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Chronic diseases often cause several medical complications. This paper aims to predict multiple complications
among patients with a chronic disease. The literature uses single-task learning algorithms to predict complications independently and assumes no correlation among complications of chronic diseases. We propose two
methods (independent prediction of complications with single-task learning and concurrent prediction of complications
with multi-task learning) and show that medical complications of chronic diseases can be correlated. We use a case
study and compare the performance of these two methods by predicting complications of hypertrophic cardiomyopathy on 106 predictors in 1078 electronic medical records from April 2009-April 2017, inclusive. The
methods are implemented using logistic regression, artificial neural networks, decision trees, and support vector
machines. The results show multi-task learning with logistic regression improves the performance of predictions
in terms of both discrimination and calibration.

1. Introduction
There is a body of literature in healthcare analytics that looks at the
patterns in electronic medical records to predict medical outcomes
[1–10]. Recent developments revealed that chronic diseases cause
several medical complications [11]. For example, diabetes type 2 increases the risk for medical complications such as numbness in feet,
kidney conditions, high blood pressure, loss of vision and stroke. The
advancements in predictive analytics are now being used for data
mining of electronic medical records in order to predict patients at risk
of developing the complications caused by a chronic disease
[12–15,16,17–21]. Most of the literature in this area predicts multiple
medical complications of chronic diseases by independently predicting
each complication. For instance, Choi et al. [13] use machine learning
methods to predict four medical complications caused by diabetes type
2. In this paper, each of these four complications were predicted separately, regardless of their inter-relationships. Similarly, Sangi et al.
[22] utilize different predictive models to predict the development of
T2D complications among diabetes patients. Sangi et al. [22] assumes
the complications have no interrelationships.

Despite the approach taken in the healthcare predictive analytics
literature to ignore the relationship among multiple complications
caused by chronic diseases, the literature noted the dependencies
among complications of chronic diseases [11]. For example, Maron
[23] systematically reviews the complications for hypertrophic cardiomyopathy and found many of these complications are related to each
other. For instance, in order to identify diabetes patients at risk of vision loss, Piri et al. [8] consider the co-existence of other diabetes-related complications as predictors and implement single-task learning.
However, in practice, the complications of chronic diseases may develop concurrently, and at the time of prediction analysis, we may not
necessarily have information about a particular complication to set it as
a predictor. This paper aims to predict multiple complications caused
by chronic diseases when they are interrelated. This study extends the
literature in this area by setting all multiple complications of a chronic
disease that are in the scope of analysis as predicted variables and not
predictors.
Despite hypothesis-testing methods that investigate the effect of a
variable or a group of variables on developing complications of chronic
diseases, the machine learning algorithms extract non-trial patterns in
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medical datasets or electronic medical records. Furthermore, the machine learning algorithms classify observations [24]. Therefore, the use
of machine learning minimizes the insufficiency of using hypothesis
testing, which requires a hypothesis based on previous literature [5].
Machine learning algorithms such as logistic regression (LR), neural
networks, Support Vector Machine (SVM), and decision trees (DT) have
been used extensively in healthcare [19,25–32]. The applications of
machine learning in healthcare include, but are not limited to, predicting hospital readmissions [2,33], predicting survival of a medical
procedure [5], early detection of chronic diseases [7,13,14,34], and
predicting survival of chronic disease [35,36]. Another growing application of the machine learning algorithms is predicting the complications caused by chronic diseases. For instance, machine learning is used
to predict vision loss caused by diabetes [8,37]; Kothari et al. [38]
predicts heart disease and stroke in patients with type 2 diabetes; Pahl
et al. [39] utilizes machine learning to predict heart failure resulting in
death among children with cardiomyopathy.
As mentioned earlier, the literature on using machine learning to
predict complications of chronic diseases only focuses on one specific
complication and develops predictive models that can capture the occurrence of complications. This contrasts with the fact that among patients with chronic diseases, multiple complications are commonly
observed and these medical complications are proven to be interrelated
[11]. The studies in this area predict multiple clinical variables independently and assume that there is no relationship among different
clinical variables e.g. [13]. However, the complications of chronic
diseases are often related. For example, heart failure, problems with
heart valves, cardiac arrest and sudden death are complications associated with hypertrophic cardiomyopathy [40], which have been shown
to be interrelated [23]. Recent work by Piri et al. [8] tried to address
this issue when predicting vision loss among diabetes patients by setting related complications as predictors. However, the complications
may develop concurrently and the patient may not have these complications, but may be at risk of developing them. Therefore, the
complications must be considered prediction outcomes.
Despite the literature that uses single-task learning (STL) to independently predict patients at risk of developing multiple medical
complications of a chronic disease, this study aims to use multi-task
learning (MTL) [41] by taking the dependencies of complications into
account. MTL has been widely used in the literature of healthcare
analytics [42,43] to identify patients at risk of developing a condition
when the risk factors are related. For instance, MTL has been used to
predict the progression of Alzheimer’s disease based on interacting
clinical variables [44,45]; Razavian et al. [46] utilizes MTL to predict
chronic kidney disease progression. Unfortunately, these studies use
MTL in order to predict one particular medical condition such as Alzheimer’s or chronic kidney disease. To the best of our knowledge, the
development of MLT-based models to predict multiple medical complications of a chronic condition has not yet been addressed. As such,
this paper is an attempt to answer the following research question (RQ):

The remainder of this paper is organized as follows. Section 2 presents the method suggested in this study; section 3 explains the evaluation of the proposed method; section 4 presents the analysis of the
evaluation results; and section 5 discusses the findings and concludes
the paper.
2. Proposed methods
Our objective is to identify patients with a particular chronic disease, hereafter to be referred to as “patients”, who are at risk of developing multiple medical complications related to their chronic disease. In this section, we first set our definition and build our analysis
framework, then we propose two methods: (1) independent prediction
of multiple complications that assumes no correlation among different
complications and uses STL, and (2) concurrent prediction of multiple
complications that relaxes the assumption and uses MTL.
2.1. Analysis framework
If we have electronic medical records (EMRs) for n different patients, we define the point of time t , 0 t for the electronic medical
records of the patient p , 0 p n . If there exists m medical complications for the chronic disease under the study, we are interested in
predicting whether the patient p is going to develop the complication
0 comp < m in 0 y years. Therefore, we predict for the y th year
when the time is tpredict = t + y. We define the vector of a predictors of
patient p as predictorp = [predictorp,1, predictorp,2, ..., predictorp, a ] . The
predictors’ vector presents the EMR items at the given time t. Whether
the patient p is going to develop the complication comp in y years or not
is defined as devpcomp, y {0, 1} . The expected value of devicomp, y is a
function of the probability of the occurrence of the complication comp
in y years for the patient p, which can be represented by pcomp, y .
Therefore, devpcomp, y = 1, if patient p develops complication comp in y
years, otherwise devpcomp, y = 0 . The probability distribution of
devpcomp, y {0, 1} as a Boolean function can be represented by a
Bernoulli distribution that has two possible outcomes labelled by 0 and
1. Therefore, the probability distribution function (PDF) of devpcomp, y can
be defined as Eq. (1). The Bernoulli distribution has been widely used in
the literature such as [47,48] for representing Boolean functions.
comp, y
,
p
comp, y
,
p

PDF (devpcomp, y ) =

devpcomp, y = 1
devpcomp, y = 0

(1)

Having established the analysis framework, we then propose two
approaches: STL and MTL. Although the proposed methods are flexible
enough to be used by the majority of predictive models, the description
below is based on logistic regression as the predictive model used in
these approaches. In Section 2.4, we discuss the generalizability of
these proposed methods to be used with alternative predictive models
such as DT, support vector machine (SVM) and/or artificial neural
network (ANN).

Does concurrent modeling of medical complications through the
utilization of their intrinsic correlation improve the predication of
said complications when compared with the independent prediction
of multiple complications for a chronic disease?

2.2. STL method: independent prediction of multiple complications (IPMC)
As the name suggests, this method assumes that there is no association among multiple future complications within the study and
predicts each complication independently from the others.
Assuming that we have chosen logistic regression as our predictive
model, we deploy Eq. (2) to model the association of pcomp, y and
predictorp for m complications.

The main difference between the current work and the literature in
healthcare analytics is related to the utilization of MTL for the prediction of multiple complications of chronic diseases. Despite the existing
research, which considers only a single medical complication or does
not consider intrinsic correlations among complications, the current
study extends the said literature by providing an MTL-based model that
predicts multiple complications of chronic diseases through the utilization of the dependencies in relation to the complications. The proposed models are compared when predicting heart failure, problems
with heart valves, cardiac arrest and sudden death as commonly experienced complications of hypertrophic cardiomyopathy.

0
Logit (

comp < m :
comp, y
)
p

a

=

comp, y

+

comp, y
predictorp
i

(2)

i=1

In the above equation,
2

comp, y

is an intercept and

comp, y
i

is a
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coefficient; both are considered specific to a particular complication. In
the prediction modeled above, whether a patient develops a complication comp out of m complications in y years is based on pcomp, y and is
independent of other complications. Therefore, the learning practice of
Logit ( pcomp, y ) will be conducted independently for each complication.

regression coefficient for the ith predictor to predict in y year is modelled as
the vector i y = [ i1, y , i2, y, ..., im, y ] and will be used for all patients
p , 0 p n . In the correlation matrix corMatrix i , the regression coefficients for the ith predictor to predict in y year ( i y ) includes information
about the all complications. Therefore, the training of i y has information
about the complication comp as well as information about the other
complications. Through this, we can address the dependencies among
multiple, different complications.
Following the above described approach to implement MTL, Eq. (3)
updates the logistic regression model of IPMC. As discussed earlier, i y
includes information about the complication comp as well as other
complications. Therefore, despite Eq. (2), the regression model presented in Eq. (3) includes correlations among complications.

2.3. MTL method: concurrent prediction of multiple complications (CPMC)
The approach taken in IPMC is to assume that each future medical
complication of a chronic disease will be independent. Given the interrelated nature of multiple complications [11], a real world prediction of future complications for chronic diseases must include multiple
correlated tasks. Therefore, we deploy MTL in order to more efficiently
learn several related complications concurrently as an inductive bias
[49].
There are multiple learning tasks in MTL, a subset of which might be
interrelated. For example, in prediction of patients at risk of developing
complications of chronic diseases, these complications are assumed to
be interrelated [11]. Learning multiple related tasks concurrently has
been empirically [50,51] as well as theoretically [52] shown to often
significantly improve performance relative to learning each task independently. Therefore, MTL aims to improve the performance of
multiple tasks when they are interrelated. MTL improves the performance by learning tasks concurrently while using a shared representation; what is learned for each task can help other tasks be
learned better. By using MTL, we increase performance by forcing the
model to learn a more generalized representation as it learns not just for
one specific task but for all the tasks.
Therefore, as opposed to IPMC, which uses STL, our proposed
method is called Concurrent Prediction of Multiple Complications
(CPMC) and uses MTL. MTL has demonstrated success in a broad
spectrum of applications designed to more efficiently learn in a shared
information space [53–55]. In this study, the shared information space
is predictorp = [predictorp,1, predictorp,2, ..., predictorp, a ] . In MTL, as opposed to STL, the learner can be trained in an environment of related
learning tasks. Within such an environment, the learner, by unifying the
training process, can sample from multiple tasks and search for a model
that would have higher generalizability in comparison to multiple
models generated in the STL process [56,57].
Within this study, let tasks be defined as the prediction of multiple
medical complications related to the chronic disease under the study. In
order to deploy MTL using logistic regression, we reconstruct Eq. (2)
where pcomp, y (i.e. the probability of the patient p develops the complication comp among m complications in y years) can be defined by
intercepts i.e. comp, y and coefficients i.e. icomp, y . Therefore, we have a
m
logistic
regression
models
that
predict
set
of
complications0 comp < m .
Let all tasks (i.e. predictions of multiple complications) have the same a
predictors, i.e. predictorp =[predictorp,1, predictorp,2, ..., predictorp, a ] that
can be extracted from EMRs. Following MTL, to model the dependency of
m complications, the correlation of coefficients for the i th predictor
predictorp, i is considered across different predictions of multiple complications. To achieve this, Table 1 demonstrates the correlation matrix for the
ith predictor corMatrix i . The matrix has been built for each of the regression coefficients corresponding to a particular predictor. For instance, the
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a

=

comp, y

+
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y
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(3)

We first set all non-binary predictorp, i to have the mean of zero and
standard deviation of 0.5 and then place weakly, informative prior
distributions – explained in [58] – for the model variables. Table 2
presents the operationalization of all model variables in CPMC.
2.4. Generalizability
IPMC and CPMC were demonstrated using the implantation of logistic regression. In following, we discuss how these two approaches
can be implemented using alternative predictive models.
The construction of IPMC followed the usual STL approach using
predictive models and did not commit to any assumption; therefore,
IPMC can be easily implemented by any predictive models such as DT,
SVM and ANN. However, in the construction of CPMC, we enabled MTL
by deploying a hierarchical correlation structure as a channel to
transfer information across predictions of different complications.
Although we used BLR to implement MTL, we made no assumption on
the predictive model except that the model requires a multivariate
Gaussian distribution. Most predictive models have been implemented
in the literature in their multivariate Gaussian distribution representations, such as DT [66], SVM [67] and ANN [68].
Based on the above discussion, both IPMC and CPMC are generalizable in terms of using different predictive models. However, for
CPMC, the predictive model needs to have a multivariate Gaussian
distribution.
3. Evaluation
This section explains how IPMC and CPMC were evaluated and
compared to each other in terms of their performance for predicting
medical complications of chronic diseases. IPMC and CPMC are general
methods independent of what chronic disease is under study. However,
for the purpose of evaluation, the present study compares them in the
context of hypertrophic cardiomyopathy and its common complications: heart failure, problems with heart valves, and cardiac arrest [40].
Fig. 1 presents the evaluation methodology.
IPMC and CPMC are evaluated to predict the complications of hypertrophic cardiomyopathy. Cardiomyopathy is used for a range of
chronic cardiovascular conditions for heart muscles. While there are
several types of cardiomyopathy, the most common type is hypertrophic cardiomyopathy [23]. Hypertrophic cardiomyopathy causes
several serious complications. The present study focuses only on the
three most commonly experienced complications associated with hypertrophic cardiomyopathy: heart failure, problems with heart valves,
and cardiac arrest [40], which are proven to be correlated [23].
Therefore, this study can evaluate the effect of MTL by comparing the
performance of IPMC and CPMC in predicting hypertrophic cardiomyopathy patients at risk of developing any of these three

Table 1
Building correlation matrix.
Predictions for Different Complications

comp < m :

y

1, y
i
2, y
i

…

m, y
i

3
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Table 2
Variables and their operationalization.
Model Variable
Coefficients:

i

y

Operationalization

Description

Across different m complications, the regression coefficients for the i th

To predict the yth year, for each predictor, a coefficient is defined. For

predictor are represented by iy = [ i1,y , i2, y, …, im,y ] .
Following the recommendations of Jammalamadaka et al. [59] and MelieGarcia et al. [60], in order to model the association of multiple m

complications,

i

y

is designed to follow a multivariate Gaussian distribution

with mean of µ = 0 and covariance matrix = ri2 i . We define the shrinkage
scalar ri and the original covariance matrix i later.
i

y

= [

1, y
2, y
i , i ,

m, y
i

…,

y

with each other, iy = [ i1,y , i2, y, …,
multivariate Gaussian distribution.

m, y
i

] is defined to follow the

] is said to follow a multivariate Gaussian

distribution with mean of µ and covariance matrix of
expressed as
i

instance, iy is defined as the coefficient of the ith predictor to predict for the
yth year. In multitask learning, because the coefficients may be correlated

if

i

y

can be

= AZ + µ

where = AA (i.e. the modeling association of multiple complications) and
Z = [Z1, Z2…, Zm] is a random vector N (0,1) . We let the mean of µ = 0 which
implies iy = AZ . Therefore, the mean of µ = 0 demonstrates no prior
knowledge about the effect of predictors on the associations of multiple
complications.
To model the association of multiple complications, we incorporate the effect

of i1, y ,
matrix

2, y
i ,

… on

comp, y
i

= AA = ri2 i .
The model variable
distribution ( x 0 = 0,

Intercepts:

comp, y

into a covariance matrix as a scaled covariance

follows the default prior of the Lorentz
= 10 ) suggested by Gelman et al. [58]. The setting

comp, y

improves the robustness of the model by accepting

1
109

for the very poor

chance for chronic patients developing the complication and 1Correlation
Matrix:
corMatrixi

Shrinkage Scalar:
ri

Covariance
Matrix:

1
109

for the

opposite.
The success of MTL is about how well we can model the correlation among
coefficients. One issue in doing so is that the off-diagonal cannot guaranteed
to be positive semidefinite [61]. Therefore, as suggested by the literature
[62], corMatrixi follow the distribution proposed by Lewandowski et al. [63]
with two parameters e.g. the first parameter is the number of tasks with m
complications and the second parameter is the degree that we want the
correlation matrix to shrink toward the identity matrix. As in this study, we
have no prior information about the correlation of coefficients, we choose 1
for the second parameter of this distribution, which shows that the prior
density for correlation matrices is uniform.
EMRs include a large number of variables that can be potentially used for
prediction of chronic complications. Shrinkage is a solution to this dilemma
to choose between a pragmatic model with a better performance and a more
complex one fitting the data [64]. De Mol et al. [65] suggests using
ri = × i where is indicator of all predictors and i is the indicator of
predictorp,i . These two indicators of and i follow the truncated Lorentz
distribution ( x 0 = 0, = 10 ) suggested by Gelman et al. [58]. This makes it
robust with densities only on positive real numbers but also with thicker tails
than the normal distribution to be adaptive to large values.
i = diagnalmatrix (sdi ) × corMatrixi × diagnalmatrix (sdi ) . ([59]; [60]).

i

Standard
Deviation: sdi

The standard deviation of i th predictor predictorp, i for the complication comp
among m complications is sdicomp . According to the recommendation of

One intercept is defined for each complication to be predicted in the yth year.
The Lorentz distribution is selected for intercepts. The distribution has the
center of zero ( x 0 = 0 ) and scale of ten ( = 10 ). It follows a bell-shape
density function with a longer tail than the normal distribution. This allows
both very likely and very unlikely chances of chronic patients developing the
complication.
Correlation matrix refers to Table 1. To develop such a matrix, the challenge
is that the value of diagonal elements would always be 1. Therefore, we use
off-diagonal elements, which cannot guarantee to be positive semidefinite.
Therefore, we generate a random matrix that follows Lewandowski’s
distribution. In order to design our correlation matrix with the
Lewandowski’s distribution, we chose m complications as the number of tasks
and assume 1 for the correlation of coefficients as no prior information is
available. For each predictor, one correlation matrix is defined.
In order to select the predictors, we define shrinkage for each EMR variable
that generates more efficient model. Similar to coefficients, Lorentz
distribution ( x 0 = 0, = 10 ) is used to select the predictors. Therefore, for
each predictor, there exists a shrinkage.

One covariance matrix is defined for each predictor. Covariance matrix is a
matrix whose element is the covariance with the elements of a random
vector. In this study, the multivariate Gaussian distribution of the jth
coefficients across tasks is selected for the random vector. The decomposition
structure suggested by literature ([59]; [60]) an used in this study as
i = diagnal matrix (sdi ) × corMatrixi × diagnal matrix (sdi ) allows to
generate the Covariance Matrix using correlation matrix. This makes it
possible to model MTL for multiple complications of chronic diseases.
In order to predict each complication, for each predictor, one standard
deviation is defined.

Gelman et al. [58], sdicomp follows the the truncated Lorentz distribution

( x 0 = 0,

= 2.5). sdi is defined as a vector of the standard deviations of

predictorp, i for all m complications i.e. sdi = [sdi1, sdi2, …, sdim].

complications.
To evaluate different dimensions of the present study, two comparisons were conducted.

with each other and similarly for LR, SVM, DT and ANN.

• Implementation of CPMC using predictive models BLR, DT, SVM and

ANN: Second, different implementations of CPMC were compared
with each other to see which predictive model generated the best
performance for CPMC. The first and the second evaluations were
independent of the period of prediction; meaning that the comparisons were repeated for 1-year, 3-year and 8-year predictions to
determine if the period of prediction would impact the results of the
above-mentioned comparisons.

• IPMC versus CPMC: First, the performances of IPMC and CPMC were
compared through the implementation of different predictive
models; namely Bayesian logistic regression (BLR), DT, SVM, and
ANN. These comparisons were a head-to-head comparison; for example, BLR implementations of IPMC and CPMC were compared

4
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Fig. 1. Proposed methodology.

opted to not include records with missing values in our analysis. Our
initial results showed that removing records with missing values do not
influence the accuracy of our predictions.
We define a base time of t = 0 on the year each patient became a
hypertrophic cardiomyopathy patient from April 2009 to April 2017.
We only collected patient record EMRt = 0 for that year, and then collect
complications test results for 8 years after the base year. For example, if
a patient becomes a hypertrophic cardiomyopathy patient in year 2009,
then 2009 would be t = 0 for that specific patient. So we collect the
patient’s EMR0 for year 2009 (2009-EMR) and then also collect all the
records of complications test results for up to 8 years inclusive, which
for this example means from 2009 (t = 0 ) up to 2017 (t = 8) inclusive;
see Fig. 2. Let’s assume a patient became hypertrophic cardiomyopathy
patient at 2010 and we are doing a 3-year prediction. If there is no
record of all three complications tests (positive or negative) in 2011,
2012 or 2013, then the patient’s EMR would be censored from the
analysis. In addition, for example in 3-year prediction, we censor the
patient’s EMR, if the patient has been diagnosed to one of the complications between 2009–2012 inclusive. That is, our prediction focuses on
1, 3, and 8 years after a patient becomes a hypertrophic cardiomyopathy patient and gets diagnosed to a complication.
Table 3 presents the number of records after cleaning. The study
incorporates the de-identified EMRs for 1078 hypertrophic cardiomyopathy patients. The EMRs under the evaluations had the patients’
information from April 2009-April 2017, inclusive.
We adopted SNOMED CT-AU Ontology (SCAO) [74] for chronic
diseases because SCAO was the terminology used by the EMR software
providers in the clinics. The predictors chosen have values for more
than 18 % of EMRs. This is an acceptable cut-off value proposed by
Sariyar et al. [75] for studies involving EMRs. 107 EMR variables were
then examined in order to predict the three most commonly experienced complications associated with hypertrophic cardiomyopathy:
heart failure, problems with heart valves, and cardiac arrest [40]. The
list of 107 EMR variables under this study is given in Appendix 1.

3.1. Evaluation site and data collection
In 2015, a system was developed to continuously analyze dailygenerated EMRs for improving practices in chronic cardiovascular
diseases for patients across twenty-four different Cardiology Clinics in
Australia. Within these twenty-four clinics, an integration infrastructure
was implemented that linked the daily generated EMRs of the cardiac
patients. The dataset used in this study is the un-linked EMRs from
these twenty-four practices. The data has been de-identified by the
system while linking EMRs.
In order to clean the data, we implemented the following five steps.
First, we removed all the intra- and post- factors because our study aims
to predict the development of complications of hypertrophic cardiomyopathy. We adopted outlier detection algorithms in STATISTICA II to
eliminate entry errors and duplicated data. In the third step, we removed all the variables that cannot be used in the predication such as
the system-generated ID for patients. In the fourth step, we eliminated
variables that, according to our preliminary analysis, showed no contribution towards prediction. These variables are Occupation,
Education, City of birth (not Ethnicity), City of Address, and Marital
Status. Finally, we removed records with missing values. There is a
wide range of methods dealing with missing values in electronic medical records. A review of these methods are presented in Liu et al. [69].
The imputation methods, where missing values are replaced with substitute values, have shown improvement in the population-based model
prediction. For example, García-Laencina et al. [70] use imputation
methods on the entire dataset to handle missing values. Shukla et al.
[71] Propose an approach that can analyze survivability of breast
cancer patients in presence of missing data. Imputation methods are not
suitable for the aim of this study. However, when an analysis offers a
method for prediction of specific conditions in individual patients rather than a population of patients, the imputation methods can mislead
the prediction for individual patients using assumed values. However,
performance of this algorithm depends on the number of predictors
under the study [72]. As in this study we are testing 107 EMR variables,
this approach would need an extensive computational power. In such
situations, removal of missing records to avoid the bias of replacing
them with substitute values are recommended [73]. Because our study
aims at individual patients rather than population-based models, we

3.2. Predictions
Fig. 2 presents the prediction process designed to compare IPMC
and CPMC. The above-mentioned data was randomly divided into train
5
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Fig. 2. 1-year, 3-year and 8-year Predictions.

and test datasets with the ratio of 9:1. The IPMC and CPM were trained
using 90 % of the records (970 records) and tested on 10 % of the
records (108 records). The predicted variables were heart failure, problems with heart valves, and cardiac arrest. The predicted values (i.e. 0:
the complication has not been experienced, 1: the complication has
been experienced) were compared to actual value in the testing dataset
to measure the performance. The performance indicators are discussed
in Sections 3.3.1 and 3.3.2.
To also evaluate the role of prediction periods (i.e. y ) in the performance of prediction with the methods, this study ran IPMC and CPMC for a
1-year prediction (i.e. y = 1), a 3-year prediction (i.e. y = 3) and an 8-year
prediction (i.e. y = 8). For example, in a 3-year prediction, the predictors
predictorp =[predictorp,1, predictorp,2, ..., predictorp, a ] were taken from 90
% of the EMRs on April 2009 and predicted variables (i.e. heart failure,
problems with heart valves, cardiac arrest) were taken from the same EMRs
on April 2012. To measure the performance of IPMC and CPMC, we inputted the trained models by predictors extracted from the rest of the EMRs
on April 2009. The predicted values were compared to the 10 % remaining
EMRs in 2012. The performance was measured using performance indicators. Similarly, 1-year and 8-year predictions were conducted.

measures deviation of the predicted probability from the observed
probability [76], or in other words, how close a prediction probability
is to an observed probability.
3.3.1. Measuring discrimination
Discrimination was measured by utilizing a commonly-used method
in clinical medicine called the receiver operating characteristics (ROC)
curve [77]. The ROC curve has two dimensions: sensitivity on the Y-axis
and specificity on the X-axis. Sensitivity measures the proportion of
positives that are correctly identified; for instance, in our study, it
presents a portion of between 0–1 of patients diagnosed with heart
failure, problems with heart valves, and/or cardiac arrest who are
correctly identified by the method. Specificity measures the proportion
of negatives that are correctly identified; for instance, in our study,
specificity presents a portion of 0–1 of patients that are not diagnosed
with heart failure, problems with heart valves, and/or cardiac arrest,
and they are correctly identified by the method as not developing these
complications. The performance indicator used in this study is area
under the curve (AUC) of ROC. AUC is a scalar indicator that a test with
no better performance than chance has an AUC of 0.5, but a perfect test
has an AUC of 1. AUC is often utilized in clinical medicine to assess the
tradeoff between sensitivity and specificity [78]. Table 4 presents the
results of discrimination.

3.3. Comparison
The performance of IPMC and CPMC in this study was measured
based on their accuracy. In order to understand the accuracy of the
models, two concerns were taken into account: discrimination and calibration. Accurate prediction of each complication differs between
hypertrophic cardiomyopathy patients that are at risk of developing
that complication, versus those that are not. This refers to discrimination, which demonstrates how well a prediction can classify hypertrophic cardiomyopathy patients for developing a particular complication. Calibration is a probabilistic understanding of error which

3.3.2. Measuring calibration
The calibration of the predictions was measured using an indicator
called Q-Score proposed by Ghil et al. [79]. This indicator has been
adopted from the Mean Squared Error, which demonstrates how much
the predicted probability deviates from the observed probability and
penalizes strong deviations [76]. In order to build a comparative
measure, Ghil et al. [79] divides the mean square errors of the prediction under evaluation with unskilled prediction that predicts

Table 3
Number of electronic medical records in each clinic*.
General Practice
Office

Number of Electronic
Medical Records

General Practice
Office

Number of Electronic
Medical Records

General Practice
Office

Number of Electronic
Medical Records

General Practice
Office

Number of Electronic
Medical Records

1
2
3

126
74
103

4
5
6

119
144
97

7
8
9

47
209
86

10
11
12

64
71
112

* Some of the EMRs were shared between clinics.
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Table 4
Discrimination analysis results.
Prediction Period

1-Year Prediction

Predictive Model

BLR
DT
SVM
ANN
BLR
DT
SVM
ANN
BLR
DT
SVM
ANN

3-Year Prediction

8-Year Prediction

Heart failure

Problems with heart valves

Cardiac arrest

IPMC

CPMC

IPMC

CPMC

IPMC

CPMC

0.862
0.769
0.774
0.791
0.892
0.779
0.811
0.747
0.881
0.788
0.761
0.771

0.893***
0.799***
0.797**
0.821***
0.941***
0.812***
0.840***
0.781***
0.893*
0.811***
0.814***
0.813***

0.810
0.731
0.751
0.762
0.851
0.740
0.792
0.769
0.821
0.764
0.786
0.779

0.848***
0.768***
0.788***
0.799***
0.907***
0.802***
0.822***
0.814***
0.848**
0.780***
0.788**
0.781***

0.791
0.729
0.724
0.746
0.843
0.776
0.762
0.781
0.813
0.726
0.741
0.735

0.830***
0.771***
0.761***
0.781***
0.863**
0.799**
0.785**
0.803***
0.830**
0.783***
0.761**
0.794***

Comparison of CMPS versus IMPC: *, ** and *** compare prediction of a particular complication using the same predictive model.
*** Comparing CPMC with IPMC, the AUC is significantly higher at.
**Comparing CPMC with IPMC, the AUC is significantly higher at.
*Comparing CPMC with IPMC, the AUC is significantly higher at.
Example: For predicting Heart Failure, CPMC demonstrates a significantly better AUC than IPMC at.
Comparison of BLR with other predictive models to implement CMPC: Underlines compare CPMC prediction of a particular complication when implementing using
BLR versus other predictive models.
: Comparing the predictive model with BLR to implement CPMC, the AUC is significantly lower at.
]: Comparing the predictive model with BLR to implement CPMC, the AUC is significantly lower at.
—: Comparing the predictive model with BLR to implement CPMC, the AUC is significantly lower at.
Example: For predicting heart failure, CPMC_LR demonstrates a significantly lower AUC than CPMC_BLR at < 0.05 . In other words, implementation of CPMC using
BLR rather than LR significantly improves AUC at < 0.05 when predicting heart failure.

constant historic average count. Specifically, we define this with Eq.
(4).

Q

Score =

Table 5 presents the results of the calibration analysis.
4. Analysis of evaluation

MSEprediction
(4)

MSEunskilled prediction

4.1. CPMC performs better than IPMC

The Q-Score may take positive values. The Q-Score = 1 if the prediction under the evaluation generates similar results to the unskilled
prediction producing a constant average. A desired time series analysis
produces a Q-Score < 1. Therefore, the aim is to minimize the Q-Score.

As previously discussed, the first objective of evaluation was to
compare IPMC and CPMC to examine the performance of STL and MTL.
IPMC and CPMC have been trained to predict three complications of

Table 5
Calibration analysis results.
Prediction Period

1-Year Prediction

3-Year Prediction

8-Year Prediction

Predictive Model

BLR
DT
SVM
ANN
BLR
DT
SVM
ANN
BLR
DT
SVM
ANN

Heart failure

Problems with heart valves

Cardiac arrest

IPMC

CPMC

IPMC

CPMC

IPMC

CPMC

0.283
0.501
0.331
0.352
0.246
1.030
0.414
0.419
0.221
0.678
0.457
0.349

0.192***
0.497
0.319*
0.207***
0.211**
0.498***
0.399*
0.240***
0.107***
0.317***
0.294***
0.128***

0.391
1.038
0.487
0.539
0.165
0.743
0.345
0.139
0.256
0.561
0.401
0.310

0.374*
0.475**
0.409***
0.411***
0.084***
0.472***
0.101***
0.123*
0.176***
0.387***
0.184***
0.293*

0.265
0.412
0.403
0.394
0.298
0.601
0.307
0.365
0.556
1.088
0.781
0.502

0.182***
0.391*
0.204***
0.299***
0.201***
0.443***
0.297
0.223***
0.297***
0.485***
0.325***
0.329***

Comparison of CMPS versus IMPC: *, ** and *** compare prediction of a particular complication using the same predictive model.
*** Comparing CPMC with IPMC, the Q-Score is significantly lower at.
** Comparing CPMC with IPMC, the Q-Score is significantly lower at.
* Comparing CPMC with IPMC, the Q-Score is significantly lower at.
Example: For predicting Heart Failure, CPMC demonstrates a significantly better Q-Score than IPMC at.
Comparison of BLR with other predictive models to implement CMPC: Underlines compare CPMC prediction of a particular complication when implementing by BLR
versus other predictive models.
:Comparing the predictive model with BLR to implement CPMC, the Q-Score is significantly higher at.
]:Comparing the predictive model with BLR to implement CPMC, the Q-Score is significantly higher at.
—:Comparing the predictive model with BLR to implement CPMC, the Q-Score is significantly higher at.
Example: For predicting heart failure, CPMC_LR demonstrates a significantly higher Q-Score than CPMC_BLR at < 0.05 . In other words, implementation of CPMC
using BLR rather than LR significantly improves the Q-Score at < 0.05 when predicting heart failure.
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hypertrophic cardiomyopathy patients using four different predictive
models: LR, DT, SVM and ANN. However, the evaluations have been
repeated for 1-year, 3-year, and 8-year predictions. Table 4 and Table 5
show that CPMC outperforms the alternative IPMC predictive models.
While a better discrimination can be demonstrated by an AUC closer to
1, the calibration can be improved by a Q-Score closer to zero. A Q-Score
of more than 1 is unacceptable calibration [79]. The non-parametric
significance test of the AUC and Q-Score demonstrated that in most of
the cases CPMC had significantly better discrimination and calibration
than IPMC. This reveals the better performance of MTL in comparison
with STL.
To compare the discrimination capabilities of IPMC and CPMC, we
examined the AUCs of different implementations for IPMC and CPMS
across three prediction periods and for three complications. Generally,
both CPMC and IPMC show acceptable AUC measures of more than
0.500. Table 4 reveals that the AUC measurements in different predictions were significantly higher by CMPC than IPMC. On average, the
difference between the AUCs of CPMC and IPMC was 0.029. The discrimination differences of CPMC and IPMC were similar to each other
and were also close to the overall average for predictions of heart
failure (i.e. 0.028), problems with heart valves (i.e. 0.030) and cardiac
arrest (i.e. 0.029).
Like discrimination comparisons, to compare the calibration of
IPMC and CPMC, we examined the Q-Scores of different implementations of IPMC and CPMC across three prediction periods and for three
complications. Although on some occasions IPMC revealed Q-Scores of
more than 1 (i.e., unacceptable predictions), CPMC consistently stayed
under 0.498, demonstrating a promising performance. Table 5 reveals
that even with a couple of incorrect predictions (i.e. 1-year and 3-year
predictions of heart failure by DT), when CPMC was compared with
IPMC, CPMC significantly outperformed in terms of calibration. On
average, the difference between the Q-Scores of IPMC and CPMC was
0.148. The discrimination differences of IPMC and CPMC were similar
to each other and were also close to the overall average for predictions
of heart failure (i.e. 0.147), problems with heart valves (i.e. 0.147) and
cardiac arrest (i.e. 0.151).
In summary, taking both the AUCs and Q-Scores into consideration,
CPMC shows better performance when compared with IPMC; therefore,
when compared with STL, MTL outperforms in terms of discrimination
and calibration. Although we have seen some exceptions in which the
performance of CPMC was not significantly different than IPMC, there
was no case prediction reported in Table 4 and Table 5 that demonstrate improving performance in STL when compared with MTL.

significantly higher in LR compared to DT, SVM and ANN. In average,
the difference between AUCs of CPMC implemented by LR to other
predictive models is 0.115. The discrimination differences of predictive
models implementing CPMC were similar to each other and were also
close to the overall average for predictions of heart failure (i.e. 0.096),
problems with heart valves (i.e. 0.116) and cardiac arrest (i.e. 0.136).
Like discrimination, in order to compare the calibration capabilities
of implementations of CPMC using different predictive models, we examined the Q-Scores of CPMC across three prediction periods and for
three complications using different predictive models. Table 5 reveals
that except in few predictions, LR compared with DT, SVM and ANN
significantly improves the calibration of CPMC. Although we have some
exceptions in significantly better calibration of BR, all CPMC predictions using LR show smaller Q-Scores (though not significantly smaller).
On average, the difference between the Q-Scores of IPMC and CPMC
was 0.091. The calibration differences of predictive models implementing CPMC were similar to others and were also close to the
overall average for predictions of heart failure (i.e. 0.096), problems
with heart valves (i.e. 0.088) and cardiac arrest (i.e. 0.089).
In summary, taking both AUCs and Q-Scores into consideration,
CPMC shows better performance when using LR compared with DT,
SVM and ANN. Therefore, MTL outperforms in terms of discrimination
and calibration by LR. Although we have seen some exceptions in which
the performance of LR was not significantly different than other predictive models, there was no case prediction alternative models when
compared with MTL. reported in Table 4 and Table 5 that demonstrate
improving performance in the
5. Discussion and conclusion
Policy makers and healthcare professionals have sought to reconstruct daily generated EMRs and to integrate them into large clinical
data warehouses for use in auditing, continuous quality improvement,
health service planning, epidemiological studies, and evaluation research [80–83]. Although managing the increasing amount of daily
generated EMRs is essential [84], the potential benefits of EMRs are not
limited to storage and retrieval of patients’ records. EMRs stored over
time can be used as an analytics resource for developing and advancing
clinical decision support.
This paper focused on predicting multiple complications of chronic
diseases using daily generated EMRs. There is a body of literature that
conducts analytics techniques in order to predict various medical outcomes [1–3,7]. Following that stand of literature, the current study
proposed concurrent prediction of multiple complications (CPMC) that
use MTL, as opposed to independent prediction of multiple complications (IPMC) that uses STL in order to predict multiple complications
caused by chronic diseases. This paper also suggests the utilization of
logistic regression in order to implement MTL (i.e. CPMC). While the
chronic care management plan is an important part of primary care that
leads to better outcomes and higher patient satisfaction, the differences
of chronic patients in their risk to develop medical complications has
made generating a comprehensive plan a difficult task. The present
research developed a method that can be implemented in clinical decision support systems to assist medical professionals to identify patients at risk of progressing complications caused by chronic diseases.
In order to evaluate the CPMC-LR proposed by this paper, as an
exemplar, we predicted three main complications of hypertrophic cardiomyopathy patients: heart failure, problems with heart valves, and
cardiac arrest. Our experiment showed that CPMC has consistently
demonstrated better performance when compared to IPMC. The performance was compared in terms of discrimination and calibration
measured by the AUC and Q-Score, respectively. Furthermore, in our
evaluation, we showed that MTL improves the prediction of independent STL of different chronic disease complications. Our findings
also showed that Bayesian Logistic Regression improves the performance of predicting multiple complications of chronic diseases. Even

4.2. CPMC with logistic regression performs better than CPMC with other
predictive models
The second objective of evaluation was to compare implementations
of CPMS using different predictive models. MTL using LR, DT, SVM and
ANN were trained to predict three complications of hypertrophic cardiomyopathy patients. However, the evaluations have been repeated
for 1-year, 3-year, and 8-year predictions. Table 4 and Table 5 show
that CPMC using Logistic Regression outperforms when compared to
the implementation of CPMC using alternative predictive models. While
a better discrimination can be demonstrated by an AUC closer to 1, the
calibration can be improved by a Q-Score closer to zero. A Q-Score of
more than 1 is unacceptable calibration [79]. The non-parametric significance test of the AUC and Q-Score demonstrated that in most cases,
BLR had significantly better discrimination and calibration than other
predictive models. This reveals that the performance of MTL to predict
complications of hypertrophic cardiomyopathy patients improves by LR
in comparison with DT, SVM and ANN.
To compare discrimination capabilities of implementations of CPMC
using different predictive models, we examined AUCs of CPMC across
three prediction periods and for three complications using different
predictive models. Table 4 reveals that the AUC measures are
8
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though there were cases that did not demonstrate the significant improvement in both above-mentioned comparisons, all experiments demonstrated higher AUCs and lower Q-Scores.
Evaluating both discriminations and calibrations asured us that the
CPMC-LR implementing MTL using logistic regression improves: 1) the
classification of chronic patients based on whether they are at risk of
developing complications, and 2) the identification of the risk probability of developing complications of chronic disease. While the first
outcome can be used to identify individual chronic patients at risk of
developing complications, the second outcome can be utilized in population healthcare programs for chronic patients.

chronic patients who are at risk of developing complications based on
the data in their EMRs (Goldstein et al., 2017). However, the choice of
predictive techniques and advances in approaches such as MTL are
important.
This study suggests CPMC as a MTL-based approach. The paper
highlights that the outperforming capability of logistic regression in
implementation of this method makes it capable of providing guidelines
for chief information and quality assurance officers. CPMC allows corporate healthcare providers to utilize proper methods for right conditions when predicting multiple complications of chronic diseases. This
would be implemented by an automated system that can prompt patients for further screening.

5.1. Academic implications

5.3. Comparison with related studies

This study made two important contributions. First, the present
paper contributed to the healthcare analytics literature [27–29,31]; in
particular, analytics techniques used in the context of predicting complications of chronic diseases [8,37–39]. Following the work of Zolbanin et al [36] for predicting survivability when multiple chronic
diseases are presented, an awareness among the healthcare analytics
community was raised about the inter-correlation of chronic conditions.
For example, in order to predict diabetic vision loss, Piri et al. [8]
considered the co-existence of other diabetes-related complications as
predictors and implemented single-task learning. However, complications may develop concurrently. The contribution of the present work is
represented by our focus on concurrent prediction of interrelated
complications, which contrasts with the existing literature in this area
[8,45]. Despite the proposed method, the prior literature (in order to
capture the occurrence of each particular complication) separately
predicts the complications of chronic diseases independently or by
setting other complications as predictors, rather than outcomes. However, multiple complications of chronic diseases are often related and
can be developed concurrently [11]. Following this line of literature,
the study proposes the use of MTL to predict multiple complications of
chronic diseases to address the interrelationships among multiple
complications. Second, the current study established the outperforming
application of logistic regression for the prediction of multiple complications for chronic patients. The paper concluded that in comparison
to DT, SVM and ANN, logistic regression shows better performance in
terms of both discrimination and calibration for concurrent prediction
of multiple complications of chronic diseases using MTL. This is in response to the call from a survey of the literature of predictive models for
MTL [85]. This review recommends researchers to compare predictive
models to implement MTL for predictions in different application contexts.
The unique feature of this study was the comprehensive comparison
of different implementations of single- and MTL using LR, DT, SVM and
ANN and in different prediction periods. To the best of our knowledge,
this is the first time in the literature that such a comprehensive comparison was performed.

There is a body of literature in the use of MTL for predicting patients
at risk of developing complications caused by chronic diseases. For
example, Lin et al. [88] and Liu et al. [89] utilize MTL to predict the
complications of diabetes and compare MTL performance with STL. The
results show that MTL outperforms. Although the present study agrees
with the findings of these two papers, it has four differences with the
work of Lin et al. [88] and Liu et al. [89]. First, while the previous
literature focuses only on Bayesian logistic regression, the current work
also generalizes the comparison when different predictive models such
as decision tree, support vector model and artificial neural networks are
used. According to Table 4 and Table 5, MTL outperforms STL, in all
above-mentioned predictive models. Second, the present paper enhances Lin et al. [88] and Liu et al. [89] by changing the predicting
period from 1 to 3 and 8 years. The results acknowledge that MTL
outperforms STL, regardless of the prediction period. Third, The present
study advances the evaluation measures used by Lin et al. [88] and Liu
et al. [89]. In addition to AUC as a measure of discrimination, Q-Score
is used to compare the STL and MTL based on their calibration. Fourth,
the evaluation conducted by Lin et al. [88] and Liu et al. [89] occurred
in the context of diabetes, however the current work compared these
two approaches to predict the complications of hypertrophic cardiomyopathy.
5.4. Comparison with MTL baseline methods
MTL is a well-studied problem and generally improves single task
peers. In this section, we have included two MTL baseline methods and
show the method proposed in this study outperforms these two baseline
methods. The two baseline methods chosen for this purpose are: (A)
Argyriou et al. [90] as a feature-based MTL method that aims to learn
common predictors s; and (B) Zhang and Yeung [91] as a task correlation based MTL that seeks to improve the performance of a learning
task with the help of some other related tasks.
Table 6 presents the results of comparing our measure of discrimination, AUC, for Argyriou et al. [90]Zhang and Yeung [91], and
the CPMC method. The results demonstrate the CPMC method has a
higher AUC compared to the other two methods since CPMC has a
significantly higher AUC in most predictions.
In order to compare calibration, Table 7 compares Q-scores for
Argyriou et al. [90] Zhang and Yeung [91], and the CPMC method. The
results demonstrate that the CPMC method has a lower Q-Score compared to the other two methods. In all predictions, CPMC has a significantly better Q-Score.
The results shown in Table 6 and Table 7 confirm that the CPMC
method outperforms both baseline MTL methods previously proposed
in literature [90,91].

5.2. Practical implications
We know from previous studies that intervention for chronic diseases, such as making changes to a patient’s diet and exercise, can
postpone and in some cases reverse the progression of complications
[86,87]. As such, many institutes and organizations recommend periodic screening. However, many people do not receive appropriate tests
early enough to avoid irreversible complications of their chronic diseases. It is reasonable to assume that in many cases, the complexity of
guidance regarding screening coupled with challenges in public education have inhibited efficiency in population-level chronic disease
management. With this paper, we highlighted a method to inform
public education and rapidly screen population databases in order to
prioritize patients. In such an environment, the CPMC offers an automatable technique that can be computerized and used to identify

5.5. Limitations
In this section, we indicate the limitations that have the potential to
open new avenues for future research.
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Table 6
Comparison with MTL Baseline Methods: Discrimination analysis results.
Prediction Period

1-Year Prediction
3-Year Prediction
8-Year Prediction

Heart failure

Problems with heart valves

Cardiac arrest

Argyriou et al.
[90]

Zhang and Yeung
[91]

CPMC

Argyriou et al.
[90]

Zhang and Yeung
[91]

CPMC

Argyriou et al.
[90]

Zhang and Yeung
[91]

CPMC

0.809**
0.754***
0.779***

0.817*
0.761**
0.784***

0.821
0.781
0.813

0.764***
0.773***
0.778*

0.72***
0.788***
0.779

0.799
0.814
0.781

0.752***
0.787***
0.749***

0.764***
0.789***
0.759***

0.781
0.803
0.794

***the AUC is significantly lower at < 0.01.
**the AUC is significantly lower at < 0.05.
*the AUC is significantly lower at < 0.1.
Example: For predicting Heart Failure in 8 years, CPMC demonstrates a significantly better AUC than Argyriou et al. [90] and Zhang and Yeung [91] at

< 0.01.

Table 7
Comparison with MTL Baseline Methods: Calibration analysis results.
Prediction Period

1-Year Prediction
3-Year Prediction
8-Year Prediction

Heart failure

Problems with heart valves

Cardiac arrest

Argyriou et al.
[90]

Zhang and Yeung
[91]

CPMC

Argyriou et al.
[90]

Zhang and Yeung
[91]

CPMC

Argyriou et al.
[90]

Zhang and Yeung
[91]

CPMC

0.331***
0.385***
0.276***

0.298***
0.281***
0.209***

0.207
0.240
0.128

0.499***
0.131*
0.281**

0.454***
0.133*
0.285*

0.411
0.123
0.293

0.344***
0.351***
0.482***

0.315*
0.289***
0.411***

0.299
0.233
0.329

*** the Q-Score is significantly higher at.
** the Q-Score is significantly higher at.
* the Q-Score is significantly higher at.
Example: For predicting Heart Failure in 8 years, CPMC demonstrates a significantly better Q-Score than Argyriou et al. [90] and Zhang and Yeung [91] at

• This study is limited to the dataset that it has used. Using a baseline

•
•

comparison could have improved the evaluation presented in this
study. However, since we compare STL and MTL to predict the
complications of hypertrophic cardiomyopathy in 1, 3 and 8 years,
there is a limited data available. Therefore, this study collected its
own data and compared the performance of STL and MTL. Section
5.3 compares the findings of this comparison with related literature
[88,89]. Therefore, we recommend that researchers reproduce the
current study and compare the additional results.
Although this paper has focused on hypertrophic cardiomyopathy
patients, it is recommended that researchers utilize the CPMC proposed in this article to predict multiple complications of other
chronic diseases.
This study assumes the same predictors for all complications.
However, this is an idealization and predictions of complications
might be dependent on different sets of predictors. It would be rewarding in future to pay attention to framing EMR-based classification algorithms as an all-encompassing strategy to inform interventions, particularly in an area where effective interventions may
have been informed by analysis of different predictors using data
that might not be routinely available via patient records, such as
data relating to actual lifestyle choices. The lack of key predictor
data (i.e. diet and exercise) in the study dataset has provided some

•

< 0.01.

limitations to the results of this study, in particular for long term
prediction. It is common knowledge that long-term predictions of
diabetes rely on modifiable life-style choices for which there is no
data in the reported study. Therefore, the lack of life-style data in
our dataset has committed this study to ignore life-style changes for
diabetes management, which is clearly a limitation for the present
work.
Further studies are recommended to model the clinical cost-benefit
analysis of any predictive data effort seeking to identify people at
risk of developing multiple complications of chronic diseases.
Individual healthcare providers would argue that they are already
implementing the findings of this study, but on a patient-by-patient
basis. The key of this endeavor is to highlight opportunities for
population-level education and patient-initiated screening and
analysis of entire patient panels at scale for prioritized screening and
intervention.
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Appendix 1. EMR predictors under study
Ability for face-to-face interactions

Delivery of a baby weighing > 9 lb

History of chlamydia

Parental history of blood
pressure

Acanthosis Nigerians
Age
Allergy to eggs
Allergy to influenza vaccine
Antipsychotic therapy for schizophrenia and/or severe
bipolar disease
Arrhythmia

Dementia
Diastolic Blood Pressure
Egg substance
Ethnicity
Excessive thirst

History of corticosteroids intake
History of depression
History of Gynecological Surgery
History of hemodialysis
Pneumococcal Vaccine

Parental history of cancer
Parental history of diabetes
Peripheral Arterial Disease
Physical Activity
Asthma

History of high-risk medication intake

Polycystic ovary syndrome

Atherosclerosis Disease
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Fasting plasma glucose

History of hospice care

Flexible Sigmoidoscopy
Fracture - Lower Body
Frequent urination at night
Genital Herpes
Glomerulonephritis and Nephrotic Syndrome

History
History
History
History
History

Gonococcal Infections
Height
CD4+ percentage
Chronic glucocorticoid exposure
Cognitive assessment

History of pregnancy
Hemoglobin A1c, %
Hemorrhagic Stroke
Hepatitis A
Hepatitis B

Colonoscopy
Corticosteroids
CT Colonography
CT Scan of Lower Spine
Daily Alcohol Intake

Hepatitis C
High density lipoprotein cholesterol, mg/dL
History of Beta Blocker Therapy
History of bipolar disorder
History of breastfeeding

Daily Cereal fiber intake
Daily consumption of vegetables
Daily Trans-fat intake

History of CABG surgeries
History of cancer
History of Cerebrovascular disease, brain
stroke, or TIA
History of Cesarean Birth

Dapsone and pyrimethamine

of
of
of
of
of

Ratio of polyunsaturated–saturated fatty
acids
Rhabdomyolysis
Sex, male
Sexually Active
Shortness of Breath
Sleep disorders in the presence of glucose
intolerance
Smoking status
History of pregnancy Dx
History of spinal infection
History of suicide
HIV 1

influenza vaccine
kidney transplant
leucovorin intake
liver disease
mood instability

Behavioral/Neuropsych
Assessment
Blurry vision
Body Mass Index
Bradycardia
Cardiovascular disease
Carotid artery disease

CD4+ count
Statin Allergen
Syphilis
Systolic blood pressure
Systolic Blood Pressure, mm
Hg
HIV 2
Trauma
Injection of leuprolide acetate
Triglycerides, per 10 mg/dL
Ischemic Stroke
Upper Respiratory Infection
Isotretinoin
Venereal Diseases
Low-density lipoprotein
Waist Circumference, per 10
cm
Major Organ Transplant Other Than Kidney Waist: hip ratio, per 0.1 unit
Malignant Neoplasm of Colon
X-Ray of lower spine
Neurologic impairment
Nonalcoholic fatty liver
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