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Abstract

The combination of big data and deep learning is a world-shattering technology that can make a great impact on any industry if
used in a proper way. With the availability of large volume of health care datasets and progressions in deep learning techniques,
systems are now well equipped in diagnosing many health problems. Utilizing the intensity of substantial historical information
in electronic health record (EHR), we built up, a conventional predictive temporal model utilizing recurrent neural systems
(RNN) like LSTM and connected to longitudinal time stepped EHR. Experience records were contribution to RNN to anticipate
the analysis and prescription classes for a resulting visit during heart disappointment (e.g. diagnosis codes, drug codes or method
codes). In this paper, we also investigated whether use of deep learning to model temporal relations among events in electronic
health records (EHRs) would enhance the model performance in predicting initial diagnosis of heart failure (HF) compared to
some of the traditional methods that disregard temporality. By examining these time stamped EHRs, we could recognize the
associations between various diagnosis occasions and finally predicate when a patient is being analyzed for a disease. In any case,
itis hard to access the current EHR data straightforwardly, since almost all data are sparse and not standardized. Along these lines,
we proposed a robust model for prediction of heart failure. The fundamental commitment of this paper is to predict the failure of
heart by means of a neural network model based on patient’s electronic medicinal information. In order to, demonstrate the
diagnosis events and prediction of heart failure, we used the medical concept vectors and the essential standards of a long short-
term memory (LSTM) deep network model. The proposed LSTM model uses SiLU and tanh as activation function in the hidden
layers and Softmax in output layer in the network. Bridgeout is used as a regularization technique for weight optimization
throughout the network. Assessments subject to the real-time data exhibit the favorable effectiveness and feasibility of recom-
mended model in the risk of heart failure prediction. The results showed improved accuracy in heart failure detection and the
model performance is compared using the existing deep learning models. Enhanced prior detection could expose novel chances
for deferring or anticipating movement to analysis of heart failure and diminish cost.

Keywords LSTM Model - Electronic health record - Recurrent neural systems - Long short-term memory

Introduction

A typical problem in healthcare nowadays is mostly doctors
approach large volume of data on patients, however little time
or devices. Smart clinical decision help imagines the data at
the motivation behind thought that is specific to the patient
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and needs of supplier. Electronic wellbeing records (EHR), are
now standard in U.S. medicinal services, address both the
patients and masters longitudinal experience. To predict future
events these data are used with expanding frequency. Even
though, forecast models are created to envision needs, most
of the existing works has focused on specific expectation
models that foresee a compelled set of results. In any case,
ordinary clinical practice incorporates an unprepared and di-
verse blend of circumstances and requirements distinctive pre-
dictive models in the 100’s to 1000’s. To create and deploy
particular models one after another is unrealistic.

Prior to determination of a disease, a person’s progression
interceded by pathophysiologic changes recognizes the indi-
viduals who will in the long run get the disease from the
individuals who won’t. Discovery of temporal occasion suc-
cessions that dependably use controls that recognize disease
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cases might be especially helpful in enhancing the perfor-
mance of predictive models. For this reason, we examined
whether models built using RNN could be adjusted thus,
changing over clinical occasion successions and time stamped
related information into trails essential to prior discovery of
sickness. Electronic health record (EHR) data contains clini-
cally rich and related time stamped data. Patient medicinal
services experiences are all around archived and time stamped
(eg, findings, drugs, and techniques). Be that as it may, EHR
information are very unpredictable, given the structure also,
broadness of data caught (spanning provider conduct, care
use, pathways for treatment, and infection state of patient)
and unpredictable frequency of sampling. So far, most pre-
scient demonstrating work utilizing EHR information depends
on aggregate values of features (e.g., count of event and aver-
age value of event). Utilizing these strategies, some of the
features that are disaggregated in the temporal relations are
most certainly not caught (e.g., at one time medication solu-
tion requested and at another time method performed).

Heart failure, likewise named to as congestive heart failure,
happens when the heart can’t sufficiently direct blood to ad-
dress the needs of a body [1]. Most of the risk indicators for
failure of heart incorporate hypertension, an earlier heart attack,
stoutness, smoking, liquor misuse, vitamin lacks, and lack of
sleep, overwhelming metal poisonous quality, a non-healthy
eating like fats of animals, and being inactive [2]. Failure of
heart is more typical in the middle of individuals beyond
65 years old, individuals with more weight, and individuals
who had past heart failure. The diagnostic technique for failure
of heart is fundamentally constructed using the patient’s medic-
inal and past histories of family, a physical check-up, and out-
comes of test. Basic symptoms and signs of failure of heart are
additionally mutual in different situations. In this way, doctors
recognize any harm in patient’s heart and diagnosis the
pumping of blood in heart of the patient. These symptomatic
techniques give enormous data that are sequential, and this is an
unimportant job to implement most accurate diagnosis with
such data of huge volume, especially during the initial times.

In reality, a technique for prior heart failure diagnosis which
gives a less error rate is fundamentally required for preliminar-
ies in clinical and medications [3]. Through dissecting these
datasets that are sequential, we need a chance to give initial
conclusions and treatments to individuals who are probably
going to suffer failure of heart and benefit them to have longer,
energetic lives. The desired procedure to determine the issues of
finding diagnosis with more accuracy and the conveyance of
focused treatments gives the regular execution of thorough
physical assessments [4]. Patients with heart failure and the
society could profit on the off chance that we would give to
the patients an accurate and efficient diagnostic service. Finally,
this paper builds up another way to deal with this undertaking
by means of an improved long short-term memory (LSTM)
networks model and information driven structure.

@ Springer

In particular, we give every patient using a dynamic frame-
work that is to be estimated by a time series data, for example,
the consequences of various test results of lab, records of
patients and markers of medical. Our crucial thought is to
investigate these data that are time stamped. The value of a
statistical indicator with respect of time that provides a se-
quence is termed as time series data [5]. A time series data
demonstrates the pattern of the numerical estimation and ex-
amination protest over a specific period of the statistical index.
The conventional expectation strategies dependent on time
series fundamentally include the exponential smoothing strat-
egy [6], (ARIMA) autoregressive integral moving average
model [7], (RNN) [8] recurrent neural networks model, and
(LSTM) long short-term memory model [9].

As of now, the analysts frequently gather the identification
events by means of vectors using an unsupervised way.
Interestingly, it was tremendously profitable to demonstrate
the events of analysis with correspondence learning. We rec-
ommend an innovative technique, in this paper for diagnosis
event modelling that are constructed using medical concept
vectors by improving the one-hot vectors via adding time
stamp to each input Xt and utilizes LSTM methodology for
prediction of failure of heart using the diagnosis events are
modelled as the input. Our experimental outcomes using a
real-time data set exhibit the improved diagnosis prediction
performance strategy.

The remaining part of the paper is structured as follows. We
discussed the work background and related work of the deep
learning and analysis of time series using EHR data, in
Section 2. Section 3 we explained the projected LSTM model
framework, and we experiment the proposed medical concept
vector based LSTM model using real-time EHR data in
Section 4. In Section 5, we discussed the result analysis of
the model and comparison of the performance with the
existing conventional deep learning models and In
Section 6, we discussed our work conclusion and highlighted
the directions for future research.

Related work

Early location of heart disappointment Beginning of HF is
related with an abnormal state of inability, health care costs,
what’s more, mortality (around half danger of five years of
mortality analysis). [10, 11] There have been generally slight
advancement in moderating the movement of heart failure
disease, to a great extent since it is hard to recognize before
real diagnosis. As a result, mediation has essentially been
bound to the day and age after diagnosis, with next to zero
effect on progression of disease. Prior heart failure detection
could prompt enhanced results using patient commitment and
even more confident treatment by means of angiotensin
changing over inhibitors of enzyme or receptor blockers of
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angiotensin II, gentle work out, lessened intake of salt, and
potentially other possibilities. [12—15] Earlier work on prior
detection of heart failure has depended on traditional model-
ling strategies, for example, support vector machine (SVM) or
logistic regression, that utilization of features demonstrating to
the observation window events collection and reject time
stamped relations of observation window between the events.
[16-18] Interestingly, recurrent neural system (RNN) tech-
niques catch temporal examples exist in the longitudinal
EHR data. Models using RNN have demonstrated successful
in numerous troublesome machine learning assignments, for
example, picture captioning [19] and dialect translation. [20]
Encompassing these strategies to health care data is practical.

Deep learning applications

Recently, Deep learning strategies have directed to the regen-
eration of models based on neural network. Revolutionary
lessons presented loaded restricted Boltzmann machines [21]
and loaded autoencoders, [22] that exhibited inspiring results
in processing of image, which employs the layer-wise pre-
training technique. In the meantime, variants of neural system
applications have been investigated deep designs in the do-
main of computer vision, [23-25] processing of sound, [26,
27] and (NLP) natural language processing, [20, 28-30]
among different fields. Models using RNN are normally ap-
propriate to time series information, and a few variations need
to be created on behalf of features that are sequenced.
Schmidhuber and Hochreiter [31] suggested LSTM (long
short-term memory), displaying noteworthy execution in var-
ious sequence centred assignments, for example, recognition
of handwriting, [32] auditory demonstrating of speech, [33]
dialect modelling, [34] and dialect translation. [35] Cho et al.
recommended the GRU network model (gated recurrent unit),
basically like however less complex than LSTM, and indicat-
ed practically identical, and gives better performance. [36] In
the work using RNN defined in this, we utilized the LSTM
structure in order to show the time series relations amongst
health care information from EHRSs of patient to anticipate the
forthcoming prediction of heart failure.

Applications of deep learning in health care

Research Analysts have lately connected deep learning strat-
egies to medical solicitations. Lasko et al. [37] utilized
autoencoders to study phenotypic designs from estimations
of serum uric acid. Che et al. [38] utilized deep neural systems
on clinical time stamped data using incremental learning to
find physiologic examples related by means of clinical known
phenotypes. The works, [39, 40] be that as it may, concentrat-
ed on taking in patterns from clinical records as opposed to
anticipating a clinical events. Hammerla et al. [41] connected
restricted Boltzmann machines (RBM) on time stamped data

gathered from sensors that are wearable to foresee the sickness
province of patients who has Parkinson’s disease. Lipton et al.
utilized LSTM aimed at prediction of diagnosis with
multilabel utilizing ICU time stamped data of paediatric (eg,
pulse rate of heart, blood pressure value, level of glucose, and
so on.). These two studies [42, 43] utilized multivariate with
time stamped data starting patients, that concentrated on alto-
gether diverse clinical situations, with persistent time series
information. Our investigation centers on prior identification
of heart failure aimed at the common patient populace in view
of broadly accessible EHR information, for example, codes
that are time-stamped (diagnosis codes, drug codes, medica-
tion codes, procedure codes). We obtained since this earlier
effort to use comparative illustration of clinical ideas over
Skip-gram however centre on temporal modelling for
predicting heart failure by means of RNN [44-47].

Time series data analysis of EHRs

Conventional time sequence strategies by means of direct pro-
totypes for low dimensional information require to be gener-
ally connected toward EHRs: demonstrating the movement of
chronic disease of kidney to disappointment of kidney utiliz-
ing the Cox relative hazard structure, [48] the progress of
Alzheimer’s illness by means of the hidden Markov model
[49] and intertwined group Lasso, [50] glaucoma progress
make use of a continuous time unseen Markov model with
two dimensional, [51] the progress of disease in lung is iden-
tified by means of Gaussian procedure using graphical
models, [52] the progress of obstructive pulmonary chronic
illness uses Markov bounce process, [53] and progress of
various infections by means of the Hawkes progression. [54]
These past workings remained not ready to build model with
high dimensional nonlinear associations and recurrent neural
network. We concentrated on forecasting the beginning of
heart failure uses longitudinal organized patient information
(structured), for example, patient diagnosis, medication (drug)
codes, and codes of procedure. We applied RNN that gives a
non-linear development with model generalization and high
scalability compared to a large number of conventional tech-
niques, because of a more upgraded programming software
packages and distributed/parallel systems named as a GPU
(graphics processing unit).

Recurrent neural network model (RNN)

Through the present expanding computational power influ-
ence, deep learning have been utilized to fabricate numerous
difficult neural systems, for example, (CNNs) convolutional
neural systems [30, 55], (RNNs) recurrent neural systems
[56], and deep neural systems (DNNs) [57]. These systems
have empowered developments in (NLP) natural language
processing, (IR) recognition of image, (SR) recognition of
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speech and different domains. RNN models are appropriate
for managing time-sequence prediction issues. RNN models
comprise of a layer for input, number of hidden layers, and
one layer for output. The outcome of the hidden layer is iden-
tified with the present layer input and the output of previous
layer. Utilizing this system, a RNN picks up the capacity to
recall historical outcomes. Through exchange among the hid-
den layers, the data from previous layer is distributed to the
following sequence that builds up the relationship over the
time sequences.

Long short-term memory network model (LSTM)

In 1997, Hochreiter et al. [58] projected the LSTM display,
or, in other words RNN special model. To accomplish long
short-term memory, the model RNN desires to snare the
condition of the present layer that is hidden to the past hid-
den layer’s n-level state. This outcome gives an exponential
increment in the measure of computation that expands the
time budget of the model. Along these lines, RNN models
are not straightforwardly utilized on behalf of long short
memory computations. The LSTM layers are included to-
wards the valve node the premise of the first network model
RNN, or, in other words beating the issues of RNN through
long short memory estimations. Also, this is the generally
used methodology.

LSTM includes three basic gates in addition to essentials of
the first network model RNN, first one is an input gate, second
is a forget gate, and the third is an output gate. As of late,
numerous research scientists have rolled out minor improve-
ments towards LSTM network model. The prevalent LSTM
variation, presented in Gers et al. [59], includes expansion of
“peephole connections” (i.e., we allow all the cell state to
glance at the gate layers). Additional bigger variation is the
limit unit cyclic network model (GRU) that suggested in
Chung et al. [60]. At this time, the single update gate is used
by combining the forget date and input gate of LSTM model.
Chung additionally rolls out some different improvements by
blending hidden states and the cell states.

Materials and methods

As compared to the previously mentioned techniques, we
build up a medical-concept-vector LSTM model that can mu-
tually develop the LSTM framework with a one-hot vector
strategy learned with accessible supervised requirements and
combining at the end of each one-hot vector the time interval
feature. Our work depends on the simple LSTM network
model. Here, we had given the points of interest of our pro-
posed methodology in the accompanying sections.

@ Springer

LSTM model for prediction of heart failure

LSTM model on the way to decide if depiction of feature
using the time among an occasion and the record date is com-
bined by means of one-hot vectors enhanced the execution of
model. In particular, the training of model is done by attaching
to the input vector Xt an additional measurement that speaks
to the logarithm time of the quantity of days among the occa-
sion time t and T as the record date. In this, we connected
logarithm change to limit skewed dispersion of the intervals
and investigated the time among sequential visits of patients
or without logarithm change, yet the above technique gave the
best outcome. (Fig. 1)
The LSTM model formulation:

1. The Silu, tanh and softmax are used as an activation func-
tions in layer network.

2. Gradient descent algorithm is used at each layer to adjust
the weights of corresponding layers.

3. Backpropogation algorithm is used in the hidden layer to
compute the derivatives of weights.

4. Input node:

This unit, marked g, is a hub that takes actuation in the
standard route from the layer of input X(t) at the current
time step and using the hidden layer at the past time h(t-1)
step. Normally, the total weighted information is gone
through a SILU function, in spite of the fact that in the
first LSTM paper, the sigmoid activation function is used.

The initial segment of Fig. 2 (marked **1”) figures out
which data is disposed of after the cell state. Now, ht-1
speaks to the condition of a layer that is concealed at t -
1 min, and xt speaks to the yield at t minute. This choice is
implemented by the information door. The entryway pe-
ruses the estimations of ht-1 and xt and yields the estima-
tions of 0—1 to the ct-1 state of every cell over the SiLU
work. State ‘1’ implies all saved and state ‘0’ implies all
disposed of.

f1=SiLU(Wy - [her,x) + by)

5. Input gate:

Gates are a distinctive feature of the LSTM approach.
A gate is a SiLU function unit that, like the input node,
takes activation from the current data point X(t) as well as
from the hidden layer at the previous time step. A gate is
so-called because its value is used to multiply the value of
another node. It is a gate in the sense that if its value is
zero, then own from the other node is cut off. If the value
of the gate is one, all low is passed through. The value of
the input gate i. multiplies the value of the input node.

The second piece of Fig. 2 (marked **2") is utilized to
refresh the cell status and incorporates the SiLU function
layer and the tanh layer. The SiLU function layer figures
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Fig. 1 Flow diagram of proposed
model
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6. Internal state:

At the core of every memory cell is a hub Sc with linear
actuation, or, in other words in the first paper as the “in-
ternal state” of the cell. The internal state Sc has a self-
associated repetitive edge with settled unit weight. Since
this edge traverses contiguous time steps with consistent
weight, error can stream crosswise over time ventures
without vanishing. This edge is regularly called the con-
sistent carousel error.

The third part is utilized to refresh the cell state. These
parts refresh C ~¢ to Ct. Next, Ct-1 and f; are duplicated,
and the data that should be dropped is disposed of. At that

point, add i* Ct ~, and get the esteem Ct of the new state:
C,=f,*Cry +i,*C~,

7. Forget gate:

They give a technique by which the system can figure
out how to utilize the substance of the interior state. This
is particularly helpful in persistently running systems.

The latter portion is utilized to acquire the value of
output. The SiLU activation function is actualized to de-
cide the portion, which should be the value of output. The
tanh-treated cell state is (to get in the range of —1 to 1
value) and increased by SiLU output value. At that point,
the output cell state ht. is acquired:

0
h,

SiLU(W, - [h1,x,] + b,)
o, *tanh(C,)

8. Output gate:

The esteem Vc value at last delivered by a memory
cell is the multiplication of internal state Sc value and
the output gate Oc value. It is standard that the inter-
nal state initially be gone through a softmax function,
as this gives the output value of every cell indistin-
guishable powerful range from a conventional
softmax hidden unit. Be that as it may, in other neural
system examine, ReLU units, which have a more
noteworthy unique range, are less demanding to train.
Along these lines it appears to be conceivable that the
nonlinear activation function on the inner state may be
discarded.

Medical concept vectors

In this section, we built medical concept vectors, which
are used to enhance the input one-hot vectors Xt. We
utilized a NLP inserting method, Skip-gram, to represent
the training vectors of codes of procedure, medicine,
and diagnosis [20]. The representation of resultant vec-
tor, is given in the form of medical concept vector, was
used to identify the relations that are hidden of different
codes.

The medical concept vectors are trained using sliding
window with a size fixed on codes of sequence and
the log likelihood maximization at every progression is
given as:

Maximize

X X

t=1-w<j<w,j#0

10gP(Ct+j|Ct),

N =

exp (v(ctH)Tv(c,))
> exp(v(0)"v(er))

where p (¢4 lc) =

Where the value T is given as the quantity of codes in the
majority of visits of patients, span of the window is given as w,
the code at given time position t as ct, and v(ct) is the illustra-
tion of vector of the ct code. Basically, Skip-gram endeavours
to expand the product of the representation of vector of prox-
imal ideas that are temporal.

The span of the window and the vector dimensionality
portrayal are the hyperparameters for most part set to 5 and
50-1000, separately. [28] The medical concept vectors are
trained utilizing the experience, drug arrange, method request,
and list of issues, using window estimate 5 value and coming
about dimensionality value of 100. Another work introduced
the application of Skip-gram for medicinal services through an
emphasis on understanding of subsequent restorative idea vec-
tors. [43] This examination, then again, centres on the succes-
sive idea of the longitudinal data of EHR via utilizing RNN for
prior discovery of heart failure.

Table 1 Qualifying ICD-9 codes
for heart failure

Description ICD-9 Code
Heart failure, unspecified 428.9
Acute on chronic combined systolic and diastolic heart failure 428.43
Chronic combined systolic and diastolic heart failure 428.42
Acute combined systolic and diastolic heart failure 428.41
Combined systolic and diastolic heart failure, unspecified 428.4

@ Springer
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Data set description

We utilized the EHR information commencing real-time
datasets identified with congestive heart illness to conduct
experiment. In the principal place, we removed the patient’s
records that had disease of heart failure disease for over
4 years. Records for the most part incorporate diagnostic and
recording events. EHR information on essential consideration
patients were removed from experiences happening between
June 16, 2001, and June 23, 2014. The dataset reported deliv-
ered care in setting of outpatient and incorporated usage of
tobacco, demographics and liquor consumption, clinical test
and lab test values, The standard International Classification
of Disease form 9 codes related by means of experiences,
requests, and recommendations, technique data in (CPT)
Current Procedural Terminology codes and pharmaceutical
solution data in clinical terms. Dataset confined roughly
68,752,005 medicinal codes allotted to the patients. Supplier
notes are not utilized in this proposed work, however rather
might be incorporated into future exertion.

Definitions of cases and controls of patients

The density sampling has been applied with longitudinal ar-
chives of the total population of patients. Vijayakrishnan et al.
[57] depicted that, 46 Cases from the population encountered
the condition for instance beginning of heart failure and from
Gurwitz et al. [58] at the time of HF analysis the patients are at
the age 0f 40-85 years old are belong to Incident cases criteria.
Diagnosis of heart failure (HFD) was functionally character-
ized as trails: (1) for heart failure the Qualifying ICD-9 codes
showed up as symptom for medication order. (Sample of ICD-
9 codes that are qualified is given in the accompanying
Table 1.) (2) At least three clinical experiences using ICD-9
qualifying codes needed to happen within a year, where the
diagnosis date was given to the 3 earliest dates. The time range
among the first and second visit of the heart failure analysis
code were > 12 months, the second appearance date was uti-
lized by way of the most succeeding experience.

The fact upon every patient’s course of events on which
Heart Failure diagnosis were set up was signified as HFD. Up
to ten qualified crucial care details of hospital, matched-age
and sex (in five year ranges) codes were chosen for every
occurrence of heart failure case, resulting a general proportion
of nine controls for each case. Every control remained was
additionally included a record date, which was matched with
the case of HFD time point. Essential consideration patients
were qualified to be controls in the event that they didn’t
encounter the functioning conditions for heart failure analysis
preceding the time of 182 days plus the HFD time point of
their comparing case. The records of 18-month time frame
before the HFDx are extracted comprising a range that could
be divided into two windows named prediction and

observation window. For training models, the medical records
of observation window were utilized as the dataset. Analysis,
medicine, and codes of procedure given to every patient were
ordered temporally. At a single visit, the multiple medications
were indicated as random ordered multiple one-hot vectors.

Model evaluation
Performance comparison of Baseline models

In addition to our proposed long-short term memory (LSTM)
model, we were trained four traditional classification models
such as logistic regression, support vector machine (SVM),
multilayer perceptron (MLP), and K-nearest neighbour
(KNN).

Training strategy

With the dataset created using the records of 18-month time
span prior to the HFD time point, all the developed models
were trained. Iteratively the data is separated into the train,
test, and valid data sets by a proportion of 6:1:1 ratio and the
performance of proposed model is reported with the test data
set by means of the region beneath the ROC curve (AUC). To
calculate the AUC of baseline SVM, the confidence score of
SVM is used since, the value of probability can’t be computed
explicitly. Detailed strategy of training model is given below.

(Fig. 3)

- Training Set

35,539 Patients

Fold 1

Fig. 3 Diagram of 6-fold cross validation
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Input features

In this, we observed the condition of one-hot coded vectors
such as sparseness and high-dimensionality could be dimin-
ished by means of 2 elective methodologies: The conventional
methodology was to utilize regular medical idea groupers.
Analysis codes of ICD-9 could be gathered by means of
(CCS) Clinical Classification Software grouper determination
[59] into the gatherings of 283, pharmaceutical codes might be
assembled using Generic Product Identifier [60] into the gath-
erings of 96, and strategy codes of CPT could be assembled
via CCS grouper strategy [61] into the gatherings of 244 nos.
On the other hand, medicinal idea vectors dependent on the
Skip-gram could be utilized to catch relations between proce-
dures, medications, and diagnoses. Training information for
the two LSTM models with window time and without window
time duration data are built in a similar style for each of the
three kinds of vector input (grouped codes, medical concept
vectors, and one-hot encoding dependent using Skip-gram).

Using theses 3 kinds of input vectors, the other baseline
models such as MLP, Logistic regression, KNN and SVM
were also trained. In the observation window, each dimension
of the collected one-hot input vector denotes the aggregate
number of events for a particular code. Medical concept vec-
tors and grouped code vectors are produced in a similar man-
ner, with the exception of the one-hot vectors. Normalization
of all aggregated three input vectors are done with unit vari-
ance and zero mean.

Evaluation strategy

The developed model’s utility is connected, towards some
extent for application how much data are required and for
future how far an accurate forecast can be done. We directed
experiments to inspect performance of model for prediction
window of varying lengths (i.e., time prior HFD) and the
observation window (i.e., before the start of the prediction
window what is the length of time), where using the already
defined observation window features were extracted (Figs. 4a

Fig. 4 Using the varied length of

Observation window

and b). Note that for every observation window size we
trained separate LSTM models and baseline models with the
goal, by which the models might acquire in ideal features
using the records of patients of various sizes.

Implementation details

The LSTM network, MLP, and logistic regression models are
implemented using Theano 0.7. For training the model Adam
[62] was used, since it was not based on the setting of the
learning rate strongly. Using the Python Scikit-Learn version
0.16.1 the techniques KNN and SVM were implemented. To
train all models a machine with Ubuntu Xeon E5-2697, mem-
ory of 1 TB, and NVIDIA K80 Tesla also used. Hyper param-
eters required for training every model were defined in the
following Table 2.

Experiment results and discussion
Data processing

From arbitrary samples of 365,446 patients, incident 4289
cases of heart failure and 30,249 patients controls was recog-
nized. The normal clinical codes number given out to every
patient were around 82, and from that 19,192 are distinctive
clinical codes (6950 determination, 6997 drug, and 4484 tech-
nique codes) altogether. The complete example of 365,446
were utilized for medical idea vectors training, and heart fail-
ure occurrence cases and the patient’s controls was utilized for
remaining all models training and evaluations of task.

Execution performance of diagnosis of HF prediction
models

In Fig. 5, for all models the average values of AUC of 6-fold
cross-validation are shown. In which with the dataset gener-
ated with time span of 12-month observation window all
LSTM models and baseline models are trained and tested

Prediction window

(a)

the both observation window and
prediction window two 3 ~ 12 months 6 months
experiments were conducted. In \ Time
a, the 6 months fixed observation \ I
and prediction window of varied R o . .
length. In b, the 9 months fixed Records used for HFprediction HF diagnosis date
observation window length the . = ) s r )
observation length was fixed and (b) Observation window Prediction window
the prediction window of varied [ 10 months V 9 . 10 siGHTHS \
length : = =
“ ‘\ Time

Records used for HF prediction
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Table 2  Hyper-parameter settings for training the models

Model

Hyper-Parameter

KNN, One-hot vectors

KNN, Grouped code vectors & Medical concept vectors

Logistic Regression, One-hot vectors

Logistic Regression, Grouped code vectors & Medical concept vectors
SVM, One-hot vectors

SVM, Grouped code vectors & Medical concept vectors

MLP, One-hot vectors

MLP, Grouped code vectors & Medical concept vectors

All LSTM models

Number of neighbors: 15

Number of neighbors: 100

Bridgeout: 0.1, Max epoch: 100

Bridgeout: 0.01, Max epoch: 100

Bridgeout: 0.000001, Dual: False

Bridgeout: 0.001, Dual: False

Bridgeout: 0.01, Hidden layer size: 15, Max epoch: 100
Bridgeout: 0.001, Hidden layer size: 100, Max epoch: 100
Bridgeout: 0.001, Hidden layer size: 100, Max epoch: 100

separately. The colours used in Fig. 5 indicate to various error
bars specify values of standard deviation got from the cross
validation and the values of training input vectors. As shown
in Fig. 5, LSTM models outperformed well when compared to
other models.

The LSTM model show results in Fig. 5 characterize to
cutting edge execution performance in prediction attained by
implementing deep learning techniques to find complex asso-
ciations inside EHR data. When compared to all the assessed
models, the better execution was accomplished with LSTM
that utilized time stamped information and trained using med-
ical concept vectors. LSTM models additionally consistently
performed well with conventional machine learning models
which depend on total set of features and they are trained
using grouped code vectors and one-hot vectors (Fig. 5).

Nonetheless, the trained benchmark models by means
of medical concept vectors demonstrated practically
identical execution performance with the trained LSTM
models using one-hot vectors. The outcome proposes a

medical concept vectors potential advantage, or, in other
words when decent domain ontology is missing.
Strangely, the performance execution improvement for
LSTM models accomplished by utilizing interval data
was uncertain. This might be because of the unpredict-
able visits of patients’ pattern to hospital. In spite of the
fact that applying logarithm transformation enhanced the
execution slightly, the inborn inconsistency of the pat-
tern visit appears to create it troublesome for the LSTM
to study interval features that are predictive.

As presented in the Fig. 6, the observation window size is
increased to 18 months of full history of the patient and size
zero of prediction window. For this new window size, all
models were tested and trained once again. The LSTM model
outperformed consistently when compare to the other all
methods, with 0.894 AUC. As compared to the trained models
using one-hot vectors and trained models via means of
grouped code vectors, the trained models by medical concept
vectors were performed well significantly.

Fig. 5 The performance . .
. . M One- Hot Encoding M Grouped Code Vectors Medical Concept Vectors
comparison of baseline and
LSTM models for prediction of 1.100
Heart failure. Using observation
window of 12-months and 1.000
prediction window of 6-months
the dataset created and the trained 0.900 -
- n
and tested results of all models are < - N 58 28R
. %) ~ N &m - 2 n R LR g ~R o
given S 0.800 o o R <+ S o g3 5 s S
< s R Ro©° Roo ~ o
< © S S °
o
0.700 = —
o
o
0.600 - —
0.500 - T T
KNN Logistic SVM MLP LSTM w/o LSTM w/
Regression Duration Duration
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Fig. 6 The performance
comparison of baseline and

H One- Hot Encoding B Grouped Code Vectors  m Medical Concept Vectors

0.857
0:863
0.877
0.881
0.875
0.886
0.894

0.819
0.832

0.825
0.837

LSTM models for prediction of 1.100
Heart failure. Using observation
window of 18-months and 1.000
prediction window of 0-month
the dataset created and all models 0.900
were trained and tested

9]

3 0.800

0.700

0.600

0.500
KNN

Logistic SVM MLP LSTM W/O LSTM W/
Regression Duration Duration

Prediction power and observation/prediction length

The following Tables 3 and 4 demonstrate the AUCs cross-
validation values coming after experiments depicted in the
Fig. 4a and b. Both the tables demonstrate the model LSTM
performed well with other traditional models in all prediction
and observation sizes of window.

From Table 3, we understand the model LSTM performs
well when compared to other standard models irrespective of
the measure of observation window. It appears that long period
value of the observation window, the all models performed
more effectively. The LSTM model delivered the peak AUC
value when the prediction windows were diminished to size of
zero, and entire data was utilized on behalf of the observation

Table 3 AUC values of all

models by varying the length of Observation KNN Logistic SVM MLP LSTMw/duration
observation window Window (months) Regression
3 0.7038 0.7210 0.7192 0.7312 0.7596
4 0.7084 0.7272 0.7256 0.7427 0.7617
5 0.7154 0.7314 0.7297 0.7455 0.7669
6 0.7165 0.7344 0.7327 0.7486 0.7722
7 0.7175 0.7388 0.7353 0.7530 0.7749
8 0.7213 0.7422 0.7398 0.7587 0.7823
9 0.7234 0.7441 0.7420 0.7603 0.7856
10 0.7261 0.7481 0.7434 0.7631 0.7902
11 0.7292 0.7522 0.7432 0.7679 0.7943
12 0.7319 0.7539 0.7489 0.7719 0.7969
Table 4 AUC values of all
models by varying the length of Prediction KNN Logistic SVM MLP LST™M
prediction window of 3-9 months Window (months) Regression w/ duration
3 0.7373 0.7501 0.7479 0.7650 0.7916
4 0.7313 0.7473 0.7459 0.7632 0.7886
5 0.7302 0.7458 0.7434 0.7620 0.7845
6 0.7284 0.7441 0.7420 0.7603 0.7821
7 0.7269 0.7426 0.7405 0.7587 0.7785
8 0.7247 0.7396 0.7376 0.7569 0.7759
9 0.7206 0.7364 0.7354 0.7528 0.7738
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Table 5 For a single patient the

Prediction times of all models Performance Metric KNN Logistic Regression SVM MLP LSTM

Prediction Time (seconds) 36.66 0.000002 0.000034 0.000259 0.024750

window. Although this outcome is fascinating in the methodo-
logical viewpoint, such a show has constrained clinical effec-
tiveness since it doesn’t forecast the heart failure prior to doctor.

We could realise using Table 4, all the models implemented
are performed somewhat better while predicting cases of heart
failure that are near-future. However, the size of prediction win-
dow was not appearing to influence the model performance pre-
diction as compared to the size of observation window. It recom-
mends access to interval time of history of patient is essential for
accurate heart failure prediction, maybe since symptoms of inci-
dent sickness apparent over a period of time frame.

Prediction time

The values in Table 5 demonstrate the time necessary for
single patient to create a prediction for every model. The
trained models by means of medical concept vectors are used
in this table. From the 6-folds cross-validation using only the
CPU on the test data sets the time took to make predictions
was computed using the other models averaging times.

Aside after KNN that needs computation of distance among
all other points of data focuses on time of prediction LSTM,
actuality a consecutive model, needs the lengthiest prediction
time for a single patient, as can be realized in Table 5. In any
case, it is as yet ready to calculate the risk of HF in 200 s for one
million patients utilizing 100 CPUs, so price would not repre-
sent an issue for real-time medical application.

Scalability of our approach
The Fig. 7 delineates the time taken for training of two diverse

LSTM models on behalf of fluctuating patient’s count, with
most extreme gradient decent value of epoch set to 10.

The LSTM model utilizing one-hot vectors showed a high
linear relationship among the number of patients and training
time, as appeared in Fig. 7. Then again, the LSTM model by
medical concept vectors demonstrated increment in linear
fashion. We ascribe this to two reasons. The main reason is,
medical concept vectors are with dimensions of fixed size,
when compared to one-hot vectors in which size of dimension
increases if fresh patients’ data are included with training data
set. Meanwhile new coming patients may require new proce-
dure, medication and diagnoses codes. Second reason is, one-
hot vectors were basically with high dimension, and in this
manner consumes a lot of VRAM, that prompts to repeated
collection of garbage. In spite of the fact that the one-hot
vectors training time of the LSTM models carries on close
linear relationship after the patients count reached 20,000, it
is as yet negative with medical concept vector scenario.
Hence, we suggest usage of medical concept vector for
LSTM model training, as it improves together the perfor-
mance of model and training time is reduced significantly.

The LSTM model that incorporated temporal relations
that are trained using medical concept vectors gave the bet-
ter performance when compared to all models using real-
time situation, notwithstanding, the execution with LSTM
model might be distinctive relying upon the idea of the real
cohort. In spite of the fact that current work concentrated on
heart failure, our proposed methodology is common and
might be connected to an extensive cluster of health — con-
nected prediction issues. Further, to encode medicinal data
we used the medical concept vectors that were appeared to
commonly enhance the execution of together deep learning
and traditional models and might has usefulness in various
health care related applications anywhere rich data should
be represented concisely.

Fig. 7 Number of Patients vs.
Training Time (sec)

One-Hot Encoding (w/duration)

=== Medical Concept Vactors w/fine-tuning (w/duration)
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Conclusion and future work

We have been proposed a novel LSTM basis predictive model
framework to early diagnosis of heart failure by using the
methods of deep learning. In predicting HF diagnosis,
LSTM models (with and without window duration) showed
a superior performance when compared to common methods
as like KNN, logistic regression, SVM and MLP. By examin-
ing the outcomes, we have defined about the significance of
the concerning the sequential nature of medical records. The
future works would be comprised about the integrating all the
expert knowledge’s into my proposed model as well as esca-
lating my methodology to other application of health care
domains. It will be focused on calculating performance model
for diseases prediction windows after 10 months, which may
be producing good models for medical inference with better
performance, and with added features of hi-level as well as
better medical ontologies. Alternative future enhancement
will have to be considering using distinct models for HF pre-
dictions to the various groups of diseases, such as diabetes and
hypertension, which could be possibly can be added discrim-
inative as part of the cohort is used to discover inter-relations
among the diseases. Before, start developing distinct RNN
models for every disease group, we should ensure an adequate
size of sample is obtainable. Another possible research direc-
tion, the visualization of RNN models using temporal dynam-
ics, in which presently limited work has been attempted. [63]
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