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 Unusual beliefs, emotions and actions are characterized as psychological disorders 

 Intelligent disease prediction system helps to diagnose psychological disorders timely 

 Clinically driven results and findings are an integral part of electronic health records 

 Proposed hybrid Hopfield recurrent neural network approach gives improved results 
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Abstract 

Machine learning based approaches for automatic disease prediction is a novel research area in healthcare 

informatics. Electronic Health Records in medical settings improves early-stage illness diagnosis. However, when 

standard rule-based approaches, like doctor’s prescription or laboratory test reports are employed for disease 

diagnosis, the advantages of EHRs are not accomplished adequately. As a result, there is a requirement of 

technology based solution which helps in prediction of psychological diseases in a more efficient way. The proposed 

research work offers a hybrid Hopfield recurrent neural network (H2RN2) approach to predict psychological 

diseases by using amorphous clinical EHRs taken from Kaggle database. The proposed model automatically learns 

inherent semantic characteristics from available clinical data items. It uses fivefold cross validation technique within 

a recurrent neural network which detracts over fitting of the model. In addition to effective learning during training 

of the model, the hybrid approach also helps in accurate prediction of the disease with improved accuracy. The 

proposed model is assessed using three measuring parameters, accuracy, recall and F1-score and yields an accuracy 

of 97.53% in experimental evaluation, which is superior to several existing approaches for psychological disease 

prediction. The results demonstrate that the proposed model outperforms several other techniques in predicting the 

risk of psychiatric disorders. In future, the similar approach may be employed to predict gender-based psychological 

diseases or to anticipate the risk of various physiological diseases. 

 

Keywords:  Psychological Disorders, Intelligent Systems, Natural Language Processing, Decision Support System, 

Hopfield Network, Recurrent Neural Network 

 

1. Introduction 

World Health Organization's recent reports on psychological diseases state that these disorders 

affect over 0.3 billion people globally. This number is continuously rising particularly among the 

elderly. Psychological disorders, often known as psychotic disorders or mental disorders, are a 

spectrum of behavioral or psychological symptoms that affect many aspects of one's life (Rejaibi 

et al., 2019). The individual who is undergoing these symptoms is distressed by such illnesses. 

Intelligent disease prediction provides a number of advantages, including early disease detection, 

mitigating hazards, and reduced death. Many prior studies in illness prediction have relied on 

principle approaches, which need explicit feature engineering for diagnosis. Some researchers, 

on the other hand, employed a biological intelligence method that did not need human feature 

engineering (Cummins et al., 2020). Nowadays, artificial intelligence enabled techniques learn 

characteristics from medical records autonomously and produce superior outcomes for various 

illness prediction tasks. The Diagnostic and Statistical Manual (DSM) of psychological illnesses 

identifies important types of psychological disorders. These are broadly classified into 15 

different types, wherein each type has its own categories of mental disorders. The following is a 

brief explanation of each of these disorders (Vázquez-Romero & Gallardo-Antolín, 2020): 

Neurodevelopmental diseases, mainly diagnosed in adolescent age, include Intellectual 

Disability, communication disability and autism spectrum disability. Mood swings as well as 

variations in activity levels of individuals are all symptoms of bipolar disease. It includes mania 

and depressive episodes. Severe and continuous fear, concern, anxiousness, and accompanying 

behavioral problems are all symptoms of anxiety disease. It includes social anxieties, panic 

attacks and separation anxieties (Usama et al., 2020). Stress related psychological diseases 
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include acute stress and post traumatic disabilities which causes trauma (Greenberg et al., 2021). 

Dissociative diseases are psychiatric conditions in which certain parts of consciousness, such as 

individuality and memories, are dissociated or interrupted. It generally includes de-

personalization and de-realization (Scherer et al., 2016). Somatic symptoms are a group of 

psychiatric diseases marked by substantial physical symptoms which might or might not be 

caused by a medically diagnosed health state. It mainly comprises illness anxieties 

(Pampouchidou et al., 2019). 

Obsessive weight worries and disordered eating practices that have a detrimental impact on 

health and wellbeing comes under eating disorders (L. S. A. Low et al., 2011). Sleep disorders 

are characterized by disruptions in sleeping habits that cause suffering and have an impact on 

everyday functioning. It includes narcolepsy, insomnia disability, breathing related problems and 

restless legs symptoms (Tas et al., 2015). Disruptive syndromes are characterized by an inability 

to govern one's emotions and activities, which can lead to injury to self or any others. It includes 

kleptomania, Conduct and oppositional defiant disabilities (M. Chen, Zhang, et al., 2018). The 

prevalence of sad, empty, or irritated moods, as well as neurocognitive symptoms, characterizes 

depression or mood related abnormalities. It includes dysthymia, major depressive disorder and 

premenstrual dysphoric problems (Jin et al., 2019). Use and the misuse of different drugs such as 

cocaine, amphetamine, opioids, and liquor are all examples of substantial psychiatric disorders. It 

includes the consumption of alcohol, tobacco etc. Gambling also comes under this category of 

psychological diseases (M. Chen, Yang, et al., 2018). Persistent deficiencies in cognitive 

function characterize neurocognitive disabilities. It does not include such cases in which poor 

intellect was present at birth or even in the early stages of childhood (M. Chen et al., 2017). 

Schizophrenia is a long duration psychiatric condition that impairs a person's thoughts, feelings, 

and actions. It is characterized by delusions, speech difficulties and hallucinations (H. T. Zheng 

et al., 2017). Obsessions, compulsions, or both are expected in Obsessive Compulsive Disorders. 

Obsessions are distressing or anxiety-inducing thoughts, impulses, and cravings that occur on a 

regular basis (Du et al., 2019). Compulsions are compulsive actions that a person feels 

compelled to engage in on a regular basis (R. Chen et al., 2015). Identity related conditions are 

associated by a recurring pattern of dysfunctional ideas, moods, and behaviors that might 

damage one's connections with other facets of life. It mainly includes different types of antisocial 

or dependent personalities (Shi et al., 2016). The proposed model in this research paper helps to 

predict three major psychological diseases namely obsessive compulsive disorder (OCD), bipolar 

disorder (BPD) and schizophrenia. 

There are few traditional methods which are used to identify many psychological diseases. The 

Patient Health Questionnaire (PHQ) is one of the most frequently used methods for diagnosing 

mental disorders especially depression. It offers a questionnaire consisting of nine questions 

which patients have to answer as per their understanding (Bachmann, 2018). The depressive 

seriousness level is described by the PHQ score, which runs from 0 to 27. The results of PHQ 

score can be measured as if it runs from 0 to 4 then patient has very less or none symptoms of 
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depression. If it runs from 5 to 9 then patient have mild symptoms and if PHQ score runs from 

10 to 14 then patient have moderate symptoms of depression. It cannot be ignored at this stage. If 

score runs from 15 to 19 then patient’s disease can be treated as moderately severe and if it is 

from 20 to 27 then patient is in under severe category of mental disorder (Cummins et al., 2018). 

Only half of the time, clinicians accurately diagnose the disease when patients self attempt this 

questionnaire according to their symptoms. This is owing to the many similarities in symptoms 

between depression and other conditions such as bipolar disorder, obsessive compulsive disorder 

or even normal stress from a hectic daily schedule (Zhu et al., 2018). 

The traditional clinical prescription approach to diagnose various diseases is very old and has 

many flaws in it (Braga et al., 2019). As many patients have different symptoms for the same 

disease so depending on their symptoms, different medicines are prescribed to them. All these 

different symptoms and medicines for the same disease are written on prescription slips, which 

may lead to ambiguous results. The prescription slip written by a practitioner is updated by 

different departments in the hospital (Fang et al., 2019). The presence of some irrelevant text on 

prescription slips may decrease the accuracy of disease prediction. Not all words written in a 

prescription slip really contribute to the accurate prediction of disease, so removing those words 

while creating a dictionary is a great challenge (Lopez-de-Ipina et al., 2017). 

The Mood Disorder Questionnaire (MDQ) is majorly used to identify Bipolar Spectrum Mental 

Disorder which could be completed by the physician or by the individual themselves. It takes 

around five minutes to finish the MDQ, which comprises of 15 questions. Answer "yes" or "no" 

to the first 13 questions concerning probable symptoms (Cummins et al., 2015). The last two 

questions measure symptom studied and illness severity. If there is "yes" for 7 or more out of 

first 13 questions and "yes" to question no. 14 and moderate or serious for question no. 15 then it 

is an indication of the disease (Galatzer-Levy et al., 2021). 

Beck's Depression Inventory (BDI) is another method for identifying depression with the help of 

21 self-score questions. It rates the level of depression depending upon the score achieved by an 

individual. Score of 1 to 10 means normal condition with no symptoms of depression or any 

mental disorder. Score in between 11 and 16 means serene temper changes, score between 17 

and 20 means average situation demanding medical assessment (Belouali et al., 2020). Score in 

between 21 and 30 means temperate dejection, score in between 31 and 40 means relentless 

dejection level. If depression related score reaches 41 and above then it is an tremendous 

dejection level and need urgent attention and treatment. This method has very less accuracy 

because it has 40,000 possible combinations of outputs which make it difficult to draw a 

conclusion (Lee et al., 2019). 

As we have studied that already existing methods like, PHQ, MDQ or BDI to predict the 

psychological diseases are not much efficient and accurate. These techniques are very old and 

have many flaws in it.  Also many patients have different symptoms for the same psychological 

disease, which makes it very difficult to accurately predict the disease. The severity level of 
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psychological diseases is also different in different patients so similar kind of diagnostic 

procedures cannot be applied on all the patients. To deal with these difficulties, this research 

paper introduces a Hybrid Hopfield Recurrent Neural Network (H2RN2) approach based system 

which predicts the psychological diseases with much enhanced accuracy when matched with 

other existing techniques. The proposed model overcomes all the drawbacks of traditional hand 

crafted feature based approaches to predict the psychological diseases and implements latest 

machine learning techniques for the same. The proposed model is evaluated on secondary dataset 

received from Kaggle repository containing 758 patient’s electronic medical record (EMR). 

Training and testing datasets have been created from the available dataset and proposed model is 

trained and tested over the same. 

The proposed model is an assembly of three ML based components i.e. An LSTM Model, A 

Hopfield Network and a Bi-Directional Recurrent Neural Network. Each component used in the 

proposed model has been used to gradually predict the occurrence of any psychological disease 

which contributes towards enhanced accuracy of the proposed model. The major contribution of 

each component in the proposed model is mentioned below in this article: 

 To forecast future behaviors based on the present state of the system, there are two types 

of time-series based models a) LSTM Model b) GRU Model. The LSTM Model is used 

in the proposed model to take out high level insights from the available dataset and 

predict the future events. The main reason of selecting LSTM Model over GRU Model is 

that it has three kinds of gates i.e. input gate, output gate and forget gate, which yields in 

high control over flow of information in between the network. It keeps more relevant 

information inside it and throws irrelevant information out of the network. It also has 

high training rate for the proposed model. In GRU Model there are two gates i.e. reset 

gate and update gate. The extracted knowledge from LSTM model is then normalized and 

a dictionary is created which is fed into the Hopfield Network. 

 The Hopfield network receives the gradually predicted output of LSTM Model as an 

input and further processes it. It is a discrete Hopfield network with four interlinked 

neurons which helps in prediction of psychological disease with more accuracy. It is 

further connected with Recurrent Neural Network which receives output of Hopfield 

network as its input and processes it for disease prediction. The output values of this bi-

directional recurrent neural network are supplied into summation function to get the 

optimized knowledge from the proposed model. Finally, an Intelligent Disease Prediction 

Model is developed by using this Hybrid Hopfield Recurrent Neural Network (H2RN2) 

approach for psychological diseases prediction with more accuracy. 

 Various measuring parameters like, Accuracy, Recall and F1-Score are used to check the 

efficiency of the proposed model. The comparison of the proposed model is done with 

other existing models on these parameters for better prediction of psychological disease. 

Experimental outcome illustrate that the proposed model can perfectly diagnose and 

predict psychological diseases with improved accuracy. 
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The following is the outline for this research paper. Section 1 covers the introduction part which 

elaborates 15 different types of mental disorders and traditional methods to diagnose these kinds 

of psychological diseases. It also covers major contribution of each component in the proposed 

H2RN2 model. In Section 2, the detailed literature review is discussed, which elaborates the 

existing techniques for diagnosing psychological diseases along with their research gaps. Section 

3 describes the Proposed H2RN2 Model, which is based on a Hybrid Hopfield Recurrent Neural 

Network approach. It explains the functional pipeline of the proposed methodology framework 

and architectural framework of proposed H2RN2 approach. It also gives the high level design of 

the proposed psychological disease prediction system. The experimental outcomes of the 

proposed model are discussed in Section 4. The essential validation process and metrics chosen 

for comparative analysis of the proposed model with the baselines are also explained in this 

section. Pictorial representation in the form of graphs is used for comparing the results of the 

proposed model with other existing models. The section 5 summarizes the paper with a 

conclusion and suggestions for future opportunities in the area of psychological disease 

prediction by using modern techniques. 

 

2. Related Works 

Several studies related to the prognosis of psychological disorders have been conducted in the 

past. The following is a list of important studies that were discovered in the related area. 

A recursive deep neural network model is presented for detecting depression and predicting its 

severity rating from audio. Speech recorded files are analyzed for higher and lower level audio 

properties (Rejaibi et al., 2019). A comprehensive learning of various artificial intellect 

algorithms for detecting depressive symptoms was conducted and latest findings have been 

published (Cummins et al., 2020). For automated depression categorization, a monologue 

technique based on supervised learning for Convolutional Neural Nets is developed (Vázquez-

Romero & Gallardo-Antolín, 2020). A self-attention driven RCNN model is developed for 

predicting cerebral infarction illness by integrating the RCNN with the self-attention technique. 

The results demonstrate that the proposed model outperforms several current techniques in 

predicting the risk of cerebral infarction illness (Usama et al., 2020). In the last decade, the 

Financial Consequences of Individuals with Severe Depressive Diseases was investigated in the 

United States (Greenberg et al., 2021). To analyze a subject's syllable range, an automated 

unsupervised ML based technique is studied. The experiments were conducted based on the 

records of 253 people. Common self assessments and associated cut-off scores are used to 

measure depressive symptoms (Scherer et al., 2016). 

The results of a comprehensive study on automated depression assessment based on visual 

signals are reviewed and contrasted (Pampouchidou et al., 2019). Auditory indicators of stress 
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were examined in a large sample of over 100 teenagers to predict severe depression. During 

realistic interactions between teenagers and their parents, audio recordings were made to study it 

later (L. S. A. Low et al., 2011). The lack of temporal organization in full back front limb neural 

networks might be a distinguishing characteristic among bipolar and unipolar illness (Tas et al., 

2015). The SPHA Score measuring technique is developed to assess the user's entire health 

condition. A benchmark for confirmation of viability and performance of the proposed model has 

been implemented (M. Chen, Zhang, et al., 2018). A 2D features prediction system based on 

neural network is build. Data from the department of respiration mixed with data from the 

environmental air dimension, climatic dimension, and temporal dimension is used to carry out 

the research (Jin et al., 2019). Fifth Generation diabetes system is presented that blends cutting-

edge technologies including smart wearable 2.0 devices, artificial intelligence, and deep learning 

to provide continuous monitoring and assessment for diabetic patients (M. Chen, Yang, et al., 

2018). 

Combining data from multiple primary sources, a new artificial intelligent driven disease risk 

prediction system was developed (M. Chen et al., 2017). To forecast the results ahead of time, a 

gating attentive neural network framework is designed (H. T. Zheng et al., 2017). Neural 

network based convolution attention model is developed which stacks RNN with multiple 

classification models to derive results for predicting diseases (Du et al., 2019). For the prediction 

of pathological middle cerebral arterial ischemic stroke, a predictive technique using Random 

Forest Classifier is developed (R. Chen et al., 2015). To eliminate the limits of developing 

disease features, a universal disease risk evaluation model is developed that uses results of 

clinical medical texts, undertakes an independent investigation, and obtains disease features from 

considerable history data (Shi et al., 2016). A study on the demographics of suicidal thoughts is 

carried out, and the psychoanalytic aspect is also examined (Bachmann, 2018). Proper study of 

recent machine learning technologies has been done for monologue health assessment, focusing 

on the effect of neural networks in this area (Cummins et al., 2018). When compared to previous 

context sensitive techniques, an automatic depression diagnostic system that encodes face look 

and movements utilizing deep networks dramatically improved depression prediction ability 

(Zhu et al., 2018). A method has been developed for detecting early indications of Parkinson's 

disease using free speech under uncontrolled environmental circumstances. The results show that 

employing Decision Trees or Support Vector Machine methods has potential (Braga et al., 2019). 

The investigation evaluates the effectiveness and utility of a deep learning based strategy for 

detecting abnormal voice in comparison to previous autonomous classification systems. The 

proposed approach can completely exploit acoustic characteristics and efficiently discriminate 

between healthy and unhealthy speech samples by stacking numerous numbers of cells with 

optimum weights (Fang et al., 2019). 

The study addresses a semi micro technique based on automated language modeling. Three tasks 

with varying levels of linguistic difficulty are examined, yielding encouraging findings that 

warrant further investigation (Lopez-de-Ipina et al., 2017). Both diagnosing stress and 
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determining the suicidal thoughts are tough and time consuming processes. A basic, economic, 

computerized diagnostic tool is desperately needed in both clinical care and health centers. In 

terms of patient surveillance and delivering valuable input, such a gadget plays very important 

role (Cummins et al., 2015). In two - thirds of patients brought to a mental hospital following a 

suicidal ideation, videos were used to quantify visual, verbal and movement indicators related 

with temperament, anxiety, and motor movements. For detecting face articulation, head 

movement and voice features were used with open source machine learning techniques 

(Galatzer-Levy et al., 2021). To monitor for suicidal thoughts, auditory and linguistic 

characteristics are evaluated using both statistically significant and ensemble classification 

techniques (Belouali et al., 2020). Several innovative techniques for audio structuring are 

provided, having an ensembles of deep neural networks and ensembles of simultaneously trained 

convolutional neural networks, in trying to adapt with a variety of resonances in daily life 

scenarios (Lee et al., 2019). 

Sentiment analysis tasks are performed using a supervised learning model that generates general 

emotion characteristics in voice signals from various perspectives (C. Zheng et al., 2020). Using 

a tenfold cross validation technique on a three-dimensional convolutional neural network 

approach, an emotion identification system focused on voice brain signals is presented 

(Hajarolasvadi & Demirel, 2019). An ensemble of various multilayer deep learning architectures 

is used to create a novel approach for categorizing medical imagery (Kumar et al., 2017). To 

capture patient responses and feelings from video material, a heterogeneous subjective predictive 

analytics approach is introduced. Kernel - based training is used particularly to merge visual, 

auditory, and textual modality (Poria et al., 2017). For quantitative model based speech activity 

identification, an auditory environmental classification approach is used to investigate the 

ensembles of deep learning models (Hwang et al., 2016). Using cell phones, 50 individuals with 

mood disorder illness provided daily self-monitored behavioral data over a 12-week period. 

Depression Measuring Level designed by Hamilton and the Mania Rating Scale developed for 

young were used to measure major depressive symptoms. The random forest method was used to 

evaluate the data (Faurholt-Jepsen et al., 2016). A variety of 153 papers were examined that used 

null-hypothesis assessment or prognostic deep learning algorithms to assess acoustic 

characteristics from voice to identify bipolar from normal persons (D. M. Low et al., 2020). Over 

the course of a 12-day timeframe, a new wearable technology is used to objectively identify 

speech in the realistic surroundings of individuals with healthy controls (Little et al., 2021). For 

many fields of automated voice synthesis, such as nonverbal or clinical speech processing, a 

fundamental standard auditory parameter set is provided. 

A basic set of voice characteristics is presented here, as opposed to huge conventional warfare 

parameters (Eyben et al., 2016). Using discreetly sensor readings from cell phones, researchers 

tested the possibility of autonomously evaluating the metrics designed for social rhythmic, a 

common endocrine measure of stabilization having bipolar illness (Abdullah et al., 2016). Text 

from willing participants' Facebook postings is used to forecast distress in electronic health 
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records (Eichstaedt et al., 2018). Recent research that used digital platforms to detect mental 

disorder is discussed. Screening questionnaires, public posting of a diagnostic on social media 

websites, and participation in an internet community have all been used to identify mentally 

unwell people (Guntuku et al., 2017). The important large - scale data challenges from the 

standpoint of telemedicine are addressed, and data analytics reconciliation concerns are 

examined (Istepanian & Al-Anzi, 2018). For multidimensional depression recognition, a 

recursive neural transformational learning approach is presented. It uses a deep recurrent neural 

network that performed out a series of analogical linguistic cues to predict actual input 

characteristics converted to a major trait space, which captures the non-linear spectrum of 

despair data, unlike most existing melancholy detection algorithms (Kang et al., 2017). The 

research's primary goal was to examine the existing literature on resting state current source 

distribution assessment in individuals with severe depressive illness. The discovery of clinical 

psychiatric disorders is one of the most important components of such research (Koo et al., 

2017). 

The primary reason to carry out the following study was to investigate the current knowledge on 

applying machine learning technologies in the diagnosis of bipolar illness patients. It primarily 

looked at prognostic forecast and unsupervised machine learning in attempt to create more 

uniform encephalopathy for bipolar illness (Librenza-Garcia et al., 2017). Established 

personality aspects from personal and group rhythm therapies and combined with fresh 

information from Smartphone sensor applications (Matthews et al., 2016). A detailed review has 

been done on continuous use and learning of different systems with the help of artificial neural 

networks (Parisi et al., 2019). A framework on mental illness, neuroimaging, and artificial neural 

networks was provided, as well as the methodology of previous research has been explained 

(Patel et al., 2016). A comprehensive evaluation of research comparing central indicators in 

bipolar disorder to normal participants was undertaken (Rowland et al., 2018). A comprehensive 

research was conducted to see if altering posture while performing a demanding job may lessen 

detrimental impact and tiredness in persons having moderate or high depression symptoms 

(Wilkes et al., 2017). On the relationship between endosperm, melancholy, and suicide attempts, 

a meta - analysis was conducted and a narrative synthesis was created (Sarchiapone et al., 2018). 

Inmates with psychological illnesses have not completely benefited from their result, despite 

lengthy and ever expanding efforts in clinical and preclinical studies. The reality that mental 

illnesses have consistently rated low in community health indicators reflects this terrible scenario 

(Yahata et al., 2017). 

 

3. Proposed Methodology 

The deep learning based approach presented in this paper majorly focus on detecting three 

psychological diseases namely, obsessive compulsive disorder (OCD), bipolar disorder (BPD) 

and schizophrenia. If there are no symptoms of any disease then the proposed model gives output 
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as normal. There are three different stages in functional pipeline of the proposed methodology 

framework. Fig. 1 explicates the functional pipeline of the proposed methodology framework. 

 

3.1. Data Analysis and Pre-Processing 

Initially, the amorphous clinical data items are obtained from the Kaggle database. Pre-

processing of these data items is done to fill missing values in dataset with default values. 

Duplicate and incomplete data items are deleted from the dataset. Unnecessary attributes 

available in the dataset are also dropped. By using python in-built libraries, feature extraction 

and normalization of the preprocessed dataset is done to create the dictionary. After pre-

processing, the data set is converted into comma separated value (CSV) format to feed into 

developed proposed model. At beginning, the training dataset is prepared which is used for 

evaluation of developed model. The main aim of normalization process is to scale-up the data so 

that there shouldn’t be any loss in performance of developed model. In k-fold cross validation 

process random spilt operation is performed on pre-processed dataset.  Testing and training data 

items are separated into k(=5) number of folds. To build an efficient disease prediction model, 

the proposed algorithm is implemented with this k-folded data. 

 

 

Fig. 1. Functional pipeline of the proposed methodology framework. In data analysis and pre-processing part given 

dataset is normalized to create dictionary after extracting important features. Selection of important features is done 

before random splitting of dataset for preparing training data. In model development and evaluation process 

optimization of training data is done and it is forwarded to the developed model. Hyper parameter tuning is done to 

evaluate the developed model and to prepare testing data. During deployment of model the testing data is fed to 

extract optimized knowledge with the help of transfer learning approach and to predict psychological diseases. 

 

3.2. Model Development and Evaluation 
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The training dataset received from first stage of the pipeline is fed into second stage of the 

pipeline for model development and its evaluation. The optimization operation is performed on 

training dataset and its output is transferred to model selection part. Then weight matrix, no. of 

total hidden layers in model, filter size, size of the network, loss function as well as learning rate 

hyper parameters are tuned and model evaluation is done. It helps to decrease the error rate 

during training of the model and increase the accuracy of the proposed model. The weight matrix 

is set as per Adadelta method (C. Zheng et al., 2020) and number of hidden layers is set to 100. 

A filter size of 5, network size of 50, loss function of 0.25 and learning rate of 0.10 is tuned. 

 

3.3. Deployment and Disease Prediction 

In third stage, the testing dataset is used while deploying the model and disease prediction 

process is performed. The transfer learning technique helped to extract optimized knowledge and 

then output is generated. The output layer gives one of the following four outputs, Normal, 

Obsessive Compulsive Disorder (OCD), Bipolar Disorder (BPD) and Schizophrenia. 

The developed model went through an optimization procedure to obtain the optimum values for 

tuning of various hyper parameters. Adadelta updating technique was implemented for updation 

of weight params of the proposed model. Randomize searching method was chosen to set the 

values of hyper parameters. Because of its broad use in the scientific establishment, the Scikit 

Learn package (v 0.20) was selected. After evaluating model the psychological disease 

prediction was done by using testing data set. Optimized knowledge was extracted from the 

developed model by using transfer learning technique to accurately predict psychological 

diseases. 

In this research work, a hybrid Hopfield recurrent neural network (H2RN2) approach based 

system is built up which gets trained and tested over amorphous clinical data items. Instead of 

relying on hand crafted methodologies, the proposed model works on machine learning based 

approach. The proposed model is developed by using fivefold cross validation within a recurrent 

neural network. The developed model automatically learns inherent semantic characteristics 

from clinical data items to correctly predict the disease. 
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Fig. 2. Architectural Framework of Proposed Hybrid Hopfield Recurrent Neural Network (H2RN2) Approach based 

System. The six different layers in this proposed model includes input layer, LSTM layer, Hopfield Network, 

Recurrent Neural Network, Summation Function and Output Layer. 

 

As revealed in Fig. 2, the proposed model is made up of six parts namely, input layer CSV 

matrix, LSTM layer, Hopfield network, recurrent neural network, summation function and 

output layer. Once preprocessing of available input dataset is completed, a CSV matrix is created 

by using python libraries and it is given as an input to the LSTM layer. The LSTM Networks are 

a form of RNN that can learn order dependencies in various prediction related applications. The 

network model of an LSTM is comparable to that of a recurrent neural network. It analyzes the 

data and passes information on as it moves along. The processes inside different cells of the 

LSTM vary. The LSTM uses these processes to remember or forget knowledge. Hidden layer 

count in LSTM model has been set to 100 and the dropout rate has been set to 0.25. Relying on 

fivefold cross validation mostly on training set for each sample, essential hyper parameters are 

adjusted to get the optimum performance. The computing part of LSTM model is explained with 

the help of subsequent equations: 

                                        (1) 

Eq. 1 represent the summation function used for input gate a(x) in LSTM model. 

                                        (2) 

Eq. 2 represents the summation function used for forgot gate b(x) in LSTM model. 

                                      (3) 

Eq. 3 represents the summation function used for output gate c(x) in LSTM model. 

                                         (4) 

Eq. 4 represents the tangent function for new memory cell creation in LSTM model. 
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                                      (5) 

Eq. 5 represents final memory cell creation function used in LSTM model. 

                              (6) 

Eq. 6 represents the equation for output of LSTM model. 

 

Here s symbolize the sigmoid function, a(x) symbolize LSTM input gate, b(x) symbolize LSTM 

forget gate, c(x) symbolize LSTM output gate, d(x) symbolize the proposed cell value, e(x) 

symbolize the true cell value and n(x) is the new hidden state. 

 

3.4. Our Contribution 

The LSTM model included at the beginning of the proposed model eliminates the problem of 

gradient exploding. As the LSTM model is activated by using hyperbolic tangent activation 

function and 0.25% dropout has been set so there is no over fitting in the model. Eq. 7 represents 

the evaluation metrics needed to calculate hidden state n(x) of the proposed model. 

                                    (7) 

where the history information is recapitulated by the hidden state n(x). 

The weight parameters are represented by O, V, W. Eq. 8 calculates p(z(x+1)|n(x)) which 

symbolize the probability of the disease prediction. 

                                  (8) 

The general probability for a set of input vectors y={y1, y2, y3 … yt} can be represented as: 

     ∑               
 

   
        (9) 

Eq. 9 represents the joint probability which helps to train and test the model. 

The outcome of the LSTM Model Layer is forwarded as input to Hopfield Network with four 

single layered neurons. All neurons in this network are linked with each other. The output of one 

neuron is fed as input in all other neurons. The connection weight between two interlinked 

neurons is symmetric in nature i.e. if there are two neurons n1 and n2 then connection weight of 

n1 with n2 is same as connection weight of n2 with n1. It is a discrete Hopfield network as 

connection weight of a neuron with itself is always 0. The weight matrix of discrete Hopfield 

network is given in Eq. 10: 
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    ∑  
 

   
                                 (10) 

where i and j are two different neurons and wij is the weight matrix of these two neurons, s is a 

set of binary patterns taken from CSV dataset. The summation function is applied over this 

pattern ranging from 1 to P. 

The output of Hopfield network is forwarded to a two-way Recurrent Neural Network. 

Bidirectional recurrent neural networks seem to be just two separate recurrent neural networks 

connected together. For one network, the input sequence is supplied in normal time sequence, 

whereas for another, it is given in reverse time sequence. At each sampling interval, the 

outcomes of the two networks are generally combined. This structure allows the systems to have 

both prior and ahead knowledge about the event. The output values of this network are supplied 

into summation function to get the optimized knowledge from the proposed model by using 

transfer learning technique. 

The deployment and final evaluation of the proposed model is done by using testing dataset. The 

summation function combines all received values together and generates output for the final 

output layer. The output is a set of four values. The first output value symbolize that the 

individual is normal and not affected with any of the psychological disease. The second output 

value symbolize that the individual is suffering from obsessive compulsive disorder (OCD). The 

third output value symbolize that the individual is suffering from bipolar disorder (BPD). The 

fourth output value symbolize that the individual have schizophrenia disease. In final output of 

the model, 0 represents Normal, 1 represents OCD, 2 represents BPD, 3 represents 

Schizophrenia. 

 

Fig. 3. High Level Design of the Proposed Disease Prediction System. Unstructured Data consists of EMRs and 

Psychological Data based on Patient’s Input and Doctor’s Prescriptions collected together in a Database. After Pre-

Processing, Structured data is fed to the Proposed H2RN2 Model and Psychological Disease is predicted. Patient’s 

Alerts are also generated for the type of psychological disease predicted. 
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Fig. 3 shows a high level design of the proposed hybrid Hopfield Recurrent Neural Network 

(H2RN2) approach based disease prediction system. Psychological data in the form of auditory 

statements have been given as patient’s input to the psychiatrist. On the basis of observations 

made by him, doctor’s prescriptions have been generated and fed into a healthcare database. 

Electronic Medical Records available in the hospitals are also used for proposed model’s training 

and fed into the same healthcare database. Pre-processing of the collected unstructured data is 

done at the data warehouse and a structured form of datasets is created. The structured dataset is 

divided into two parts i.e. training and testing datasets and fed into the proposed H2RN2 model. 

Model is trained on the basis of training dataset and during testing phase, testing dataset is used 

for psychological disease prediction. The disease output is a set of four values where 0 represents 

Normal, 1 represents OCD, 2 represents BPD, 3 represents Schizophrenia. Real time data can be 

fed into the proposed system and patient’s alert can be generated based on the disease predicted. 

The proposed research work introduces a novel, innovative and hybrid approach to uniquely 

identify any of three psychological diseases viz. “Bipolar Disorder”, “Obsessive-Compulsive 

Disorder” and “Schizophrenia”. The proposed model is also non-invasive in nature, so if none of 

these diseases is detected during diagnosis, then the model gives its output as normal. No such 

type of model is available in the literature which perform multiple psychological disease 

prediction in non-invasive way, which makes it an innovative and novel solution to the given 

research problem. 

 

4. Experimental Results 

The amorphous clinical dataset used during implementation of proposed model is taken from 

Kaggle repository which consists of 758 patient’s electronic medical record (EMR). The 

hardware on which implementation done is an Intel’s Core i5 series microprocessor having 4 GB 

Random Access Memory. The code is written in python programming language. At the 

beginning, the available dataset was preprocessed by using in-built library functions of python 

programming language. The feature extraction process, normalization process to create 

dictionary and feature selection process has been performed during analysis of the data items. A 

fivefold cross validation random split has been done to split the available dataset and Table 1 

shows five equal sized samples created for testing and training purposes. 

Table 1 

Fivefold cross validation process where Dataset is partitioned into five equal sized samples and five different 

reckonings are performed on this preprocessed dataset. 

Reckoning-1 Testing Training Training Training Training 

Reckoning-2 Training Testing Training Training Training 

Reckoning-3 Training Training Testing Training Training 

Reckoning-4 Training Training Training Testing Training 
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Reckoning-5 Training Training Training Training Testing 

 

To assess proposed model's capabilities, Accuracy, Recall and F1-score are employed. These 

formulae will be used to achieve following measurement metrics: 

                                                  (11) 

                                   (12) 

                                            (13) 

 

Here TrPo indicates those individuals, who are fit and predicted same by proposed model. TrNe 

indicates those individuals, who are not fit and predicted same by the proposed model. FaPo 

indicates those individuals, who are not fit and not predicted same by the proposed model. FaNe 

indicates those individuals, who are fit and not predicted same by the proposed model. 

Table 2 

Accuracy, Recall, F1-Score are the measurement metrics used to find out capabilities of the proposed Hybrid 

Hopfield Recurrent Neural Network (H2RN2) approach based system. 

Model Employed Accuracy Recall F1-Score 

CNN-UDRP (M. Chen et al., 2017) 88.27 % 87.68 % 83 % 

Hopfield-RNN (Lee et al., 2019) 93.42 % 88.71 % 90 % 

Single-Model CNN (Usama et al., 2020) 95.71 % 91.43 % 87 % 

MFCC-based RNN (Rejaibi et al., 2019) 76.27 % 93.08 % 85 % 

Proposed Model (H2RN2) 97.53 % 92.53 % 92 % 
 

When compared with other methods like, CNN-UDRP, Hopfield-RNN, Single-Model CNN, 

MFCC-based RNN the accuracy of proposed model is 97.53% which is maximum when 

compared with other models. Recall is significant over accuracy because it makes sure to predict 

every True Positive value, even if there is an increase in False Positive Values. The recall value 

of proposed H2RN2 model is 92.53% which is little lower than MFCC-based RNN model but 

high F1-score makes the proposed H2RN2 model most productive among all other models. Table 

2 shows that the proposed Hybrid Hopfield Recurrent Neural Network (H2RN2) Approach based 

System has highest accuracy and F1-score as compared to other models which make it more 

efficient for accurate disease prediction. Fig. 4 shows the pictorial representation comparing 

accuracy as well as recall of the proposed H2RN2 model with other models. 
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Fig. 4. Pictorial representation comparing accuracy as well as recall of the proposed H2RN2 model with other 

models. The proposed model has highest accuracy and second highest recall value. 

 

The blue color indices in Fig. 4 show the accuracy plots and red color indices show the recall 

value. All values lie in between 85% to 98%. The recall value drops little down at last but the 

accuracy is at peak which makes proposed model most suitable one. Fig. 5 shows the pictorial 

representation comparing recall and F1-score of the proposed model with other models. 

 

 

Fig. 5. Pictorial representation comparing recall and F1-score of the proposed H2RN2 model with other models. The 

proposed model has highest F1-score and second highest recall value. 

 

The blue color indices in Fig. 5 show the recall plots and red color indices show the F1-score. All 

values lie in between 82% to 94%. The recall value drops little down at last but the F1-score is 
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highest at the end. Fig. 6 shows the pictorial comparison of accuracy, recall as well as F1-score 

of CNN-UDRP, Hopfield-RNN, Single-Model CNN, MFCC-based RNN and Proposed H2RN2 

Model in the form of a graph. 

 

Fig. 6. Pictorial comparison of accuracy, recall as well as F1-score of CNN-UDRP, Hopfield-RNN, Single-Model 

CNN, MFCC-based RNN and Proposed H2RN2 Model. The accuracy of proposed model is 97.53% which is 

maximum when compared with other models. The recall value of the proposed H2RN2 model is 92.53% which is 

little lower than MFCC-based RNN model but highest F1-score of 92% makes the proposed model most productive 

among all models. 

 

Fig. 6 represent that the proposed Hybrid Hopfield Recurrent Neural Network (H2RN2) 

Approach based System has highest accuracy among all other models. The CNN-UDRP (M. 

Chen et al., 2017) model has accuracy of 88.27% which is lowest among all other models. 

Hopfield-RNN (Lee et al., 2019) model has accuracy of 93.42%. Single-Model CNN (Usama et 

al., 2020) model has accuracy of 95.71%. MFCC-based RNN (Rejaibi et al., 2019) model has 

accuracy of 76.27%. 

The proposed H2RN2 Model has achieved accuracy of 97.53% which is maximum when 

compared with other models, which demonstrate that the proposed H2RN2 model is most 

suitable among all these models for accurate disease prediction. The F1-score of the proposed 

H2RN2 model is also highest among all other models. The recall value of proposed H2RN2 

model is 92.53% which is second highest among all other models, but considerable one to adapt 

the proposed model as suitable one to efficiently predict psychological diseases. The proposed 

model is 10% superior as compared to CNN-UDRP and 1.37 times superior to MFCC-based 

RNN. In a nutshell, proposed model outperforms by 4% in accurate disease prediction when 

compared with all other models.  
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5. Conclusion and Future Scope 

Timely disease forecast, hazard mitigation, and fatality decrease are few of the benefits of 

disease prediction models. The proposed Intelligent Disease Prediction System is a novel 

architectural framework implemented over Hybrid Hopfield Recurrent Neural Network (H2RN2) 

approach. It overcomes all the drawbacks of traditional hand crafted feature based approaches 

and implements latest machine learning techniques for psychological diseases prediction. The 

final result represented by Table 2 indicates enhanced and superior performance of proposed 

H2RN2 model. It satisfactorily solves the problem of psychological disease prediction yielding 

significant results with 97.53% accuracy, 92.53% recall and 92% F1-score.  

The major advantage of the proposed model is that it is non invasive in nature while predicting 

the disease. If no psychological disease is predicted by the model then it gives result as normal. 

The runtime performance of the model is checked during real-time testing of the model. Real-

time data received from a psychiatrist is fed into the developed model and same accuracy is 

achieved for it. The limitation which found during implementation of the proposed model was 

increased training time because of the tuning of various hyper parameters. But it can be 

overcome by using state-of-the art hardware and software resources.  

In future, the proposed model can be implemented for prediction of gender specific 

psychological disorders. A web or mobile based application can also be developed so that the 

individuals can easily use it by themselves, before visiting the human specialists. In addition to 

psychiatric diseases, similar approach can also be used to predict general physiological diseases. 

An industry standard benchmark like MLPerf can be used in future to measure the performance 

of proposed machine learning based model. MLPerf is indeed an artificial 

intelligence enabled tool for creating realistic benchmarks that assess machine learning-based 

systems in an unbiased fashion. By introducing new assignments and executing testing 

procedures on a routine basis, MLPerf keeps up with evolving market trends. Computer vision, 

natural language processing, radiology, recommendation engines, and evolutionary computation 

are just a few of the use cases that MLPerf supports. 
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