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Abstract  
Clinical decision making using machine learning 

algorithms, is a complicated task as it requires more 

accurate results in less time. Since the available 

amount of data is sparse and heterogeneous the design 

of such decision making systems requires relevant and 

the most suitable machine learning algorithm. In 

proposed research work we utilized the enormous 

capabilities of Recurrent Neural Network (RNN) 

which are proven to be very successful in predicting 

patients health related event/condition that may occur 

in future. The prime focus of proposed research work 

is to predict the disease which can occur with the help 

of selected features. We have considered and analysed 

two approaches RNN with LSTM and RNN with 

RELU for their effectiveness and practical adequacy 

particularly on the healthcare datasets. Proposed 

research work gives a conclusion that the performance 

of the above machine learning techniques will depend 

on the number of features selected and the way in 

which datasets are analysed with more precision on the 

health care dataset. Accuracy and speed of algorithm 

is considered as important performance parameter for 

this proposed work. RNN with RELU are producing 

promising results for making clinical decisions by 

predicting patient’s future condition using current 

features of patient’s dataset.  
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Introduction 

The basis of decisions by doctors in clinical working 

environment or while treating patients are mostly 

based on the past record of patients health and medical 

knowledge they have. But now in the era of 

digitization vast amount of medical knowledge and 

information hide inside the medical records inside the 

hospital, genomic databases and scientific 

publications. As the recent trend is towards 

digitization the information in these records are 

rapidly growing day by day. Due to this human experts 

are getting deluged from this huge amount of 

information. Healthcare is in the middle of this huge 

amount of “Data” explosion. That’s why Machine 

Learning is gaining attention in the healthcare domain 

from past few years. Machine learning take advantage 

of this information contained in these vast data sources 

to predict the most likely future events that may occur. 

These predictions helps physician in their decision 

making process while treating to their patients, which 

may lead to the better results. 

A class of algorithms that can model very complex 

relationships are Neural Networks, which have proven 

to be very successful in other areas of Machine 

Learning [3]. Particularly, there is notable similarity 

among the prediction of clinical events and the field of 

Language Modelling, where Deep Learning, a class of 

Neural Networks with multiple hidden layers, has also 

proven to be very successful. One could imagine that 

each word of a text represents an event. Therefore a 

text would be a stream of events and the task of 

Language Modelling would be to predict the next 

event in the stream [1]. However, the clinical area has 

a set of unique features that make it an almost different 

scenario: more than one events can occur at a time, 

there are multiple patients, each sequence has an 

associated set of fixed information like patient name, 

age, gender, blood group, etc. Because of this we need 

to develop new model especially for the medical 

dataset. 

In our proposed research work we have used MIMIC 

dataset designed by the MIT Lab for Computational 

Physiology, comprising de identified health data 

associated with ~40,000 critical care patients. It 

includes demographics, vital signs, microbiological 

events, laboratory tests, medications, and more [15]. 

In order to fulfil the prediction task for various 

diseases, we make use Recurrent Neural Networks 

(RNNs). The main benefit of RNNs are their ability to 

predict the next event in time 𝑡 + 1, also they have 

capability of combining fixed and variable 

information of patient. This is very essential for 

medical applications, since most of the clinical data 

sets provide some of the fixed information about the 

patients’ name, age, gender, blood group, disease, etc. 

getting it combine with variable information like 

demographics, vital signs, laboratory tests, 

medications, etc. that is registered during the several 

visits of patient to the clinic. Related to the methods of 
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predicting clinical events, Esteban et al. [4] uses 

Feedforward Neural Network for building Temporal 

Latent Embedding model. This model predicts next 

observing events by taking previous recorded event as 

input. The main aim of this model is to predict various 

microbiological events and medicine prescriptions 

require by each patient during their next visit. 

The Temporal Latent Embedding model is just like an 

n order Markov model, and it need to be clearly 

specify the number of past events considered to predict 

the next event. In some cases, this can be beneficial as 

this type of mechanisms improves the performance of 

Neural Networks [5][6]. This model takes the previous 

n samples as input and therefore it provides benefit 

over RNNs for data sets where the events that we want 

to predict are dependent just on the n previous events. 

But problem arises while maintaining long term 

dependencies for which we have to accumulate whole 

patient history into single vector by calculating the 

mean of every microbiological event and because of 

this many of the long term dependencies get disappear 

in this step. 
Choi et al. [7] make use of an RNN along with Gated 
Recurrent Units (GRUs) and with skip-gram vectors 
[8] in order to predict patients’ diagnosis, medication 
and various procedural events. However in this work 
they provide sequential information as input to RNN 
and patients’ static information was not included into 
the Neural Network. But medical data will always 
contain both fix and variable information, and 
therefore it is necessary to develop algorithms that can 
integrate and utilize both types of data. The 
complexity and execution time of this model is high as 
GRU requires extra gating mechanism. 

Apart from medical domain, there are different other 

domain where RNNs have been successfully applied 

to sequential data sets in order to predict future 

events. RNNs are commonly used in Natural 

Language Processing to predict the upcoming word 

in a string or even full sentences [9] [10]. However 

none of the above mentioned models make use RELU 

for both sequential and static information, which are 

the special characteristics of sequences in clinical 

data. 

 

Materials and Methods: 

Proposed Approach  
Proposed research work consist of RNN with RELU 

algorithm in order predict the patient future events as 

RNN are very successful in predicting future event and 

RELU solves the long term dependencies problem or 

gradient descent problem with an ease. Our prime 

focus is on to predict the future events like which type 

of diseases may occur in patients lifespan during 

patient’s stay in the ICU or after patient had made 

several visits to the hospital. By aggregating patient’s 

history and current status our proposed model do the 

job of disease prediction. Schematic representation of 

our proposed work is given in figure 1. 

The main challenge for proposed model is to make 

proper prediction for a specific symptoms. Thus we 

have to find the input-output function that takes the 

input variables x (feature vector) and returns the 

prediction value y (diseases).  Given a concrete target 

function which isℎ𝜃(𝑥), this function can be used to 

make a prediction for each feature vector x(See table 

1). 

In order to learn, proposed model take modified form 

of RNN (See figure 4) with RELU algorithm and 
training data with labels as the input and learn to map 

them to our target function which is the set of diseases 
(See table 1). After this the model is get evaluated with 

the help of test and validation data with labels and best 

result among them is selected also model get updated 
accordingly. Now proposed model and unlabelled 

(Unseen) data are feed to the prediction phase to make 

prediction for particular disease. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 1: Proposed Approach 

Clinical Event Prediction Using RNN  
RNNs are a type of Artificial Neural Network (ANN) 

designed to recognize patterns in sequences of data, 

such as text genomes, handwriting, speech, or 

numerical time series data emerge from various data 

sets like sensors, stock market, government agencies 

etc. In RNN we have new information along with the 

output from the previous time stamp both of this 

information get feed as input to the RNN and new 

output get generated. Similarly the new output 

information along with new information feed to the 

RNN as input to get the new prediction, this process 

keeps on repeating. In such a way, RNNs can learn 

from the past events and remember those events for 

further computation which are appropriate for 

predicting future outcomes. The architecture of an 

RNN is shown in figure 2. 
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Figure 2: Unfolded Structure of RNN 

Feedforward Neural Networks require particular time 

span for specification of prediction, whereas RNNs 

have enormous memory which learn to remember 

series of events occur during the patients’ life span to 

predict future event, this is the main advantage of RNN 

over Feedforward Neural Networks. This 

characteristic of RNN is very important when we are 

dealing with long term dependencies of clinical data 

sets. Also Feedforward Neural Network require series 

of previous visit data so it can start prediction of future 

event after gathering multiple data about patient, 

whereas RNN can start predicting future event for new 

patient immediately after patients’ first visit. It is very 

useful to predict future events using variable amount 

of previous time stamps. So, the output of RNN can be 

given as: 

 

𝑦𝑡 = 𝑔𝑦(𝑤𝑦. ℎ𝑡 + 𝑏𝑦)          (1) 

 

Where 𝑤𝑦is a weight matrix including parameters of 

the model, ℎ𝑡is a vector denoting the hidden state of 

the Recurrent Neural Network, 𝑏𝑦denotes the bias in 

the network, 𝑔𝑦is some differentiable function that is 

applied to each element in sequence and𝑦𝑡is an output 

vector denotes the predicted output. So for the 

sequence of input vectors 𝑥 = (𝑥1, 𝑥2, … , 𝑥𝑡), then 

the hidden state of an RNN is calculated as follows: 

ℎ𝑡 = 𝑔ℎ(ℎ𝑡−1,  𝑥𝑡 )    (2) 

The hidden state in RNNs is updated as: 

ℎ𝑡 = 𝑔ℎ(𝑤𝑖. 𝑥𝑡 + 𝑤𝑅 . ℎ𝑡−1 + 𝑏ℎ)   (3) 

Where 𝑤𝑖  and 𝑤𝑅both are weight matrices containing 

the model parameters. In order to calculate the hidden 
state at time t, we have to linearly combine the hidden 

state of the previous time stamp ℎ𝑡−1along with the 

current input 𝑥𝑡. In this way RNN learn to memorise 

particular events occurred in the past by inserting them 
in the hidden state. As we discuss above, one of the 

main advantage of using RNN is to catch long-term 

dependencies. As it is very important to memorize the 
patients’ history which is very essential for medical 

applications where past events occurred in patients’ 

life span can be utilise to make prediction about the 
future events that will be observed in next visit. 

However, according to Bengio et al. [11], 

unfortunately it is not possible for standard RNNs to 

capture long-term dependencies. Pascanu et al. 

recently published a complete study on this [12]. It has 

been empirically checked that standard RNNs cannot 

remember events that occurred around 5-10 time steps 

into the past, this is due to vanishing gradient problem. 

The meaning of vanishing gradient problem is that, as 

we compute the error in the network, the gradient 

which is rate of change of error with respect to the 

variable weights of the network will become 

negligible, as we go deep inside the network. This is 

because for every time step into the past, we multiply 

the gradient of the error by learning rate and get the 

change of weight matrix having negligible weights. 

The maximum value given by derivative of the 

sigmoid activation function is 0.25. So gradient get 

multiplied by negligible value several times and after 

sometimes it becomes 0. 

Rectified Linear Unit 

RELU function is linear in positive axis and therefore 

it resembles as the problem of linear function. RELU 

is nonlinear function and its combinations are also 

nonlinear i.e. we can approximate almost any function 

with combination of RELU as it is a good 

approximator, this means we can form layers. Also it 

can blow up the activation as the range of RELU is (0, 

max) and it is not bound to any limitations. RELU 

function gives an output x for all positive x and 0 for 

other values. RELU function is given as: 

𝑓(𝑥) = max (0, 𝑥)   (4) 

In complex neural network with a large number of 

neurons. If we use a sigmoid or tanh activation 

function then all neurons will be mechanised to 

describe the output of a network. This will make 

activation compact and more costly. As in ideal case 

we require less number of neurons in the neural 

network to not activate in order to make the activations 

more effective.  
 
 
 
 
 
 
 
 

 

Figure 3: Graphical representation of RELU 

Activation Function 
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RELU provide this advantage, suppose if a network is 

initialized with random weights then almost half of the 

network provide 0 activation because RELU provide 

output 0 for negative values of x. Due to this 

characteristic of RELU less number of neuron get 

activated and thus the complexity of network get 

reduced. RELU uses simpler mathematical operations 

which make them less expensive than tanh and 

sigmoid which is benefit while designing RNNs. 

As shown in Figure 1, it subsist of an input layer, a 

hidden layer having recurrent connections and an 

output layer.  

For an input sequence 𝑋 = (𝑥0, 𝑥1, … , 𝑥𝑡), it will take 

𝑥𝑡as the input and produces the prediction 𝑦𝑡  as the 

output sequence 𝑍 = (𝑧0, 𝑧1, … , 𝑧𝑡), where 𝑧𝑡 are the 

labelled output. In the middle of the input layer and the 

output layer resides the hidden layer which memorises 

the previous values of the input sequence. So, the 

standard RNN takes 𝑋as input and generates an 

estimate Y of the output Zby repeating the following 

equations: 

𝑠𝑡 = 𝑤𝑖. 𝑥𝑡 + 𝑤𝑅 . ℎ𝑡−1 + 𝑏ℎ   (5) 

ℎ𝑡 = 𝑓(𝑠𝑡)    (6) 

𝑜𝑡 = 𝑤𝑦. ℎ𝑡 + 𝑏𝑦   (7) 

𝑦𝑡 = 𝑔(𝑜𝑡)                        (8) 

where , and are the weight matrices for input, hidden 

and output layer respectively also ℎ and are the biases 

for hidden and output layer respectively, and are 

inputs to the hidden layer and the output layer 

respectively and f is the RELU function and g is 

softmax function. 

As suggested in the special case of RNN model 

proposed by (Quoc et al., 2015) the nonlinearity 

RELU function f and the hidden layer weights are 

initialized to identity matrix and the bias terms are set 

to zero. Since it allow RNN to overcome some of the 

long term dependencies problems such as gradient 

descent [2]. This heuristic approach of weight 

initialization and the selection of nonlinear RELU is 

very important for training RNNs. 

Method for combining fix and variable information 

with RNNs  
 
 
 
 
 
 
 
 
 

Figure 4. Modified Structure of Recurrent 

Neural Network with Fixed Information. 

 

As most of the healthcare dataset such as Electronic 

Health Records (EHRs), MIMIC III etc., consist of 

constant or fix information (e.g. name, age, blood 

group, gender, etc.) along with some variable or 

frequently changing information (i.e. data recorded 

during each patient visit to the clinic). Therefore, there 

is need to modify the standard RNN structure to 

include Both above mentioned information of the 

patients, such as gender, blood group, cause of the 

particular disease, various microbiological events etc. 

The modified architecture is depicted in Figure 3. So, 

we make use of separate Feedforward Neural Network 

to process the fix information of the patient and to 

process variable information we use an RNN. After 

this we calculate hidden states for both of these 

networks separately and then we combine the hidden 

states of both networks and process this information to 

the output layer For providing input to our network we 

adopt the same mechanism as in Natural Language 

Processing [13] [10] (i.e. we process the input to our 

network with the latent representation of the inputs). 

We apply linear transformation on the initial input 

sequence to calculate the latent representation of the 

input sequence as: 

 

�̃�𝑖
𝑒 = A�̃�𝑖                                          (9) 

𝑥𝑡,𝑖
𝑒 = 𝐵𝑥𝑡,𝑖     (10) 

 

Where 𝑥�̃� is a vector representing the fix information 

for ith patient and �̃�𝑖
𝑒 is its latent representation, and 𝑥𝑡,𝑖 

represents a vector containing the information 

recorded during each visit made by ith patient at time t, 

where 𝑥𝑡,𝑖
𝑒  is its latent representation. 

 

Then by using Feedforward Neural Network function 

𝑓 we calculate the hidden state of the fix part of the 

network as: 

 

ℎ�̃� = 𝑓(�̃�𝑖
𝑒)                                      (11) 

 

Now we have to calculate the hidden state for RNN as: 

 

ℎ𝑡,𝑖 = 𝑓(𝑥𝑡,𝑖
𝑒 , ℎ𝑡−1,𝑖)                      (12) 

 

Where f can be any of the update function explained 

above (RELU). Finally, we combine hidden states of 

both the networks to predict our final target as: 

 

�̂�𝑡,𝑖 = 𝑔(ℎ̃𝑖, ℎ̃𝑡,𝑖)                             (13) 

 

Now, in final step function g is calculated as: 

 

𝑔 = 𝜎 (𝑤𝑦(ℎ̃𝑖, ℎ̃𝑡,𝑖) + 𝑏)             (14) 
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Our cost function is based on the Bernoulli likelihood 

function, which is given as: 

𝑐𝑜𝑠𝑡(𝑎𝑙𝑙 𝑤𝑒𝑖𝑔ℎ𝑡 𝑚𝑎𝑡𝑟𝑖𝑐)

= ∑ −𝑦𝑡 ,𝑖

𝑡 ,𝑖 ∈ 𝑇

log(�̂�𝑡,𝑖)

− (1 − 𝑦𝑡 ,𝑖) log(1 − �̂�𝑡,𝑖) 

                                                                          (15) 

Where T represents the training data set, 𝑦𝑡 ,𝑖 

represents the target data and  �̂�𝑡,𝑖 represents the 

predicted data. 

 

Data Pre-processing and Experimental Setup  
For this study we make use of MIMIC III dataset 
designed by the MIT Lab for Computational 

Physiology, comprising de identified health data 

associated with ~40,000 critical care patients. It 
includes demographics, vital signs, microbiological 

events, laboratory tests, medications, and 

more. The data statistics are shown in table 1 and table 
2 respectively. For the purpose of cleaning the dataset 

we have implemented the scaling and transformation 
on the dataset. We scale each data from 0.0 to 1.0 

range. After performing cleaning of the data the 

experiment is performed on 3336 patients, which 
made 1,78,339 visits to the clinic. For which the target 

matrix density is 8.4%, and the percentage of patients’ 

experience at the minimum one target is 
 

Static 

Variables 

Gender, Age, ICU, Admission Type, 

Blood group 

Vitals 

and Labs 

Anion gap, Bicarbonate, blood pH, 

Blood urea   nitrogen,   Chloride, 

Creatinine, Diastolic blood pressure, 

Fraction inspired oxygen, 

Glascowcoma  scale  total,  Glucose,  

Heart rate, Haematocrit, 

Haemoglobin, Lactate, Magnesium, 

Mean blood pressure, Oxygen 

saturation, Partial thromboplastin 

time, Phosphate, Platelets, Potassium, 

Respiratory rate, Sodium, Systolic 

blood pressure, Temperature, Weight, 

White blood cell count, Red blood cell 

count 

Target 

variables 

Paired helical filament 

(phf),endometrial, bile, basal cell, 

mouth, spy, normal, colon disease, 

melanoma, colorectal, nondiabetic, 

diabetic, carcinoma, breast,  lung, 

pancreatic ,leukaemia, bone, cervical 

,kidney, anal, bladder, brain, eye. 

 

Table 1: Features and Labels 

In our dataset target event is binary data and various 

microbiological events (i.e. tests) are real numbers. 

Since not every possible laboratory tests are carried 

out during every patient visits for this purpose if a 

certain are absent or not done, then we set all 

correlated events to 0. This improves the performance 

provided by the disquisition of the inputs. [1] 

We split the data randomly into three subsets: 60% 

data for the training set, 20% for the validation set and 

another 20% for the test set. With this composition, we 

check the performance of the model, whether it can 

predict the future events that model has never seen 

before to make our model more generalized, and this 

increases the difficulty level of the prediction task. 
 

Results and Discussion 

We have split the data into different groups in order 

to perform experiments repeated number of times. 

We have repeated it five number of times and we 

observe slight changes over the arrangement of our 

model. However, the most persisting experimental 

arrangement consist of 110 hidden units, a rank size 

of 60, a dropout rate of 0.1, a learning rate of 0.1 and 

we have make use of same algorithm used by [1] 

which is Adagrad optimization algorithm. 

Elements Total 

Patients 34,148 

Notes 703,877 

Elective Admission 5,694 

Urgent Admission 934 

Emergency Admission 27,520 

Mean Age 63.9 

CCU (coronary care unit) 5,149 

CSRU (cardiac surgery recovery) 7,033 

MICU (medical ICU) 12,074 

SICU (surgical ICU) 5,458 

TSICU (trauma SICU) 4,434 

Female 14,842 

Male 19,306 

ICU Mortalities 2,180 

In-hospital Mortalities 3,211 

Ventilator Usage 13,828 

Table 2: MIMIC III Data Statistics 

 

Table 3 shows the results predicted by RNN with 

LSTM and RNN with RELU models respectively. 

We can observe that our model outperform the other 

model both in terms of accuracy and time scores. The 

model RNN with RELU performs best with accuracy 

of 87.50% and time required is 6.777 ms. 
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 Model Accuracy 

Time 

(milliseconds) 

1 LSTM 82.01% 14.547 ms 
2 RNN with RELU 87.50% 6.777 ms 

 

Table 3: Model Comparison on the basis of 

Accuracy and Time 

Conclusion 

We developed and compared two algorithms based 

on RNNs that are efficient for clinical dataset, in 

order to predict various diseases which can occur 

during lifespan of patient. This will provide 

physicians an insight about patient’s next state earlier 

and will backing them for better decision making. We 

found that an RNN with RELU along with a 

Feedforward Neural Network gives the best result for 

this task. We also compared our model with RNN 

composed of LSTM and found that our proposed 

model outperform these recurrent model on the basis 

of accuracy and time requirement. 
 
 
 
 
 
 
 

 
 
 

Figure 5. Total Accuracy Obtained 

 

 

 

 

 

 

 

 

 

 

Figure 6. Total Time Required 

 

 

 

 

 

 

 

 

 

 

 

Figure 7. Detailed Accuracy by Class 
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