of weighting
strategies: simple average (Avg), average weighted by study
sample size (n-Avg), and average weighted by cross-study
performance (CS-Avg). For K parties, with total data size N
and kth party of size n,, Avg assigns a weight of /K to each
party, and n-Avg assigns a weight of n/N to each party. In
addition, similar to the weight of the weight-based integrated
model, CS-Avg constructs a predictive model for each party
and then cal cul ates the weight based on predictive performance
for other parties. In calculating the performance of models for
each party, the party used in the model is excluded. Further, the
smaller the performance, the smaller the weight assigned, and

https://medinform.jmir.org/2021/4/€21043

Park et a

the model with the lowest performanceis assigned aweight of
0. An averaged value, such as the mean squared error, is used
for performance measurement. For application to the logistic
model of CS-Avg, we measured the performance by dividing
the log loss function by the data size.

We performed 200 simul ations under the same conditions. Four
parties (A, B, C, and D) were constructed to build a predictive
model, and another 4 validation parties were constructed to
measure predictive performance. In addition, we assumed 2
scenarios, similar to the second simulation, to show the
characteristics of each weight. While adjusting the data
characteristics of parties under the same data sizes, and data
sizesof parties under the same data characteristics, we observed
the change patterns of weights and predictive performance of
each weighting method. In the first scenario, the data sizes of
the 4 parties were all set to 500. The 6 parameters, [Bo, B1, Bo,
B3, Ba, Bs), of parties A and B wereset to [0, 2, 2, 2, 2, 2], and
the data characteristics of parties C and D were adjusted under
the following 3 conditions: (1) 6 parameters—[0, 2, 2, 2, 2, 2],
outcome generation: binomial (1, p); (2) 6 parameters—{[0, -2,
-2, 2, 2, 2], outcome generation: binomial (1, p); and (3) 6
parameters—[0, -2, -2, 2, 2, —2], outcome generation: binomial
[1, min(0.5, p)]. The first condition, that is, (1), represents the
same characteristics as parties A and B. By adjusting the
parameter in (2) and the parameters and probability of generating
an event in (3), the characteristics of parties C and D were
gradually generated to be heterogeneous with parties A and B.
In the second scenario, under the third condition of the first
scenario, the data sizes of parties A and B were set to 500, and
only thedatasizes of parties C and D were changed to 500, 750,
and 1000.

The data sizes of the 4 validation parties were al fixed at 500,
and the data characteristics were the same as each condition of
the first and the second scenarios. For example, the parameters
of the 4 validation parties for condition (1) of the first scenario
wereset to [0, 2, 2, 2, 2, 2] in the same manner as parties A, B,
C, and D. The average area under the receiver operating
characteristic (ROC) curve (AUC) was measured for 4 validation
parties to compare the similarity of the performance of each
weighting method with that of the centralized model.

Experiment Using Real Horizontally Partitioned Data

We used the el ectronicintensive care unit (el CU) Collaborative
Research Database [28] to evaluate the validity of the weight
model. The elCU Collaborative Research Database is a
multi-institution 1CU database of elCU programs across the
United States, and contains approximately 200,000 admissions
to ICUs monitored by 208 hospitals (data collected between
2014 and 2015).

The model to be applied to the weight-based integrated model
used alogistic regression model to predict mortality after ICU
admission. As features, 27 variables included in the Acute
Physiology, Age, and Chronic Health Evaluation (APACHE)
classification system were considered. The APACHE scoreis
a severity-of-disease classification system [29], one of several
ICU scoring systems. Therefore, we considered 27 variables
from the APACHE system as mortality predictors for patients
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in the ICU. In the el CU database, the APACHE |11 score was
calculated, and the 27 variables used to cal cul ate the score were
listed.

We selected 10 hospitals with atotal of 2845 ICU stays, out of
208 hospitals with a total of 200,859 ICU stays, as our
horizontally partitioned data set (Figure 2). To select the
horizontally partitioned data of 10 hospitals, 6269 ICU stays
(123 hospitals) with both mortality and 27 feature values were

Park et a

selected. We selected the top 10 hospitals with higher death
frequencies among those having less than 90% ICU stay rate
with all 27 features missing. Moreover, 11 featureswere selected
by forward selection (significant level: .01) of 27 features at
2592 ICU staysfor 10 hospitals. The selected 11 features were
Glasgow Coma Scale score, pH, blood urea nitrogen, fraction
of inspired oxygen, temperature, bilirubin, albumin, age, partial
pressure of carbon dioxide, partial pressure of oxygen, and pulse
rate.

Figure 2. Selection process for hospitals and intensive care unit (ICU) stays.

A 4
10 hospitals

208 hospitals
200,859 ICU stays
Excepted 194,590 ICU stays and 85 hospitals
. .
v without mortality and all 27 features.

123 hospitals

6269 ICU stays
(dead: 1053/6269=16.80%) a. Selected the top 10 hospitals with high death

frequencies among hospital with less than 90%
ICU stay rate with all 27 features missing.
b. Selected 2592 ICU stays with all 27 features.

2592 ICU stays

(dead: 467/2592=18.02%)

4
10 hospitals

Selected 2845 ICU stays with all 11 features
selected by forward selection (a = .01) for
10 hospitals

2845 ICU stays
(dead: 525/2845=18.45%)

When developing a predictive model, the number of events
compared with the number of predictors is a key factor to
determine the performance of thelogistic regression model [30].
The models applied to datawith low events per variable produce
inaccurate and biased results [31]. A total of 10 events per
variable are widely used as a criterion for logistic regression
models [32,33]. Most hospitals do not satisfy the 10 events per
variable criterion based on the 11 features mentioned. Therefore,
the firth logistic regression model [34], which can estimate
unbiased parameters in data with low event frequencies, was
used for accurate parameter sharing between hospitals when
applying the weight-based integrated model.

Validation and Evaluation of the Weight-Based
Integrated Model

Thelogistic regression model was used for the simulation data,
whereasthefirth logistic regression model was used for thereal
data. To calculate the loss of 2 logistic models, we proceeded
according to the process detailed in Figure 1B using thelog loss
function, 4n L(p). Thereciprocal of theloglossrisk for all data

https://medinform.jmir.org/2021/4/€21043

in each partition model was used asthe criterion for calculating
the weight. We also used the results of the first simulation as
the number of repetitions required to calculate the weight. The

ratio of ZM to Z? was 3:1 for al simulations. In addition, in

real datawith low event frequency, Z and Z® were generated
atal:1ratiofor both dead and alive casesto build amore stable

model in Z9.

To evaluate the weight-based integrated model, we compared
the results of the weight-based integrated model and the
centralized model using 10 hospitals from the el CU database,
in terms of the ROC curve, AUC, and estimated OR, on the 11
features. In addition, we used the Hosmer—L emeshow test [35],
where P<.05 indicates poor calibration, to assessthe calibration
of the proposed wei ght-based integrated model and centralized
model for central data, along with the 10 models of each
hospital.

The comparison of AUCs and ORs between the 2 models was
evaluated based on the proportion of overlap of the 95% Cls.
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The proportion of overlap was defined as the ratio of overlap
of two 95% Clsin the margin of error, which is the half-width
of the 95% CI of the longer length. If a Cl isremarkably short
and is included in the other ClI to be compared, then the
proportion of overlap calculated based on the shorter Cl is 2,
which is a perfect match between the 2 Cls, regardless of the
value of thelonger CI. Therefore, the proportion of overlap was
calculated based on the longer Cl for a more conservative
evaluation criterion. For the independent group t test that
compares the 2 means, when the proportion of overlap is
approximately 0.5 or less, it indicates that the 2-tailed P value
islessthan .05[36]. We determined that the 2 Clsdid not differ
significantly at a significance level of .05 when the proportion
of overlap was more than 0.5 and confirmed how close the
proportion of overlap wasto 2.

Based on the results of OR estimation for 11 features, we
compared the results of our weight-based integrated model and
conventional meta-analysis (for afixed effect model using the
inverse of the variance of the effect estimate as aweight). The
meta-analysis is similar to the weight-based integrated model
as the OR of a multi-ingtitution is estimated by setting
institution-specific weights and averaging the OR of each
institution based on the wei ghts, although the method of weight
calculation of the meta-analysis varies from the proposed
weight-based integrated model. We compared the proportional
overlap of 95% CI and the relative bias of point estimates for
the centralized model between the weight-based integrated
model and the meta-analysis.

To perform external validation, we selected the top 5 hospitals
as the external validation hospitals (ie, those with a high
mortality rate and less than 90% ICU stay rate with all 27
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features missing) after selecting 10 hospitalsfor the central data.
By summarizing the AUC as aresult of external validation, we
confirmed whether the predictive performance on each external
validation hospital in the weight-based integrated model is
similar to that of the centralized model. We also evaluated
whether the weight-based integrated model ultimately improves
the average predictive performance when compared with a
model of asingle hospital through an average AUC on 5 external
validations. In addition, the 3 weighting methods (ie, CS-Avg,
n-Avg, and Avg) were applied to externa validation and
compared with the weight-based integrated model.

The simulation studies and experiments with real horizontally
partitioned data were performed using R 3.6.0 (R Foundation
for Statistical Computing).

Results

Simulation 1: Optimal Repetitionsm

In simulation 1, to propose optimal repetitions m of the
weight-based integrated model, the size of each party was
simulated as 200, 400, 600, 800, and 1000, and the weight values
tended to stabilize asthe number of repetitionsincreased (Figure
3). Moreover, as the data size n of each party decreased, the
change in the weight pattern according to the number of
repetitions became relatively large. For all data size n, graphs
in Figure 3 showed arelatively flat pattern of weights after 200
repetitions. Therefore, we set mto 200. That is, in the second
and third simulations, and the experiment using real data, we
calculated the weights of each partition model and estimated
the parameters of the weight-based integrated model based on
200 repetitions.

Figure 3. Weights of 3 parties according to the number of repetitionsfor sizes of 200, 400, 600, 800, and 1000. Vertical lines represent 200 repetitions.
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Simulation 2: Featuresof theWeight Calculated From
Weight-Based | ntegrated M odel

To confirm the characteristics of the weights calculated using
the wei ght-based integrated model, party C, among the 3 parties,
was considered as a biased party. Figure 4 shows the results of
the first scenario to confirm the change of weight according to
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the goodness of fit. The same weights, 0.3333, are derived for
parameter 1 for all parties, where A, B, and C all have the same
data. Thereafter, as the degree of bias of party C gradually
increases (ie, from parameter 2 to parameter 5), the weight of
party C decreases. In other words, under the same data size, the
smaller the goodness of fit for thetotal party of apartition model
with different characteristics, the smaller the weight.

Figure4. Change pattern of weights according to goodness of fit for central data (scenario 1 of simulation 2), and adjusted parametersfor the 5 features

of parties A, B, and C with size 1000.
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As shown in the results of Figure 5 (scenario 2), the data size
of the biased party C was gradually increased to examine the
weight change according to the data size under the setting of
parameter 5. When the data size of all 3 parties was equal to
1000, the weight of party C was 0.1181, which was relatively
small compared with parties A and B. However, the weight of
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party C aso increased as its data size gradually increased. In
particular, after the data size of party C became 4000/6000
(66.67% of the centralized data), the weight of the biased party
C became larger than that of the other 2 parties. That is, even
in abiased party, the weight can be increased if theratio of data
size to the centralized data increases.
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Figure 5. Change pattern of weights according to the ratio of data size to central data (scenario 2 of simulation 2), adjusted data sizes of party C, and

ratios of data size to centralized data for parties A, B, and C.
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These two results of simulation 2 show that the weights of the
weight-based integrated model consider not only the goodness
of fit for the central data but also the ratio of data size to the
central data.

Simulation 3: Compar ative AnalysisWith Alternative
Weighting M ethods

Multimedia Appendices 6 and 7 show the comparison results
of 200 simulationson theweight of the weight-based integrated
model and the other 3 weighting methods (CS-Avg, n-Avg, and
Avg). In each simulation setting, we summarized the distribution
of 200 average AUC for 4 validation parties, the differencein
average AUC between each weighting method and the
centralized model, and the average weights of 4 parties (A, B,
C, and D), according to 200 simulations.

The results for the first scenario are shown in Multimedia
Appendix 6. The data characteristics of parties C and D are
gradually heterogeneous with those of party A and B as they
go to the left, middle, and right. When the data sizes and
characteristics of the 4 parties were al the same (the left in
Multimedia Appendix 6), the distributions of the 200 average
AUC of each weighting method and the centralized model were
almost the same, and the average weights of parties A, B, C,
and D were approximately 0.25, which is amost equal.
However, as the data characteristics of parties C and D were
more different from those of parties A and B (from the left to
the right), the predictive performances of the 4 weighting
methodswere distinctly different. The distribution of the average
AUC of CS-Avg showed the largest difference from that of the
centralized model, and the weight-based integrated model

https://medinform.jmir.org/2021/4/€21043

showed the distribution of average AUC most similar to that of
the centralized model. In the first scenario, as the data sizes of
the 4 parties were the same, the weights of the 4 partiesin both
n-Avg and Avg were set equal to 0.25, and the distributions of
the average AUC of both weighting methods were the same.
Asthe data characteristics change, the weight-based integrated
model and CS-Avg gradually assigned agreater weight to parties
C and D. However, as CS-Avg assigned a weight of 0 to one
of either A or B, the differencesin weight between the 4 parties
were greater than that of the weight-based integrated model.

The results for the second scenario are summarized in
Multimedia Appendix 7. The data characteristics of the 4 parties
were set identically with the condition corresponding to (3) of
thefirst scenario, and the datasizes of parties C and D increased
toward the left, middle, and right. Similar to the results of the
first scenario, the distribution of the average AUC of the
weight-based integrated model was the most similar to that of
the centralized model, and the distribution of CS-Avg was the
most different. As n-Avg reflects the change in data size, the
distribution of average AUC differed from Avg asit goesto the
right, and it was closer to the distribution of the centralized
model thanin thefirst scenario. As CS-Avg does not reflect the
datasize, even if the data size of parties C and D increased, the
weights of the 4 parties remained almost unchanged. However,
the weight-based integrated model gradually provided large
weights to parties C and D with large data sizes. Furthermore,
as n-Avg reflects the data size, but does not reflect the data
characteristics, there was a difference from the weight of the
weight-based integrated model reflecting both. Avg assigned 4
parties afixed weight of 0.25 under any conditions.
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Validation Resultson Horizontally Partitioned el CU
Data

A total of 2845 |CU stays (dead: 525, dive: 2320) were arranged
from 10 hospitals. Among the 2845 |CU stays, the total of z

of the entire hospital was 1430 ICU stays, and the total of z?
was 1415 ICU stays (refer to Multimedia Appendix 1). Table
1 presents the results of AUC from the firth logistic regression
model in each of the 10 hospitals. The predictive power of the
models from each hospital differs from the smallest predictive
power of 80.93% (hospital 6) to the largest predictive power of
92.00% (hospital 10).

The 200 log loss values for the total z@ (n=1415) of each
hospital model and the final weights of each hospital model
were calculated from 200 repetitions (Table 1). A large
distribution of loss in a hospital indicates that the goodness of
fit of the hospital model is not good for all data from 10
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hospitals. Therefore, the weight of a hospital with a relatively
small loss distribution was calculated to be small. Further, a
hospital with asmall ratio of datasizeto central data (2845I1CU
stays) tends to have a small weight. For example, in hospital 1,
the distribution of the lossis the smallest, and the ratio of data
size to the central data is the largest (510/2845, 17.93%).
Therefore, thelargest weight of 0.1188 was assigned to hospital
1. Conversely, hospital 10 has the largest distribution of loss,
and the ratio of data size to the central data is the smallest
(125/2845, 4.39%). Therefore, the smallest weight of 0.0583
was assigned to hospital 10. Hospitals 3 and 4 were given the
sameweight of 0.1109. However, theratio of datasizeto central
data in hospital 3 (268/2845, 9.42%) was smaller than that of
hospital 4 (338/2845, 11.88%), and the loss distribution tended
to be dlightly smaller for hospital 3. As observed in the results
of smulation 2, theweight of the weight-based integrated model
isaffected by both the ratio of the central dataand the goodness
of fit to the central data.

Table 1. AUC, log loss, and weights for 10 models of each institution (N=2845).

Hospital number n/N (%) AUC?(95% Cl) Log loss from 200 repetitions Weight
Median (Min, Max)
1 510/2845 (17.93)  83.81% (79.99%-87.63%) 575.18 (535.45, 668.13) 0.1188
2 387/2845 (13.60) 82.14% (76.82%-87.47%) 577.40 (536.59, 754.68) 0.1181
3 268/2845 (9.42) 86.67% (81.57%-91.78%) 616.63 (547.65, 755.15) 0.1109
4 338/2845 (11.88) 86.48% (81.43%-91.53%) 617.14 (552.61, 787.62) 0.1109
5 231/2845 (8.12) 86.29% (80.19%-92.4%) 723.90 (572.31, 1814) 0.0929
6 316/2845 (11.11) 80.93% (74.02%-87.83%) 626.65 (539.71, 978.16) 0.1076
7 308/2845 (10.83)  85.95% (78.23%-93.67%) 665.89 (561.92, 1071.16) 0.1024
8 197/2845 (6.92) 83.81% (75.88%-91.73%) 712.29 (569.31, 7280.35) 0.0912
9 165/2845 (5.79) 86.63% (79.2%-94.05%) 758.66 (566.39, 1774.99) 0.0890
10 125/2845 (4.39) 92% (86.66%-97.34%) 1008.64 (634.35, 13,722.49) 0.0583

8AUC: area under the receiver operating characteristic curve.

The Hosmer—L emeshow goodness-of -fit test demonstrated that
the weight-based integrated model and the centralized model
fit the central data well, and the 10 models of each hospital fit
the data of each hospital well (all P>.05; Multimedia Appendix
3).

Figure 6 shows the ROC and AUC of the 2 models, the
weight-based integrated model and the centralized model based
on the central data (2845 stays), and of the 2 hospitals, hospital
6 with the lowest AUC and hospital 10 with the highest AUC
(based on the data of each hospital). It was confirmed that the
patterns of ROC curves for both the weight-based integrated
model and the centralized model are almost the same. The
estimated AUC values and 95% CIs were 81.36%
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(79.37%-83.36%) and 81.95% (80.03%-83.87%) in the
centralized model and the weight-based integrated model,
respectively (Figure 6). The proportion of overlap of Cls for
AUC in both the weight-based integrated model and the
centralized model was approximately 1.70. Thisvalue is much
larger than 0.5, which is the level that we consider to indicate
asignificant difference at asignificancelevel of .05, andisclose
to 2, which is the criterion for completely matching 2 Cls.
Therefore, the calculated Clsfor the AUC in both modelswere
almost equal. The model of hospital 10 with the largest AUC
was an overfitted model with an AUC 10% greater than for the
2 models (the weight-based integrated model and the centralized
model) and the model of hospital 6 did not show much
differencein the AUC value compared with the 2 models.
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Figure 6. Area under the receiver operating characteristic curve (AUC), log loss from 200 repetitions, and weights. WIM: weight-based integrated

model.
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A total of 535 ICU stays were selected as the 5 externa
validation hospitals. The frequency and rate of mortality of
external validation hospitals 1, 2, 3, 4, and 5 were 20/155
(12.9%), 19/67 (28.36%), 24/226 (10.62%), 11/47 (23.4%), and
8/40 (20%), respectively. Figure 7 shows the AUC of each
external validation hospital and the average AUC on 5 external
validations. Multimedia Appendix 4 presents the values of the
AUC (95% ClI) shown in Figure 7, as well as the proportional
overlap for the 95% CI of the weight-based integrated model
and the centralized model. The weight-based integrated model
had similar predictive performances to the centralized model
in 5 external validations. In each externa validation, the
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proportional overlap of the 95% CI for the centralized model
and the weight-based integrated model was 1.59, 1.82, 1.92,
1.74, and 1.93 for external validation hospitals 1, 2, 3, 4, and
5, respectively. In addition, the average AUC was 84.74% and
85.09% for the centralized model and the weight-based
integrated model, respectively. In each of the 5 externd
validation hospitals, a model of a single hospital out of 10
models showed higher AUC than the weight-based integrated
model. However, the weight-based integrated model
demonstrated the highest average predictive performance on
the 5 external validation hospitals (Figure 7).
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Figure 7. Results of AUC of external validation for the centralized model, the WIM, and 10 models of each hospital (error bar: 95% Cl). Black, dark
gray, and light gray indicate WIM, centralized model, and 10 models of each hospital, respectively. AUC: areaunder the receiver operating characteristic

curve; WIM: weight-based integrated model.
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Multimedia Appendix 8 shows the comparison results of the
external validation of the weight-based integrated model and 3
other weighting methods, namely, CS-Avg, n-Avg, and Avg.
The proportional overlaps of the 95% CI on the AUC of the 3
weighting methods were also high, similar to those of the
weight-based integrated model. In addition, the average AUCs
on the 5 external validation hospitalsfor each weighting method
were similar to each other (weight-based integrated model,
0.8509; CS-Avg, 0.8519; n-Avg, 0.8502; Avg, 0.8507).

Figure 8 shows the OR and 95% CI of 11 features estimated
using the weight-based integrated model and the centralized
model, based on the central data (2845 stays), and 2 hospitals
(hospital 6 with thelowest AUC and hospital 10 with the highest
AUC). The 11 features were significant in both the centralized
model and the weight-based integrated model, and thedirection
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of OR significance was consistent in both models. Figure 8A
presents the result of significant features with OR < 1, whereas
Figure 8B presents the result of significant features with OR >
1. For the proportional overlap of 95% CI of OR between the
weight-based integrated model and the centralized model, all
10 features, except bilirubin, showed a result exceeding 1
(significant differenceis 0.5 at a significance level of .05), and
the ORs estimated in the 2 models did not differ significantly.
In bilirubin, 95% CI of the 2 models did not overlap. For each
of the 11 features, ORs were estimated differently in the 10
hospitals, including hospitals 6 and 10 indicated in the graph
(refer to Multimedia Appendix 2). The ORs estimated using the
weight-based integrated model showed most similar estimation
results to the centralized model, compared with the ORs
estimated from each hospital model.
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Figure 8. Comparison of estimated OR and 95% CI on 11 features in the firth logistic regression model: (A) features with OR < 1 and (B) features
with OR > 1. The numbers on the right sides of the figures are the proportional overlap of 95% CI of OR between the WIM and the centralized model.
AUC: areaunder the receiver operating characteristic curve; BUN: blood urea nitrogen; FiO2: fraction of inspired oxygen; GCS: Glasgow Coma Scale;

OR: odds ratio; PaO2:
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Asaresult of the comparison with the meta-analysis, depending
on the feature, the degree of similarity to the centralized model
wasdightly different between the weight-based integrated model
and the meta-analysis in terms of the proportional overlap of
95% CI and relative bias (Multimedia Appendix 5). Based on
the criteria of the proportional overlap of 95% ClI, the overlap
of the weight-based integrated model and the meta-analysisfor
pH was 1.64 and 1.33, respectively. For Glasgow Coma Scale,
pH, temperature, and partial pressure of carbon dioxide, the
relative bias of the weight-based integrated model was smaller
than that of the meta-analysis. These results indicate that the
weight-based integrated model was closer to the centralized
model than the meta-analysis. However, bilirubin, whose
proportional overlap was 0 in the weight-based integrated model,
showed a proportional overlap of 1.69 in the meta-analysis. In
addition, the relative bias of bilirubin was 10.94% and 0.66%
in the weight-based integrated model and the meta-analysis,
respectively.

Discussion

Principal Findings

The proposed model (the weight-based integrated model) was
developed to build an integrated predictive model from
horizontally partitioned data without requiring physical data
sharing. The weight-based integrated mode! isan algorithm that
does not require an iterative process and can extend the model
to be applied by introducing the concept of aflexible weight of
a partition model. Unlike previous methodologies of building
a model of central data under privacy-preserving conditions,
the proposed model has the following novelties.
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First, the weight-based integrated model does not require
iterative communication to construct amodel that approximates
the centralized model. The methods that use distributed
computing require an iterative exchange of information between
the institutions and the central server, which istime consuming
and labor intensive in practice [20]. This practical limitation
can be a barrier to the application of distributed algorithmsin
aresearch consortium [20]. In cross-silo federated learning [8]
with an iterative process, al clients are aways available and
should participate in each iteration. In other words, if aparty is
not available in the middle of the iteration process, the entire
process is stopped. Conversely, the weight-based integrated
model can build an integrated model by adjusting the weights
evenif aparty becomes unavailable during the process. Interms
of communication efficiency, naive application of previous
methodologies can yield procedures that incur exorbitant
communication costs [37].

Second, the weight of the weight-based integrated model is a
flexible weight derived from 2 factors, data size and the
goodness of fit of each party’smodel to the entire data (Figures
4 and 5). Astheratio of the datasizes of each party inthe central
data increases, the partition model would be closer to the
centralized model. Therefore, the data size should be considered
in the weighting of the partition model. If the partition model
fits well to the central data, then it would be a model that
describes the central data well. Therefore, the goodness of fit
should also be considered with thedatasize. A key characteristic
of the weight-based integrated model is that the weight of each
partition model is derived by considering these 2 factors
simultaneously. In addition, when constructing the weight-based
integrated predictive model in the weight-based integrated
model, the weights of the model of each party are generated m
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times (Figure 1), and the average of mweightsis set asthefinal
weight of the model of the party. Therefore, depending on how
mis set, the final weights of the models of each party vary. In
simulation 1, we found the optimal m, where the final weight
remained a most unchanged whileincreasing the size of munder
various data sizes of the 3 parties. The results showed that there
was little change in the final weight when m exceeded 200 for
all data sizes of the parties (Figure 3).

Third, the weight-based integrated mode! isaflexible algorithm
in terms of scalability of the model to be applied. As the
proposed model builds each partition model independently and
then integrates them based on the weight, it only needsto change
the form of parametersin step 2 and the loss function in step 3,
depending on the model.

Validation and Evaluation of the Weight-Based
Integrated Model

We evaluated the validity of the weight-based integrated model
intermsof predictive power and parameter estimation, compared
with the centralized model. Experimental results using real
horizontally partitioned datademonstrated that the wei ght-based
integrated model provides a close approximation to the
centralized model and improves the average predictive
performance.

Intermsof predictive power, the weight-based integrated model
was substantially similar to the centralized model based on the
results of the ROC curve and AUC. Theweight-based integrated
model provided aweighted average model by integrating each
partition model overfitted or underfitted, compared with the
centralized model (Figure 6). The multi-institutional predictive
model aims to develop a generalized model that can improve
the predictive performance for the data that were not used in
the model. To confirm whether the proposed model satisfies
this objective, we selected 5 hospitals that were not used in the
weight-based integrated model and performed an externa
validation. Consequently, for the estimation of the AUC for
each external validation hospital, the weight-based integrated
model exhibited almost similar results asthe centralized model .
In addition, its average AUC for the 5 external validation
hospitals was higher than that of the 10 models of each hospital
(Figure 7, Multimedia Appendix 4).

In terms of parameter estimation, based on the results of the
proportional overlap (0.5 or lessindicatesasignificant difference
at a significance level of .05; 2 indicates two Cls overlapping
completely) for 95% Cl of OR (Figure 8), 10 featureswere over
1 or 1.5. The results of parameter estimation between the
weight-based integrated model and the centralized model were
quite similar. However, the 95% ClI of bilirubin did not overlap
between the 2 models; the estimation of bilirubin was different
at the significance level of 5%. As observed in the 95% CI of
10 models on each hospital for bilirubin (refer to Multimedia
Appendix 2), hospital 5 with a weight of 0.0929 and hospital
10 with aweight of 0.0583 had no overlap with the centralized
model. Thereason that the OR for bilirubin of the weight-based
integrated model differed from the centralized model isthat the
proportional overlap of hospital 5 with large weight was 0.
Further, the estimated OR from hospital 10 was unstable and
biased compared with other hospitals. The OR and 95% ClI for
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bilirubin of the centralized model and the weight-based
integrated model were 1.07 (1.04-1.10) and 1.18 (1.11-1.27),
respectively (Multimedia Appendix 2). Although the 95% ClI
of the weight-based integrated model did not overlap with the
centralized model, in the 2 models, the statistical significance
of OR and the direction of interpretation are consistent, and the
overal CI of the weight-based integrated model is not far off
from that of the centralized model, compared with Cls of 10
hospital models.

Theresults of comparison with the meta-analysisin experiments
using real data indicate that, for the OR estimates of 4 out of
11 features, the relative biases of the weight-based integrated
model were dlightly less than those of the meta-analysis. The
weight-based integrated model generally showed similar results
to the meta-analysis in terms of estimation of ORs. However,
depending on the features, owing to the difference in weight
calculation between the meta-analysis and the weight-based
integrated model, there were differencesin proportional overlap
of 95% Cl and relative bias. The weight of the meta-analysis
has institution-specific characteristics. However, asit is adjusted
based on the variance of an estimator of OR, the different
weights are generated even for the same institution depending
onwhich feature’s OR is estimated. By contrast, asthe weights
in our proposed weight-based integrated model are assigned to
themodel of each institution, even if the featuresto be estimated
are different, the same weight is given to the same institution.
Although the weight of the meta-analysis has feature-specific
characteristics more than the weight of the weight-based
integrated model, it does not represent the weight for a model
of an ingtitution unlike the weight-based integrated model.
Therefore, it cannot be regarded as a weight that encompasses
the purpose of building a predictive model.

When applying the weight-based integrated model, it is
necessary to consider the following: To calcul ate the weight of
each ingtitution in the weight-based integrated model, the data

of each ingtitution is divided into Z\, for building the model

of each ingtitution, and Z® for measuring the predictive
performances of the models of al ingtitutions. If the data size
(especidly the frequency of outcome of interest) of aninstitution

isinsufficient, the model of theinstitution generated by Z® will
be unstable, and it will be difficult to accurately calculate the

predictive performance from Z\?. Therefore, the data size of
each ingtitution should be sufficient to dividetheminto Z and

Z? . 1n addition, based on the results of the external validation,
the predictive performances of each of the 5 external validation
hospitalswere better in the model of single hospitals, compared
with those of the wei ght-based integrated model. In other words,
the weight-based integrated model may not be a good option
for the purpose of improving the predictive performance of a
specific hospital (of the 5 hospitals). By contrast, asthe purpose
for improving the average predictive performance of the 5
hospitals, the weight-based integrated model can provide a
robust unified model. In our experiment using rea data, the
weight-based integrated model showed the best average
predictive performance on 5 external validation hospitals.
However, there may be cases where the weight-based integrated
model does not show the best average predictive performance.
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For example, when a relatively heterogeneous model among
the hospitals included in the weight-based integrated model
exists, and the hospital exhibits heterogeneous characteristics
toward all external hospitals, if the predictive performance of
themodel of the heterogeneous hospital in all external validation
hospitals is low, the average predictive performance of the
weight-based integrated model may be poor. As the
weight-based integrated model averages the models of each
hospital based on theweight, the overall prediction performance
may be low owing to the inclusion of a heterogeneous hospital
with poor predictive performance for externa validation
hospitals, athough it isgiven asmall weight in the weight-based
integrated model. To avoid this case, it is necessary to form
hospitals of the weight-based integrated model to ensure that
the overall characteristics of the hospitals in which the
weight-based integrated model will be applied are evenly
reflected.

The weight-based integrated model isasimilar algorithm to the
MCCG[23,24], asit doesnot require an iterative communication
process between ingtitutions and constructs a generalized
predictive model by integrating the models of each institution
based on the weights per institution. However, the generalization
process of both models varies. The weight of the weight-based
integrated model is calculated by measuring the heterogeneity
of the predictive performance for the central data of the models
per ingtitution in order to estimate the centralized model.
Conversealy, theweight of theMCCG is cal culated by measuring
the heterogeneity of the predictive performance for a specific
target institution of the models of the source institutions used
to develop the multi-institutional predictive model in order to
improve the predictive performance of the target institution.
Owing to this difference in the weight calculation method, the
weight-based integrated model provides a generalized model
by building a unified model that reflects all the characteristics
of multiple institutions, whereas the MCCG provides a
generalized model by changing the model through weight
adjustments according to the target hospital. In the weight-based
integrated model, communication occurs between institutions
only once during the process of the algorithm. Conversely, the
M CCG requires communi cation whenever thetarget institution
changes as communi cation occurs between the source and target
ingtitutions. In particular, if the goa isto build asingle unified
predictive model to be applied to multiple institutions, the
weight-based integrated model can provide a robust model.
However, if the goal isto build a predictive model for aspecific
target ingtitution, the MCCG can provide a better model.
Therefore, an algorithm should be strategically selected
according to the goal.

Comparison With Other Weighting M ethods

We demonstrated the characteristics of the weight of the
weight-based integrated model through comparative analysis
with other comparable weighting methods (CS-Avg, n-Avg,
and Avg) [26]. Theweight of the weight-based integrated model
has characteristics that are calculated by considering the data
size of each party and the predictive performance of central data
consisting of all parties, and these characteristics were clearly
distinguished from other weights, as shown in the third
simulation study (Multimedia Appendix 6).
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In theweight-based integrated model, the weights were adjusted
asthe data characteristics of the parties changed under the same
data size, and the weights were adjusted as the data sizes of the
parties changed under the same data characteristics. By contrast,
Avg always assigned a fixed weight that does not reflect the
different characteristics and data sizes of each party, and n-Avg
assigned aweight that reflects only the change in the data size
of each party. In addition, CS-Avg did not reflect the change
indatasize, but rather reflected the change in data characteristics
between parties. Because CS-Avg assigns a weight of 0 to a
party with the lowest performance to other parties, the party
with aweight of 0 was not considered in the model. Therefore,
compared with other weights, the predictive performance of
CS-Avg was the most different from that of the centralized
model. The weight of the weight-based integrated model
distinguished from other weights reflects the characteristics of
each party in the central data in terms of data size and data
characteristics of each party. The weight-based integrated model
with these characteristics can build amodel that shows similar
predictive performance asthe centralized model, compared with
other weighting methods.

In our experiment using real data, there were few differences
in the results of external validation between the weight-based
integrated model and other weighting methods as the weights
assigned to the 10 hospitals differed only dlightly for each
weighting method (M ultimedia Appendix 8). The characteristics
of each weighting method were not revealed in the application
of real data. However, it can be confirmed that, through a third
simulation study, a difference exists in the concept from which
the weight of each weighting method is derived, and the weight
of the weight-based integrated model has a characteristic for
estimating the centralized model.

Limitations

It was mentioned that the weight-based integrated model is a
model without an iterative process as the novelty. However, we
did not evauate its efficiency due to the absence of iterative
processes in the real distributed environment. In addition, this
study verified the proposed method using 2 logistic regression
models, and we did not confirm the validity of the weight-based
integrated model by applying other models. As shown in the
results of the estimated OR for bilirubin in Figure 7, when
estimating the parametersin the wel ght-based integrated model,
inaccurate information can be provided, compared with the
centralized model. As the parameters of the proposed method
were estimated by assigning weightsto each party’s coefficient,
the parameter estimation can beinfluenced by the characteristics
of aspecific party. Thislimitation indicates that when afeature
is estimated to be highly biased in one party, and the weight of
the party is not small relative to another, it needs to interpret
the estimated value carefully from the weight-based integrated
model. In the future, we will explore the application and
efficiency of the weight-based integrated model in a real
distributed environment based on a model that has not been
applied in this study.

Conclusions

In this study, we developed a weight-based integrated model,
which can build an integrated predictive model with noniterative
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communication between ingtitutions. The weight-based average predictive performance of externa validation
integrated model, which uses the concept of weights for each  institutions. The proposed weight-based integrated model can
ingtitution, is a privacy-protecting analytic method that can provide an efficient distributed research agorithm to improve
reduce the burden of distributed computing and improve the the usage of multi-institutional data.

Acknowledgments

This research was supported by 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 (grant number HI19C1015).

Conflictsof I nterest
None declared.

Multimedia Appendix 1

The frequency and rate of events for each of total, Z(1) and Z(2) in 10 hospitals.
[DOCX File, 21 KB-Multimedia Appendix 1]

Multimedia Appendix 2

Estimated OR in the centralized model, the weight-based integrated model, and 10 models of each hospital in experiments using
rea data
[PDE File (Adobe PDFE File), 445 KB-Multimedia Appendix 2]

Multimedia Appendix 3

Hosmer-Lemeshow goodness-of-fit tests to assess the calibration of the weight-based integrated model and centralized model
for central data, and the 10 models of each hospital.
[DOCX File, 17 KB-Multimedia Appendix 3]

Multimedia Appendix 4

Average AUC for 5 external validation hospitals and AUC (95% CI) of each external validation hospital in the centralized model,
the wei ght-based integrated model, and 10 models of each of the 10 hospitals.
[DOCX File, 21 KB-Multimedia Appendix 4]

Multimedia Appendix 5

Comparison results of the OR (95% CI) of 11 features between the weight-based integrated model and the meta-analysis.
[DOCX File, 20 KB-Multimedia Appendix 5]

Multimedia Appendix 6

Results of the simulation study for comparison with other weighting methods according to the change of data characteristics
under the same data size.
[DOCX File, 580 KB-Multimedia Appendix 6]

Multimedia Appendix 7

Results of the simulation study for comparison with other weighting methods according to the change of data size under the same
data characteristics.
[DOCX File, 621 KB-Multimedia Appendix 7]

Multimedia Appendix 8

Results of comparative analysis of external validation by the weighting methods using the el CU data.
[DOCX File, 21 KB-Multimedia Appendix 8]

References

1. Kukull WA, Ganguli M. Generalizability: The trees, the forest, and the low-hanging fruit. Neurology 2012 Jun
04;78(23):1886-1891. [doi: 10.1212/wnl.0b013e318258f812]

https://medinform.jmir.org/2021/4/€21043 JMIR Med Inform 2021 | vol. 9| iss. 4| €21043 | p. 16
(page number not for citation purposes)

RenderX


https://jmir.org/api/download?alt_name=medinform_v9i4e21043_app1.docx&filename=def850059fe6891351423804f3888f4b.docx
https://jmir.org/api/download?alt_name=medinform_v9i4e21043_app1.docx&filename=def850059fe6891351423804f3888f4b.docx
https://jmir.org/api/download?alt_name=medinform_v9i4e21043_app2.pdf&filename=c9697c32636f09416c50beeec2d2cf4b.pdf
https://jmir.org/api/download?alt_name=medinform_v9i4e21043_app2.pdf&filename=c9697c32636f09416c50beeec2d2cf4b.pdf
https://jmir.org/api/download?alt_name=medinform_v9i4e21043_app3.docx&filename=5dfcafdd7115b6fafb2ff8ba1287e04d.docx
https://jmir.org/api/download?alt_name=medinform_v9i4e21043_app3.docx&filename=5dfcafdd7115b6fafb2ff8ba1287e04d.docx
https://jmir.org/api/download?alt_name=medinform_v9i4e21043_app4.docx&filename=76f148fa14db23f0cbbe54bfb0044dc9.docx
https://jmir.org/api/download?alt_name=medinform_v9i4e21043_app4.docx&filename=76f148fa14db23f0cbbe54bfb0044dc9.docx
https://jmir.org/api/download?alt_name=medinform_v9i4e21043_app5.docx&filename=1d1bc73343cb25ee8d79dbb6f582dc14.docx
https://jmir.org/api/download?alt_name=medinform_v9i4e21043_app5.docx&filename=1d1bc73343cb25ee8d79dbb6f582dc14.docx
https://jmir.org/api/download?alt_name=medinform_v9i4e21043_app6.docx&filename=da4dfbe9e5485ef982fbc18fc3e713b0.docx
https://jmir.org/api/download?alt_name=medinform_v9i4e21043_app6.docx&filename=da4dfbe9e5485ef982fbc18fc3e713b0.docx
https://jmir.org/api/download?alt_name=medinform_v9i4e21043_app7.docx&filename=f5e948c74a8977dd34d42dc3524ae4c9.docx
https://jmir.org/api/download?alt_name=medinform_v9i4e21043_app7.docx&filename=f5e948c74a8977dd34d42dc3524ae4c9.docx
https://jmir.org/api/download?alt_name=medinform_v9i4e21043_app8.docx&filename=feab692edbe19674b8ed6576dbb927de.docx
https://jmir.org/api/download?alt_name=medinform_v9i4e21043_app8.docx&filename=feab692edbe19674b8ed6576dbb927de.docx
http://dx.doi.org/10.1212/wnl.0b013e318258f812
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MEDICAL INFORMATICS Park et a

©

10.
11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24,

Katzan IL, Rudick RA. Time to integrate clinical and research informatics. Sci Trans Med 2012 Nov
28;4(162):162fs41-162fs41. [doi: 10.1126/scitransimed.3004583] [Medline: 23197569]

Ohno-Machado L, AghaZ, Bell DS, Dahm L, Day ME, Doctor JN, pPSCANNER team. pSCANNER: patient-centered
Scalable National Network for Effectiveness Research. JAm Med Inform Assoc 2014;21(4):621-626 [FREE Full text]
[doi: 10.1136/amiajnl-2014-002751] [Medline: 24780722]

Schilling LM, Kwan BM, Drolshagen CT, Hosokawa PW, Brandt E, Pace WD, et al. Scalable Architecture for Federated
Trangdlational Inquiries Network (SAFTINet) Technology Infrastructure for a Distributed Data Network. EGEM S (Wash
DC) 2013 Jul 10;1(1):1027 [FREE Full text] [doi: 10.13063/2327-9214.1027] [Medline: 25848567]

McCarty CA, Chisholm RL, Chute CG, Kullo 1J, Jarvik GP, Larson EB, eMERGE Team. The eMERGE Network: a
consortium of biorepositorieslinked to electronic medical recordsdatafor conducting genomic studies. BMC Med Genomics
2011 Jan 26;4(1):13 [FREE Full text] [doi: 10.1186/1755-8794-4-13] [Medline: 21269473]

Shi H, Jiang C, Dai W, Jiang X, Tang Y, Ohno-Machado L, et al. Secure Multi-pArty Computation Grid L Ogistic REgression
(SMAC-GLORE). BMC Med Inform DecisMak 2016 Jul 25;16(S3):89 [FREE Full text] [doi: 10.1186/s12911-016-0316-1]
[Medline: 27454168]

Prasser F, Kohimayer F, Kuhn KA. Efficient and effective pruning strategies for health data de-identification. BMC Med
Inform Decis Mak 2016 Apr 30;16(1):49 [FREE Full text] [doi: 10.1186/s12911-016-0287-2] [Medline: 27130179]

Feng Y, Yang X, Fang W. Practical and bilateral privacy-preserving federated learning. arXiv 2021.

Kairouz EBP, McMahan HB. Advances and Open Problemsin Federated Learning. FNT in Machine Learning
2021;14(1):02406503. [doi: 10.1561/2200000083]

Adby P. Introduction to Optimization Methods. Berlin, Germany: Springer Science & Business Media; 2013.

Wu Y, Jiang X, Kim J, Ohno-Machado L. Grid Binary LOgistic REgression (GLORE): building shared model s without
sharing data. JAm Med Inform Assoc 2012 Sep 01;19(5):758-764 [EREE Full text] [doi: 10.1136/amiajnl-2012-000862]
[Medline: 22511014]

Wu'Y, Jiang X, Wang S, Jiang W, Li P, Ohno-Machado L. Grid multi-category response logistic models. BMC Med Inform
Decis Mak 2015 Mar 18;15(1):10 [FREE Full text] [doi: 10.1186/s12911-015-0133-y] [Medline: 25886151]

LuC,Wang S, Ji Z, Wu Y, Xiong L, Jiang X, et al. WebDISCO: aweb service for distributed cox model learning without
patient-level datasharing. JAm Med Inform Assoc 2015 Nov;22(6):1212-1219 [FREE Full text] [doi: 10.1093/jamia/ocv083]
[Medline: 26159465]

Kalbfleisch J, Prentice R. The Statistical Analysis of Failure Time Data. Hoboken, NJ: John Wiley & Sons; 2011.
DerSimonian R, Laird N. Meta-analysisin clinical trials. Controlled Clinical Trials 1986 Sep;7(3):177-188. [doi:
10.1016/0197-2456(86)90046-2]

Boland M, Parhi P, Li L, Miotto R, Carroll R, Igbal U, et al. Uncovering exposures responsible for birth season - disease
effects: aglobal study. JAm Med Inform Assoc 2018 Mar 01;25(3):275-288 [ FREE Full text] [doi: 10.1093/jamia/ocx105]
[Medline: 29036387]

Duke JD, Ryan PB, Suchard MA, Hripcsak G, Jin P, Reich C, et a. Risk of angioedema associated with levetiracetam
compared with phenytoin: Findings of the observational health data sciences and informatics research network. Epilepsia
2017 Aug 06;58(8):€101-e106 [FREE Full text] [doi: 10.1111/epi.13828] [Medline: 28681416]

Vashisht R, Jung K, Schuler A, Banda JM, Park RW, Jin S, et a. Association of Hemoglobin Alc Levels With Use of
Sulfonylureas, Dipeptidyl Peptidase 4 Inhibitors, and Thiazolidinediones in Patients With Type 2 Diabetes Treated With
Metformin: Analysis From the Observational Health Data Sciences and Informatics Initiative. JAMA Netw Open 2018
Aug 03;1(4):e181755 [FREE Full text] [doi: 10.1001/jamanetworkopen.2018.1755] [Medline: 30646124]

Ryan PB, Buse JB, Schuemie MJ, DeFalco F, Yuan Z, Stang PE, et al. Comparative effectiveness of canagliflozin, SGLT2
inhibitors and non-SGLT2 inhibitors on the risk of hospitalization for heart failure and amputation in patients with type 2
diabetes mellitus: A real-world meta-analysis of 4 observational databases (OBSERVE-4D). Diabetes Obes Metab 2018
Nov 25;20(11):2585-2597 [FREE Full text] [doi: 10.1111/dom.13424] [Medline: 29938883]

Overhage M, Ryan PB, Reich CG, Hartzema AG, Stang PE. Validation of acommon datamodel for active safety surveillance
research. JAm Med Inform Assoc 2012 Jan 01;19(1):54-60 [ FREE Full text] [doi: 10.1136/amiajnl-2011-000376] [Medline:
22037893]

Duan R, Boland MR, Moore JH, Chen Y. ODAL: A one-shot distributed algorithm to perform logistic regressions on
electronic health records data from multiple clinical sites. Pacific Symposium on Biocomputing 2019. 2019. URL : https:/
[psb.stanford.edu/psb-online/proceedings/psb19/duan.pdf [accessed 2021-03-28]

Duan R. Learning from local to global-an efficient distributed algorithm for modeling time-to-event data. bioRxiv 2021:-1036.
[doi: 10.1101/2020.03.04.977298]

TianY, Shang Y, Tong D, Chi S, Li J, Kong X, et al. POPCORN: A web service for individual PrognOsis prediction based
on multi-center clinical data CollabORatioN without patient-level data sharing. JBiomed Inform 2018 Oct;86:1-14 [FREE
Full text] [doi: 10.1016/].jbi.2018.08.008] [Medline: 30103028]

Tian Y, Chen W, Zhou T, Li J, Ding K, Li J. Establishment and evaluation of a multicenter collaborative prediction model
construction framework supporting model generalization and continuous improvement: A pilot study. Int JMed Inform
2020 Sep;141:104173. [doi: 10.1016/j.ijmedinf.2020.104173] [Medline: 32531725]

https://medinform.jmir.org/2021/4/€21043 JMIR Med Inform 2021 | vol. 9| iss. 4| €21043 | p. 17

(page number not for citation purposes)


http://dx.doi.org/10.1126/scitranslmed.3004583
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23197569&dopt=Abstract
http://europepmc.org/abstract/MED/24780722
http://dx.doi.org/10.1136/amiajnl-2014-002751
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24780722&dopt=Abstract
http://europepmc.org/abstract/MED/25848567
http://dx.doi.org/10.13063/2327-9214.1027
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25848567&dopt=Abstract
https://bmcmedgenomics.biomedcentral.com/articles/10.1186/1755-8794-4-13
http://dx.doi.org/10.1186/1755-8794-4-13
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21269473&dopt=Abstract
https://bmcmedinformdecismak.biomedcentral.com/articles/10.1186/s12911-016-0316-1
http://dx.doi.org/10.1186/s12911-016-0316-1
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27454168&dopt=Abstract
https://bmcmedinformdecismak.biomedcentral.com/articles/10.1186/s12911-016-0287-2
http://dx.doi.org/10.1186/s12911-016-0287-2
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27130179&dopt=Abstract
http://dx.doi.org/10.1561/2200000083
http://europepmc.org/abstract/MED/22511014
http://dx.doi.org/10.1136/amiajnl-2012-000862
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22511014&dopt=Abstract
https://bmcmedinformdecismak.biomedcentral.com/articles/10.1186/s12911-015-0133-y
http://dx.doi.org/10.1186/s12911-015-0133-y
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25886151&dopt=Abstract
http://europepmc.org/abstract/MED/26159465
http://dx.doi.org/10.1093/jamia/ocv083
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26159465&dopt=Abstract
http://dx.doi.org/10.1016/0197-2456(86)90046-2
http://europepmc.org/abstract/MED/29036387
http://dx.doi.org/10.1093/jamia/ocx105
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29036387&dopt=Abstract
http://europepmc.org/abstract/MED/28681416
http://dx.doi.org/10.1111/epi.13828
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28681416&dopt=Abstract
https://jamanetwork.com/journals/jamanetworkopen/fullarticle/10.1001/jamanetworkopen.2018.1755
http://dx.doi.org/10.1001/jamanetworkopen.2018.1755
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30646124&dopt=Abstract
http://europepmc.org/abstract/MED/29938883
http://dx.doi.org/10.1111/dom.13424
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29938883&dopt=Abstract
http://europepmc.org/abstract/MED/22037893
http://dx.doi.org/10.1136/amiajnl-2011-000376
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22037893&dopt=Abstract
https://psb.stanford.edu/psb-online/proceedings/psb19/duan.pdf
https://psb.stanford.edu/psb-online/proceedings/psb19/duan.pdf
http://dx.doi.org/10.1101/2020.03.04.977298
https://linkinghub.elsevier.com/retrieve/pii/S1532-0464(18)30163-1
https://linkinghub.elsevier.com/retrieve/pii/S1532-0464(18)30163-1
http://dx.doi.org/10.1016/j.jbi.2018.08.008
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30103028&dopt=Abstract
http://dx.doi.org/10.1016/j.ijmedinf.2020.104173
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32531725&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MEDICAL INFORMATICS Park et a

25. Brownlee J. Imbalanced Classification with Python: Better Metrics, Balance Skewed Classes, Cost-Sensitive Learning.
San Juan, PR: Machine Learning Mastery Pty. Ltd; 2020.

26. Patil P, Parmigiani G. Training replicable predictorsin multiple studies. Proc Natl Acad Sci U SA 2018 Mar
13;115(11):2578-2583 [FREE Full text] [doi: 10.1073/pnas.1708283115] [Medline: 29531060]

28. Pollard TJ, Johnson AEW, RaffaJD, Celi LA, Mark RG, Badawi O. The elCU Collaborative Research Database, afreely
available multi-center database for critical care research. Sci Data 2018 Sep 11;5(1):180178 [FREE Full text] [doi:
10.1038/sdata.2018.178] [Medline: 30204154]

29. LeGall J. A New Simplified Acute Physiology Score (SAPS 11) Based on a European/North American Multicenter Study.
JAMA 1993 Dec 22;270(24):2957. [doi: 10.1001/jama.1993.03510240069035]

30. Harrell FE, LeeKL, Caiff RM, Pryor DB, Rosati RA. Regression modelling strategies for improved prognostic prediction.
Stat Med 1984 Apr;3(2):143-152. [doi: 10.1002/sim.4780030207] [Medline: 6463451]

31. Jewell NP. Small-Sample Bias of Point Estimators of the Odds Ratio from Matched Sets. Biometrics 1984 Jun;40(2):421.
[doi: 10.2307/2531395]

32. MoonsKGM, de Groot JAH, Bouwmeester W, Vergouwe Y, Mallett S, Altman DG, et a. Critical appraisal and data
extraction for systematic reviews of prediction modelling studies: the CHARMS checklist. PLoS Med 2014 Oct
14;11(10):€1001744 [FREE Full text] [doi: 10.1371/journal.pmed.1001744] [Medline: 25314315]

33. van Smeden M, de Groot JAH, Moons KGM, Collins GS, Altman DG, Eijkemans MJC, et al. No rationale for 1 variable
per 10 events criterion for binary logistic regression analysis. BMC Med Res Methodol 2016 Nov 24;16(1):163 [FREE
Full text] [doi: 10.1186/s12874-016-0267-3] [Medline: 27881078]

34. Doerken S, Avalos M, Lagarde E, Schumacher M. Penalized logistic regression with low preval ence exposures beyond
high dimensional settings. PLoS One 2019 May 20;14(5):e0217057 [FREE Full text] [doi: 10.1371/journal.pone.0217057]
[Medline: 31107924]

35. Lemeshow S, Hosmer DW. A review of goodness of fit statistics for use in the development of logistic regression models.
Am J Epidemiol 1982 Jan;115(1):92-106. [doi: 10.1093/oxfordjournals.aje.a113284] [Medline: 7055134]

36. Geoff C, FionaF. Interval estimates for statistical communication: Problems and possible solutions. |ASE Satellite. 2005.
URL: https://iase-web.org/documents/papers/sat2005/cumming.pdf 21402524993 [accessed 2021-03-28]

37. Jordan MlI, Lee JD, Yang Y. Communication-Efficient Distributed Statistical Inference. Journal of the American Statistical
Association 2018 Nov 13;114(526):668-681. [doi: 10.1080/01621459.2018.1429274]

Abbreviations

APACHE: Acute Physiology, Age, and Chronic Health Evaluation
AUC: areaunder the receiver operating characteristic curve

elCU: electronic intensive care unit

GLORE: Grid Binary LOgistic Regression

ICU: intensive care unit

MCCG: multicenter collaboration gateway

OR: oddsratio

ROC: receiver operating characteristic

Edited by G Eysenbach; submitted 07.06.20; peer-reviewed by R Duan, T Pereira, N Mohammad Gholi Mezerji; comments to author
21.09.20; revised version received 16.11.20; accepted 03.03.21; published 05.04.21

Please cite as:

Park JA, Sung MD, Kim HH, Park YR

Weight-Based Framework for Predictive Modeling of Multiple Databases Wth Noniterative Communication Without Data Sharing:
Privacy-Protecting Analytic Method for Multi-Institutional Studies

JMIR Med Inform 2021;9(4):€21043

URL: https://medinform.jmir.org/2021/4/€21043

doi: 10.2196/21043

PMID:

©J Ae Pak, Min Dong Sung, Ho Heon Kim, Yu Rang Park. Originaly published in JMIR Medica Informatics
(http://medinform.jmir.org), 05.04.2021. This is an open-access article distributed under the terms of the Creative Commons
Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and reproduction
in any medium, provided the origina work, first published in IMIR Medical Informatics, is properly cited. The complete

https://medinform.jmir.org/2021/4/€21043 JMIR Med Inform 2021 | vol. 9 | iss. 4| €21043 | p. 18
(page number not for citation purposes)

RenderX


http://www.pnas.org/cgi/pmidlookup?view=long&pmid=29531060
http://dx.doi.org/10.1073/pnas.1708283115
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29531060&dopt=Abstract
https://doi.org/10.1038/sdata.2018.178
http://dx.doi.org/10.1038/sdata.2018.178
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30204154&dopt=Abstract
http://dx.doi.org/10.1001/jama.1993.03510240069035
http://dx.doi.org/10.1002/sim.4780030207
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=6463451&dopt=Abstract
http://dx.doi.org/10.2307/2531395
https://dx.plos.org/10.1371/journal.pmed.1001744
http://dx.doi.org/10.1371/journal.pmed.1001744
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25314315&dopt=Abstract
https://bmcmedresmethodol.biomedcentral.com/articles/10.1186/s12874-016-0267-3
https://bmcmedresmethodol.biomedcentral.com/articles/10.1186/s12874-016-0267-3
http://dx.doi.org/10.1186/s12874-016-0267-3
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27881078&dopt=Abstract
https://dx.plos.org/10.1371/journal.pone.0217057
http://dx.doi.org/10.1371/journal.pone.0217057
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31107924&dopt=Abstract
http://dx.doi.org/10.1093/oxfordjournals.aje.a113284
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=7055134&dopt=Abstract
https://iase-web.org/documents/papers/sat2005/cumming.pdf?1402524993
http://dx.doi.org/10.1080/01621459.2018.1429274
https://medinform.jmir.org/2021/4/e21043
http://dx.doi.org/10.2196/21043
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MEDICAL INFORMATICS Park et a

bibliographic information, alink to the original publication on http://medinform.jmir.org/, as well as this copyright and license
information must be included.

https://medinform.jmir.org/2021/4/€21043 JMIR Med Inform 2021 | vol. 9| iss. 4| €21043 | p. 19
(page number not for citation purposes)

RenderX


http://www.w3.org/Style/XSL
http://www.renderx.com/

