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Background: Big data analytics are becoming more prevalent due to the recent availability of health data. 

Yet in spite of evidence supporting the potential contribution of big data analytics to health policy makers 

and care providers, these tools are still too complex to be routinely used. Further, access to comprehen- 

sive datasets required for more accurate results is complex and costly. Consequently, big data analytics 

are mostly used by researchers and experts who are far removed from actual clinical practice. Hence, 

policy makers should allocate resources to encourage studies that clarify and simplify big data analytics 

so it can be used by non-experts (e.g., clinicians, practitioners and decision-makers who may not have 

advanced computer skills). It is also important to fund data collection and integration from various health 

IT, a pre-condition for any big data analytics project. 

Objectives: To methodologically clarify the rationale and logic behind several analytics algorithms to help 

non-expert users employ big data analytics by understanding how to implement relatively easy to use 

platforms as Azure ML. 

Methods: We demonstrate the predictive power of four known algorithms and compare their accuracy in 

predicting early mortality of Congestive Heart Failure (CHF) patients. 

Results: The results of our models outperform those reported in the literature, attesting to the strength 

of some of the models, and the utility of comprehensive data. 

Conclusions: The results support our call to policy makers to allocate resources to establishing compre- 

hensive, integrated health IT systems, and to projects aimed at simplifying ML analytics. 

© 2019 Fellowship of Postgraduate Medicine. Published by Elsevier Ltd. All rights reserved. 
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ntroduction 

Policy makers in the healthcare industry have been allocating

ubstantial resources in the last two decades to Health IT (HIT)

mplementation [1] . HIT includes Electronic Health Record (EHR)

ystems, Laboratory Information Management Systems (LIMS), Pic-

ure Archiving and Communication systems (PACS), and others [2] .

ecently, a new era of HIT has emerged, called big data analytics.

arge repositories of historical data can be utilized for advanced

nalytics, using machine-learning (ML) methods and tools [3] . The

esults can provide insights and support for decisions related to

linical procedures [4] , medication and public health policy [5] . In

pite of the emergent value of big data analytics, these tools are
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till difficult to utilize by health providers or policy makers, and to

ate are mostly used by researchers [6] . 

Recently, more user-friendly platforms, such as Microsoft Azure

L, provide tools that do not require high expertise, and can be

ore widely applied [7] . Nonetheless, users need to understand

he methodological rationale (at least to a certain extent) behind

hese algorithms to facilitate an educated and effective use of these

ools. 

In this paper, we present key ML techniques and show how

hey can be used in predicting the early mortality of Conges-

ive Heart Failure (CHF) patients, using data collected from a

omprehensive HIT installed at the Sheba Heart Center in Israel.

e describe the rationale for each algorithm, compare them in

erms of accuracy and other characteristics, and demonstrate the

otential value that can be derived from using these techniques.

e aim to show that big data analytics can be simpler if more

ffort s are invested in explaining its principles and methods, and

nderscore the value of data retrieved from comprehensive HIT.

he main contribution of this article is to clarify and simplify big
ts reserved. 
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1 Accuracy : The proportion of correct predictions vs. the total number of pre- 

dictions. Accuracy = (True Positive + True Negative) / (True Positive + True Nega- 

tive + False Positive + False Negative) 
2 We chose a threshold value of 0.5 for evaluating the accuracy. The threshold is 

the cutoff value above which a value belongs to one class, and all other values be- 

long to the other class. For example, if the threshold is 0.5, any patient who scored 

more than or equal to 0.5 is identified as predicted for mortality, and everyone else 

belongs to non-mortality class. 
3 ROC : the receiver operating characteristic curve illustrates the performance of a 

binary classifier system as its discrimination threshold varies. A ROC plot examines 

the tradeoff between the two types of positive signals in the models. The horizontal 

axis represents the ratio of false positives, and the vertical axis shows the ratio of 

true positives. 

C-Statistic : Area under the ROC (also known as AUC) curve (the values lie be- 

tween 0 and 1) measures the area under the curve plotted with true positives on 

the y axis and false positives on the x axis. A diagonal line indicates a poor model 

for predictions; hence, the C-Statistic, for large datasets, should never be lower than 

0.5. It is useful as an assessment tool because the single number allows a fair com- 

parison among models of different types for a given dataset ( 15 ). 
data analytics so it can be used by non-experts (e.g., clinicians,

practitioners and decision-makers who may not have advanced

computer skills). We recommend that policy makers allocate

resources to encourage these types of projects. 

Congestive Heart Failure (CHF) 

Congestive Heart Failure (CHF) is a clinical syndrome character-

ized by typical signs and symptoms (e.g., breathlessness, swelling

of the lower extremities, fatigue, elevated jugular venous pressure

and pulmonary edema). The most common etiology of CHF is Is-

chemic Heart Disease (or Cardiovascular Disease (CVD)) following

acute coronary syndrome. Additional etiologies include structural

diseases of the heart (e.g., valvular diseases) or abnormalities of

the myocardium resulting in reduced cardiac output or elevated

intracardiac pressure [8] . Based on data from 2009 to 2012, an es-

timated 5.7 million Americans 20 years of age or older had CHF.

Projections show that the prevalence of CHF will increase 46% from

2012 to 2030, resulting in > 8 million people ≥18 years of age with

CHF in the US. About 223 out of 10 0,0 0 0 Americans died of CVD

in 2013 [9] , and about 20% of all Medicaid CHF patients are read-

mitted to the hospital within 30 days post first admission [10] .

In 2012, the total cost of CHF was estimated at $30.7 billion. Of

this total, 68% was attributable to direct medical costs. Projections

show that by 2030, the total cost of CHF will increase almost 127%

to $69.7 billion from 2012. This is roughly $244 for every US adult.

The estimated cost of CHF patients’ death is 123.5 billion dollars in

the US alone, mostly due to lost productivity [9] . 

The number of Israelis diagnosed with heart diseases was re-

ported to be 86.1 and 91.4 per 10 0,0 0 0 in 2010, for females

and males respectively [11] . An Israeli survey covering 2007–2010

found that 10.2% of all males and 7.1% of all females were diag-

nosed with some kind of CVD [12] . This is somewhat lower than

the US figures, where 12.2% of all males and 10.0% of all females

are diagnosed with some kind of CVD [13] . 

In this study, we used a comprehensive dataset consisting of

7168 patients admitted to the Sheba Medical Center in the last ten

years, whose primary diagnosis was CHF. We secured 33 factors

about each patient, including extensive demographic details from

the Israeli Population Registry, past and present medical history in-

cluding medication, diagnoses, and laboratory and imagery results.

The data were retrieved from six information systems within the

hospital (Chameleon, LIMS, PACS, MUSE, MetaVision and Magic, the

hospital’s legacy systems, as detailed in the next section) as well

as the Israeli Population Registry system. The utilization of this

dataset was facilitated by the fact that all the sources belong to the

same institution, but since the systems are disparate, heavy data

manipulation was still required to achieve a unified data represen-

tation across all systems, similar to effort s invested in integrating

data from different institutions. However, in contrast to retrieving

narrow data from several institutions, our sources provided excep-

tional information depth and breadth about each patient, allowing

feature selection from a vast number of factors. These data sources

are reliable and thus ensure data accuracy beyond that described

in most of the literature. 

The Sheba is infrastructure 

The data for this study were retrieved from the Sheba Medical

Center, the largest Israeli public hospital, located in the center of

the country. Sheba is a leading teaching medical center, annually

handling over a 1.5 million patient visits and ∼200K emergency

visits, and conducts more than two million medical tests of all

types. Sheba is an intensively computerized hospital, using a com-

prehensive Chameleon® EMR system that communicates with the

Laboratory Information Management System (LIMS) and Picture
rchiving and Communication System (PACS) for result notifica-

ions and access. The system is used in the ED and in all inpatient

epartments, and fully replaces all paper-based medical records.

his EMR communicates with the administrative ATD (Admit-

ransfer -Discharge) system, which is connected to the Israeli Popu-

ation Registry to facilitate prompt authentication of patients upon

resentation at the hospital. In addition, there are specific depart-

ental ISs, such as the Magic system in the Intensive Care Unit. 

In recent years, Sheba has set up a research-focused data ware-

ouse, an effort-intensive endeavor involving researchers and ded-

cated staff. The data warehouse collects data from the follow-

ng ISs: Chameleon EMR (structured and unstructured elements),

IMS (biochemistry, blood counts, serology, microbiology cultures,

iomarkers, genetic tests etc.), data describing imagery results,

anual monitored parameters (patient temperature, blood pres-

ure, pulse, saturation, weight, height etc.) keyed into the Magic

ystem, Medical Devices database (ECG, Echocardiography exam-

nations, Cardiac Catheterization, Nuclear Imaging), the National

opulation Registry, the National Cancer Registry and the Sheba

xecutive Survey database. These can be classified as clinical, car-

iology and administrative IT; i.e., the three categories identified

y Bardhan et al. [14] . 

ethod 

ackground 

We used the Azure Machine Learning (ML) platform for the

ata analysis [15] , which implements machine-learning algorithms,

ata conversion and transformation functions, etc. We employed

our known classification models: logistic regression, the Two Class

oosted Decision Tree, the Two Class Support Vector Machine

SVM) and Neural Network (NN), and combined R code to incorpo-

ate specific features in each algorithm. The six main steps in our

ata mining comparison process using AZURE ML were (1) dataset

reation, (2) dataset cleaning, (3) dataset column selection for use

n the analysis, (4) data splitting into two subsets, one for train-

ng and the other for testing. We used 70% of the data for train-

ng and 30% for testing according to accepted heuristics (other split

alues yielded similar results). Identical datasets were used for all

he classification models, (5) comparison of the four classification

odels, (6) testing the prediction accuracy 1 of the trained models. 2 

e then evaluated the results of the classification models using R

o create the receiver operating characteristic (ROC) curves and C-

tatistics. 3 

We secured data from 11,360 patients discharged from Sheba

etween January 2010 and February 2017, with CHF as the pri-

ary diagnosis. We excluded patients who died during hospital-

zation and patients with missing essential clinical data, leaving
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Table 1 

Data description—mortality. 

Indicator and description Total Alive (0) Death (1) p value 

n—Total admissions included 7168 7030 138 

Patient age 75.69 (12.43) 75.58 (12.44) 81.46 (10.74) < 0.001 

Gender (female) = 2 (%) 3226 (45.0) 3169 (45.1) 57 (41.3) 0.426 

ECHO1_ef; Ejection fraction 47.61 (15.66) 47.59 (15.66) 48.39 (15.75) 0.552 

Past history of PCI = 1 (%) 1070 (14.9) 1055 (15.0) 15 (10.9) 0.219 

Past history of MI = 1 (%) 1461 (20.4) 1424 (20.3) 37 (26.8) 0.074 

Past history of CHF = 1 (%) 3435 (47.9) 3360 (47.8) 75 (54.3) 0.15 

Past history of CVA = 1 (%) 935 (13.0) 916 (13.0) 19 (13.8) 0.899 

Has a PVD in the background = 1 (%) 475 (6.6) 462 (6.6) 13 (9.4) 0.246 

Has Dyslipidemia = 1 (%) 2605 (36.3) 2559 (36.4) 46 (33.3) 0.514 

Has hypertension = 1 (%) 3915 (54.6) 3844 (54.7) 71 (51.4) 0.504 

Has diabetes = 1 (%) 2381 (33.2) 2338 (33.3) 43 (31.2) 0.669 

Has COPD = 1 (%) 849 (11.8) 831 (11.8) 18 (13.0) 0.759 

Blood HB level 11.84 (1.95) 11.85 (1.95) 11.31 (1.90) 0.001 

Heart function index (0 = low, 1 = preserved) 0.42 (0.49) 0.42 (0.49) 0.41 (0.49) 0.806 

Blood pressure in the lung arteries 47.47 (13.00) 47.41 (13.00) 50.38 (12.89) 0.008 

GFR- Kidney function indicator 49.67 (30.99) 49.91 (30.97) 37.43 (29.46) < 0.001 

Sodium level in the blood 138.42 (5.57) 138.40 (5.50) 139.51 (8.38) 0.02 

Hematocrit 37.83 (6.58) 37.85 (6.56) 36.84 (7.31) 0.075 

Prior treatment with angiotensin blockers = 1 (%) 5802 (80.9) 5708 (81.2) 94 (68.1) < 0.001 

Prior treatment with Aldactone = 1 (%) 3173 (44.3) 3130 (44.5) 43 (31.2) 0.002 

First admission length of stay 5.97 (10.72) 5.89 (10.74) 9.96 (8.23) < 0.001 

Past Atrial fibrillation = 1 (%) 2094 (29.2) 2044 (29.1) 50 (36.2) 0.083 

Diastolic blood pressure 121.86 (27.42) 122.17 (27.32) 106.25 (27.93) < 0.001 

Systolic blood pressure 65.30 (15.19) 65.45 (15.10) 58.07 (17.42) < 0.001 

Glucose level 132.76 (57.80) 132.74 (57.74) 133.83 (61.07) 0.827 

Liver function 39.77 (126.21) 39.69 (127.26) 44.07 (49.21) 0.687 

Blood clot function 1.46 (1.00) 1.46 (1.00) 1.51 (1.03) 0.572 

Percent change in LV cavity dimensions at the base with 

systolic contraction 

30.15 (85.41) 30.09 (86.23) 33.19 (11.65) 0.673 

Weight 78.29 (18.36) 78.37 (18.44) 74.26 (13.70) 0.009 

Height 164.58 (12.04) 164.58 (12.09) 164.77 (9.16) 0.853 

BMI 28.42 (5.38) 28.44 (5.39) 27.22 (4.62) 0.008 

Left ventricular (LV) mass and left ventricular mass 

indexed to body surface area estimated by LV cavity 

dimension and wall thickness at end-diastole 

113.94 (30.23) 113.99 (30.21) 111.20 (31.07) 0.282 

Notes: (1) Data are the mean ( ±SD) or number of subjects (proportion). (2) The Death column refers to the patients that actually 

died from all the population. (3) Initials inside the Table: PCI- percutaneous coronary intervention; MI- myocardial Infraction CHF- 

congestive Heart Failure; CVA- cerebrovascular accident; PVD- peripheral vascular disease; COPD- chronic obstructive pulmonary 

disease; HB- hemoglobin; GFR- Glomerular filtration rate. 
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 dataset of 7168 patients. The dataset consisted of the complete

HF-diagnosed population, as opposed to a sample or a cohort fil-

ered by patient characteristics (i.e., age, history, race or income),

nd contained patient data from various sources installed in this

ntensively computerized hospital. 

eature selection 

The initial database consisted of more than 1200 features. A

re-feature selection process was performed by excluding variables

ith substantial missing values and textual variables. In addition,

ighly correlated variables such as consecutive laboratory and

iagnostic tests were removed, leaving 200 features available for

he feature selection process. The feature selection process was

omposed of three main steps. The first was clinical importance,

ccording to the senior cardiologists’ judgments. The second step

as based on a decision tree algorithm using an information gain

ethod to model the importance of the variables. The last step

as univariate analysis, using t test for continuous variables or a

hi-square test for categorical variables. A p value lower than 5%

as considered a statistically significant difference between sur-

ivor and non-survivor patients. The final dataset consisted of 32

eatures that were used to perform predictive analytics ( Table 1 ).

his feature selection step was performed prior to running the

lassification algorithm; hence all four algorithms actually used

he same dataset with identical features. 

We were able to identify patients who died post-discharge,

ith the exact date of death, by exploiting the unique ID
umber provided to every Israeli citizen upon birth, and the Sheba

TD system link to the population registry system. 

ogistic regression 

Our model used a binary-dependent variable, y i , for each pa-

ient i , for each variable x , representing occurrence of Mortality

1 = Mortality; 0 = non-Mortality). The model is specified as in Eqs.

1) and (2) : 

( y i = 1) = 

exp ( βo + β1 x 1 + .... + βk x k + ε) 

1 + exp ( βo + β1 x 1 + .... + βk x k + ε) 
(1) 

Defining π i = P ( y i = 1) and 1 − π i = P ( y i = 0), we have 

n 

(
πi 

1 − πi 

)
= β0 + β1 Age + β2 Gender + β3 ( ECHO 1 e f ) + . . . + ε 

(2) 

πi 

1 − πi 

= 

P ( y i = 1 ) 

P ( y i = 0 ) 
(3) 

The ratio (3) represents the odds of the event y i = 1 occurring

 ε represents the random error). 

wo-Class Boosted Decision Tree 

The Two-Class Boosted Decision Tree [16,17] is an ensemble

earning method in which predictions are based on an entire col-

ection of trees that correct for errors together. It is appropriate for
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Fig. 1. Mortality within 30 days. 
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a binary dependent variable such as predicting mortality. In this

method, the second tree modifies the errors of the first tree, the

third tree modifies the errors of the first and second trees, and so

on. Forecasts are established on the entire set of trees included in

the forecast. 

A previous study presented superior results with the Boosted

Decision Tree compared to other decision trees including Decision

forest, the Bagging Decision Tree and the Randomized Decision

Tree [18] . The Boosted Decision Tree can improve accuracy at the

cost of excluding predicting training cases that are very tough to

classify [19,20] . 

Stiglic et al. [21] conducted comprehensive predictive model-

ing of the evolution of medical complications using discharge data

from pediatric hospitals. They used regularized logistic regression

and comorbidity-based features in the first step, and Boosted Deci-

sion Trees in the final step of their analysis. They found that there

was an improvement in the comprehensibility of the final predic-

tive model but that it was difficult to interpret the models since

each Boosted Decision Tree had to be interpreted separately rather

than simply merging all the rules obtained during the process of

decision tree boosting. 

Boosting can be seen as a way of fitting an extended additive

model [22] . 

Two class SVM 

Support Vector Machines (SVMs) are supervised learning mod-

els used for classification tasks [23,24] and are designed to recog-

nize patterns from large volumes of data. This classifier is useful

for predicting binary outcomes that depend on continuous or cat-

egorical independent variables. 

Given a set of labeled training examples with binary outcome

values, the SVM algorithm assigns new examples into one category

or the other such that the two categories are divided by the widest

gap possible. New examples are then predicted to belong to a cate-

gory based on which side of the gap they are identified with. There

are many successful applications of SVM models ranging from in-

formation retrieval to text and image classification. 

Our SVM model was trained on the retrospective data for hos-

pital visits. It was calibrated using the parameter optimization tool

in AZURE ML. For instance, in the SVM we can calibrate parame-

ters such as number of iterations (type a number that denotes the

number of iterations used when building the model) and Lambda

(type a value to use as the weight for L1 regularization). 

Two-Class Neural Network 

A neural network is a set of interconnected layers, in which the

inputs lead to outputs by a series of weighted edges and nodes.

The weights on the edges are learned when the neural network is

trained on the input data. The direction of the graph proceeds from

the inputs through the hidden layers, with all nodes of the graph

connected by the weighted edges to nodes in the next layer. 

Most predictive tasks can be accomplished easily with only one

or a few hidden layers. Recent research has shown that deep neu-

ral networks (DNN) can be very effective on complex tasks such as

image or speech recognition, in which successive layers are used

to model increasing levels of semantic depth. 

To compute the output of the network for any given input, a

value is calculated for each node in the hidden layers and in the

output layer. For each node, the value is set by calculating the

weighted sum of the values of the nodes in the previous layer and

applying an activation function to that weighted sum. 

As in previous studies, we used a Two-Class Neural Network

(which is a supervised learning method) module to create a model

that predicts a target variable that has only two values [25,26] . 
obustness checksum 

Additionally, as a robustness checksum, we verified the mortal-

ty within 60 and 90 days post first admission, in addition to mor-

ality within 30 days post first admission. 

esults 

A feature selection procedure was performed on all factors sug-

ested by clinicians as the most likely to affect early mortality re-

ardless of the classification algorithm used, resulting in 33 factors

or each patient ( Table 1 ). These included age, gender, differen-

ial diagnoses and current and past health indicators, medications,

nd lab and imagery results. The average values for twelve indica-

ors differed significantly between the two groups as depicted in

able 1 (significant differences are indicated in bold) for mortality,

s this study focused on predicting mortality post first admission. 

Fig. 1 displays the ROC curves for the four classification meth-

ds predicting mortality, with a C-Statistic ranging from 77.4%

o 68.1%. The results ( Table 2 and Fig. 1 ) showed that the best

lassification model for predicting mortality within 30 days from

dmission was the Boosted Decision Tree (accuracy = 98.5%; C-

tatistic = 77.4%), followed by logistic regression (accuracy = 98.4%;

-statistic = 74.3%) which was significantly better [27] than SVM

accuracy = 98.4%; C-statistic = 68.5%) and NN (accuracy = 98.3%; C-

tatistic = 68.1%). 

Additionally, as a robustness checksum, we verified the mortal-

ty within 60 and 90 days post first admission and obtained similar

ndings ( Table 2 ). 

In additional prediction of mortality within 60 days from

ischarge, the C-Statistic ranged from 64% to 74.6%. The re-

ults showed that the best classification model for predicting

ortality within 60 days from admission was logistic regres-

ion (accuracy = 94.8%; C-statistic = 74.6%), followed by SVM (accu-

acy = 94.9%; C-statistic = 67.9%) and the Boosted Decision Tree (ac-

uracy = 94.9%; C-statistic = 65.2%) and significantly better than NN

accuracy = 94.4%; C-statistic = 64%). 

In the alternative time period of predicting mortality within 90

ays from discharge the C-Statistic ranged from 62.3% to 72.1%.

he results showed that the best classification model for pre-

icting mortality within 90 days from admission was logistic
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Table 2 

Prediction Mortality for various time periods: comparison across all models (on the Testing Dataset). 

Model Boosted Decision Tree Logistic regression Support Vector Machine (SVM) Neural Network (NN) 

Accuracy AUC Accuracy AUC Accuracy AUC Accuracy AUC 

Within 30 days 98.5 77.4 98.4 74.3 98.4 68.5 98.3 68.2 

Within 60 days 94.9 65.2 94.8 74.6 94.9 67.9 94.4 64 

Within 90 days 92.6 62.3 92.7 72.1 92.6 63.3 91.1 62.8 
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egression (accuracy = 92.7%; C-statistic = 72.1%), followed by SVM

accuracy = 92.6%; C-statistic = 63.3%) and the Boosted Deci-

ion Tree (accuracy = 92.6%; C-statistic = 62.3%) and NN (accu-

acy = 91.1%; C-statistic = 62.8%). 

iscussion 

These findings suggest that the objectives set out in this re-

earch were partially achieved. We showed that comprehensive

nd extensively used health IT in hospital settings provide a

ubstantial number of parameters and a potential for prediction

mprovement and discovery of additional affecting factors (see

able 1 ). 

Several tools were previously introduced to assess risk of mor-

ality and adverse outcomes in CHF patients. The ADHERE Classi-

cation and Regression Tree (CART) Model incorporates three rou-

inely measured variables obtained upon hospital admission (SBP,

lood urea nitrogen, and serum creatinine). The model stratified

isk for in-hospital mortality in Acutely Decompensated Heart Fail-

re (ADHF) patients, with an accuracy of 75.7% in the validation

ohort [28] . Another frequently used risk score is the Enhanced

eedback for Effective Cardiac Treatment (EFFECT). This score is

esigned to predict the propensity for mortality 30 days and at

ne year in elderly patients with CHF. The EFFECT HF model for

0-day mortality had a C-Statistic of 69%, and the BI-EFFECT index

ielded a C-Statistic of 75% [29] . The best results here showed a C-

tatistic of ∼77%) for early mortality, outperforming current meth-

ds, in spite of the relatively small number of positive cases (i.e.

arly death) in our dataset. 

There has recently been a rapid increase in the number of re-

earch publications designed to construct prediction models for

isk of mortality or readmission in the early post discharge pe-

iod. Most of the strongest predictors of mortality risk have been

eported to be renal function variables (creatinine or GFR), BNP,

istory of heart failure, age and hemodynamics (blood pressure,

ulse) and echocardiographic data (ejection fraction, systolic pul-

onary arterial pressure, etc.) [30] . Our results are consistent with

revious studies, and underscore the importance of “objectives”

ariables such as laboratory and diagnostic findings in predicting

0-day post discharge mortality [31,32] . These results emphasize

he advantages of combining administrative and clinical features

rom multiple sources to create versatile longitudinal data. Pre-

ious risk models predicting survival in the CHF were developed

rom prospective studies inherently based on small sample sizes

nd available physical and medical histories [33] . For instance,

he Seattle Heart Failure Model included 1125 patients with se-

ere heart failure. The model comprised age, gender, systolic blood

ressure, NYHA class, weight, concomitant medications, lipid pro-

le and laboratory findings [34] . 

We successfully compared four machine-learning methods in

erms of their predictability power and obtained significance dif-

erences [27] . The best classification model for predicting mortality

ithin 30 days from admission was the Boosted Decision Tree, fol-

owed by logistic regression, SVM and NN. This fulfills our second

bjective of comparing and differentiating these methods. 

These promising results can be attributed to the prevalence of a

ast number of quality factors for each patient, due to the unique
IE and interoperability capacity of the hospital’s health IT. We

ound 12 parameters that significantly differed between patients

ith early mortality and patients who survived ( Table 1 ). These

ncluded medications and blood indicators that were not available

n previous studies. 

Finally, our main finding in this analysis of 7168 patients ad-

itted with a diagnosis of CHF, is that effort s to store and re-

rieve vast and accurate medical information can pay off by yield-

ng more precise prediction methods. Although our objectives and

ethodology are quite similar to several previous studies, most of

hese did not have the variety and breadth of data we had at our

isposal. For example, Bardhan et al.’s [14] seminal work, which

sed data from 67 hospitals, was based on demographic and ad-

ission data. Other studies with similar objectives used mainly or

olely clinical data such as laboratory and imagery tests [35–37] . In

his study, we were able to choose the key parameters from a vast

et of demographic, socio-economic, clinical, medical, pharmaceu-

ical, laboratory and imagery data, and time varying covariates. For

xample, we found that GFR, a kidney function indicator, sodium

evel in the blood, previous treatment with Angiotensin blockers

nd past treatment with Aldacton are factors that significantly dif-

erentiated the two groups. These factors are rarely found in the

iterature and have great potential for both clinical and policy rec-

mmendations. 

This study focused on the entire patient population from one

ospital, with CHF as the primary diagnosis, and thereby addresses

he call by Futoma et al. [38] to further investigate machine-

earning tools while focusing on a specific group of patients. 

olicy implications 

In this study, we aimed at encouraging policy makers to re-

lize the importance of bringing big data analytics closer to the

oint of decision-making. Policy makers can derive two main mes-

ages from the findings. First, the more comprehensive and multi-

ourced the data, the more accurate the predictions are likely to

e [3,39] . This, however, requires extensive investment in HIT at

oints of care such as emergency departments [40,41] , community

linics and hospitals [42] . Significant efforts in this direction have

rimarily been made in developed countries, and are heavily con-

ingent upon public funding [43] . Policy makers should prioritize

urther efforts in this direction. 

Second, we demonstrated that ML algorithms can be method-

logically clarified to encourage their use by non-experts.

linicians and health decision-makers should make effort s to

nderstand the basics of the methodological rationale behind ML

lgorithms (at least to some extent), to facilitate the effective use

f these tools. This article summarized four of the most frequently

sed ML methodologies in a relatively easy- to- follow way. To-

ether with the availability of user-friendly platforms as Azure ML,

his should constitute a step forward toward enabling its use by

ractitioners. However, more resources should be allocated to ad-

ance the simplification of these tools. 

Overall, as ML algorithms increase their power and provide

ore accurate results, especially in light of the growing preva-

ence of extensive available databases, policy makers should al-

ocate more resources to facilitate the widespread use of ML
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analytics [44] . Moreover, if and when ML platforms and algorithms

become more friendly and easy to use for non-experts, policy mak-

ers will be able to recommend strengthening evidence-based prac-

tice to also include ML analytics. The potential beneficiaries are

care providers, patients, as well as the policy makers themselves. 

Research limitations and further research 

Our dataset was composed of 33 variables about each patient,

out of ∼1700 potential items (not all present for each patient).

While this is more than reported in most current studies, future

studies would benefit from additional variables that could possibly

reveal more factors affecting CHF patients’ risk classification. 

In future steps, additional prediction techniques, such as Ran-

dom Forests [38] and Naïve Bayes Classifiers could be employed

and examined to improve predictive power including True Posi-

tive (TP) prediction, using various advanced indicators as goodness

of fit measurements. Contingent on data retrieval capabilities, an-

other future research avenue would be to analyze the data as time

cohorts (e.g., Bayesian networks and Markov Models) for each pa-

tient, rather than cross sectional analysis as done here and in all

prior studies. Another limitation of this study is regarding the ac-

curacy levels, especially in the True Negative (TN) side with these

specific patients. We would achieve high accuracy also without us-

ing a complex model since the vast majority of the patients sur-

vive in our data set and only about 2% died within 30 days (138

patients died). 

Further steps could include cardiologists’ interpretation of the

results, especially when more than 33 factors are employed, where

they will be asked to comment on the clinical insights provided by

the results. Another potential future research avenue would be to

replicate previous studies with our algorithms, to compare the pre-

diction power. By previous studies we mean those exploring fac-

tors identical to the ones in our dataset, since it is very difficult

to obtain the actual datasets used in other studies. If better results

are obtained compared to the original studies, it will attest to the

strength of our algorithms. If not, this would reinforce the assump-

tion that the improvement stems from data quality. 
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