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 Recommendation systems usage is predominantly found in 

recommending online products and services to end consumers. It does 

the job of information filtering from a large pool of information 

available to provide a better vision in assisting decision-making. In 

recent times recommendation systems are making their strong presence 

in serious decision-making domains like health care which needs to 

adhere to minimal or zero error tolerance. Recent advancement in 

recommendation techniques, methods to address complex data and 

techniques to adapt context-awareness has improved the effectiveness of 

recommendation system. Health care experts use their past experiences 

in recommending high-quality medical treatment to patients. Hospitals 

maintain the collection of patient's information history consisting of 

clinical trial data and their health data in records. It helps experts to 

analyze them for decision making. There is a need for strategizing health 

care programs using digital techniques to make use of massive medical 

information resources available to provide scientific decision-making for 

precision diagnostics, treatment processes, preventive and rehabilitation 

programs to bring more fruitful results in combating health scares. This 

paper addresses the mapping of the complex health care data set into 

recommendation system terminology. The paper also discusses 

techniques to model diagnosis and treatment process recommendation 

system as a tool to assist medical practitioners to accurately diagnose a 

disease and recommend with precise treatment process for continual 

treatment care programs like cardio care, maternal care, TB care, and 

even for the COVID-19 treatment process. 
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1. INTRODUCTION 

Recommender systems are becoming invaluable machine learning applications, as they continue to make a 

big impact in the product sectors like e-commerce, retail market, media business, and service sectors like 

banking, telecom, etc [1]. They bring increased sales conversion and improved user satisfaction, hence it 

brings increased revenue. E-commerce companies like Amazon and Netflix have largely grown with the 

substantial impact being attributed to the role played by recommender systems in their software 

implementations [2], [5]. Netflix's open prize competition on designing collaborative filtering algorithms 
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was carried in 2006 by providing training data sets openly to all, has played an important contribution in 

igniting the research field of recommender systems [3]. More data and better algorithms improve 

recommendations, typically recommendation systems use two approaches content-based filtering and 

collaborative filtering. These techniques take respective roles depending upon the context in designing the 

recommendation system [1], [4]. Content-based filtering relies upon the use of characteristic information 

and hence domain- dependent algorithm needs to be designed to analyze the attributes of items to generate 

predictions [7]. Content-based filtering requires a good amount of information of item's features specific to 

the domain, in many applications, it is not a viable input for fueling the recommendation engine for 

prediction [7], [10]. Collaborative filtering is the most sort approach in designing recommendation systems 

because of its domain-independent prediction technique. It works on building a dataset (user-item matrix) of 

experiences collected from previous user experiences [8], [9]. Research focus over the years has been 

carried to resolve the user-item matrix to extract matches between users with relevant interests and 

preferences by calculating similarities between their profiles to make recommendations [9], [11]. Earlier 

approaches for collaborative filtering were based on nearest neighborhood models and then there were 

works on classification models which were only marginally better than the nearest neighborhood model 

[11]. Both the models failed to make an impact in improving the performance. Next came the approach 

which was initially floated by Funk in 2006 [12] still remains today as the most popular approach is the 

latent factor model, which is based on matrix factorization techniques. Since then substantial works were 

carried to develop an improved matrix factorization algorithm. 

 

Deep learning (DL) a subset of machine learning in the past decade has been able to stamp authority in 

providing better performance in computation which was previously unthought-of, especially in the area of 

computer vision, NLP, and speech processing. It has inspired many ML application domains to adopt it for 

a wider range of applications because of its ability to address heterogeneous data and its capability to handle 

rugged tasks and still provide start-of-the-art results [13]. Research work on implementing deep learning 

into recommendation architectures has been on the rise, papers were able to show the much-improved 

performance of recommender systems against test datasets [14]. It opens up the door to implement 

recommender systems on serious domains like Health care Recommendation Systems(HRS) which need to 

capture more complex data addressing non-linear and non-trivial user-item relationships. Furthermore, it 

can address data heterogeneous (rating, textual, visual, etc.) in nature and can handle sparsity in data better 

[14]. One of the important newer domains embracing recommendation systems in recent times is the health 

care domain. It requires a lot of research activities to be carried out to enable to provide effective service 

[13]. The research perspective of recommendation systems lies in designing appropriate models for 

different fields that need to use efficient and accurate recommendation techniques within a system that will 

provide relevant and dependable recommendations for users to improve the quality of decision making [11], 

[15]. saThis paper discusses developing a hybrid model of recommendation system architecture and 

recommendation techniques to provide a precise health care recommendation system. It should help the 

process of decision making and decision support to health professionals and hence patients would get 

valuable clinical guidelines and high-quality treatment. 

 

1.1 Health Recommendation System- A bird's eye view 

Health care centers use human experts in a specific domain who have ample knowledge about the subject in 

that domain to deliver health care solutions through recommendations of treatment, guidance, and 

education. During critical situations like pandemic outbreaks, availability of human experts, their limitation 

in the subject knowledge on new outbreak diseases, large variations across interpreters, and work fatigue 

affect the process of delivering quality health care to the people [16], [17]. Automation through Artificial 

Intelligence (AI) with Machine Learning to train the system to learn the role of human experts has come to 
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replace many of the demanding requirements today [18]. Recently there has been a growing health 

awareness among the public due to the outbreak of pandemic and upward trend in health care industries 

which is strengthening coverage through technological advancements [19], [20]. The success of 

recommender systems in the e-commerce domain has turned the focus in research works towards 

developing health recommendations to address the needs of health care solutions [21]. Modern health-based 

recommender systems thrive on piling health data available in the electronic form to provide proper 

healthcare information, thus becoming a decision-support system targeting health professionals, patients, 

and general people too as end users [21], [22]. HRS domain can be further classified into sub-domains 

namely health well-being, healthcare services, diagnosis, and treatment process [21]. There are research 

papers and applications in this domain, some noteworthy recommenders are health status prediction 

recommender system, it predicts disease risks of patients by employing collaborative filtering technique, 

Physical activity recommendation provides end- users with recommendations of specific physical activities, 

health well-being domain targets general people here it adds context-awareness through knowledge-based 

recommendation technique combined with content-based and collaborative techniques [22], [23]. Research 

works on food recommendation recommends healthy food and diet to end-users, proposes a context-based 

collaborative filtering technique in implementing the system [24]. 

 

Diagnosis and Medication recommenders target patients and medical professionals. It depends on patient's 

diagnostic data, case history, expert rules, and social media data to train and build a model that can predict 

and recommend possible potential health risks, diagnose issues and suggest treatments [25]. These types of 

recommenders address specific individuals rather than society in general. Recommendation systems for 

diagnosis and treatment recommendations to end-users who are patients, physicians are not a trivial issue as 

the decisions at stake imply high-risk factors [26], unlike customers of the e-commerce domain where the 

choices recommended to customers can be described as being low-risk. This can happen for example when 

a particular area of health recommender has limiting resources. A slight misguidance could give side- 

effects and implications can lead to non-recuperative health of the patient [25], [26]. This makes the 

implementation of such systems more complex for practical use. There are numerous works published that 

had come up towards the development and implementation of different applications on health care 

recommender systems, but there is a lack of comprehensive work on developing a unified framework with 

defining techniques to address wide areas or types of health recommendations available [27], [28]. The 

recommender system not only should be fail-proof and support decision making, but it should also 

understand the patient requirements and personal attributes in the context of disease and health management 

[28], [29]. This makes the applicability of health recommender systems more tricky. The recommendation 

system takes the input of health records in electronic form as Electronic Health Record(EHR). EHR data is 

challenging to represent and model due to its high dimensionality, noise, heterogeneity, sparseness, 

incompleteness, random errors, and systematic biases [30]. Predictive models and tools based on modern 

machine learning techniques have not been widely and reliably used in clinical decision support systems or 

workflows because of these pitfalls [29]. 

 

To address these shortcomings, firstly there should be clear clarity in defining and mapping the 

recommender systems applied in the health domain, the possible options to be recommended, the target 

end-user it addresses whether it is health professional or the patient both systems are drastically different 

[26], [29], proper technique and modeling should be embraced in recommender system design, 

implementation, and testing too. This paper addresses the mapping of health care data and techniques into 

the Health Care Recommendation system(HRS). Some of the health care applications addressed in the 

diagnosis and treatment processes domain are cardio care, maternal health of women under continual 

treatment during pregnancy, childbirth, and the postnatal period, TB care, and even for the COVID-19 
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treatment process. 

 

2. RECOMMENDATION TECHNOLOGIES - UNDERSTANDING TECHNIQUES TOWARDS 

DOMAIN IMPLEMENTATION 

The strategy for implementation of recommendation systems relies on the domain to be applied, the 

available data, and the context to extract information. They deploy different filtering techniques to provide 

precise recommendations to end-users. It is the approach to addressing what type of available data defines 

recommender system filtering methods. Recommender systems handle two types of data [15]. 

  

1. User /item interaction data, such as ratings, and browsing behaviors 

2. Data about each user and items attribution information. The following are the popular approaches. 

 

2.1 Content-Based system 

This type of approach analyzes the user information regarding user preferences observed in the past against 

the item descriptions consumed by the user, through this observation user profile is built, based on this 

gathered data of experience from the individual user under concern. Recommendations are done for further 

items having similar likable attributes mapped to the user [31]. 

 

 
Figure 1 Shows various recommendation system techniques adopted in health care recommender systems 

 

2.2 Collaborative-Based system 

In this type of approach user interaction with some of the given items providing the information of user 

preferences are collected implicitly or explicitly. The recommender system then computes similarities of 

patterns between the other users' or items' profiles and correlates them. When an active user needs to be 

recommended the prediction for preference of further items, it can be done based on identifying the nearest 

neighbors who have similar tastes and then recommends items that the nearest neighbors have liked which 

is not interacted by that user [7], [32]. 

 

2.3 Knowledge-Based system 

This type of approach is applied in domains where user-specific preferences input are not much captured 

but explicitly getting the knowledge of preferences and constraints information from the user, here rather 

than user interest user's need is adopted to meet the user requirements is recommended [33]. 
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2.4 Demographic-Based system 

This type of system is basically a collaborative filtering approach, here demographic filtering is carried out 

based on commonness among that individuals in certain common personal attributes like age, gender, 

country, etc are expected to have common preferences [34]. 

 

2.5 Community-Based system 

It's also a collaborative filtering technique-based system where recommendations are purely based on the 

similarity with the specific group. User’s group is formed with whom are attached by well-known common 

features, here recommendations are based upon the similarity of random users in recordset are considered 

[34]. 

 

2.6 Hybrid Based system 

This approach combines more than one recommender system with an objective to provide precise 

recommendations. It might combine recommender systems of above mentioned different approaches with a 

strategy to negate the drawbacks of each method but bring together the combined strength to provide better 

results [35]. There are different designs in implementing a hybrid model based on the approach of 

aggregation on different recommender systems [7], [35]. The following are the popular hybrid design 

models. 

 

 
Figure 2 Shows various hybridization techniques used in a hybrid recommendation model 

 

2.7 Monolithic Model 

This type of design incorporates a single recommendation component only, hybridization happens in 

combining features/knowledge sources of different paradigms to achieve effective recommendations as 

shown in Fig 2a. The Monolithic model gets further sub-classification into two types namely feature 

combination and, feature augmentation hybrid systems. An example for feature combination can be like 

collaborative filter’s ratings is taken as a feature in a content-based system for recommending items 

Similarly example for feature augmentation technique can be like the use of the ratings and other 

information produced by the previous recommender and it also requires additional functionality from the 

recommender systems. Content‐boosted collaborative filtering is a popular work on feature augmentation 

model [35], [36]. 

 

2.8 Pipelined model 

This type of design incorporates stacking recommendation systems in sequential stages. The output of one 

recommendation system having recommender criteria generating course recommended item data set for 
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subsequent recommender systems as shown in Fig 2b. The subsequent recommender system will apply 

further criteria to provide refined recommendations as output. In the cascade model first recommender 

excludes items Remove absolute no‐go items Second recommender assigns score Ordering and refinement 

Thus precise recommendations are achieved. A typical scenario is CF-CBF pipeline model. Here 

collaborative filtering is done first on given data set to classify them into classes which is course filtered 

recommendation data set. Apply content-based filtering on the selected classes which are refined 

recommendations to produce precise results [7], [35]. 

 

2.9 Parallel Model 

This type of design incorporates multiple recommendation systems executing common input data set. Each 

recommender functions independently with different recommendation criteria as shown in Fig 2c. In the 

weighted model output of these recommendations, scores are combined by applying weights to the 

respective to them [15]. Different recommender systems are assigned with the same or different weights 

according to the impact of recommending criteria employed by these recommender systems. These weights 

can be set empirically through an expert knowledge base or can be dynamically adjusted after initially 

setting uniform weight distribution for all recommenders and later adapt weights to minimize the error of 

prediction [7]. Switching model swaps to one of the 'N' recommendation techniques based on a heuristic 

criterion that chooses a recommender among the set which would produce a good rating [35]. For example, 

if there exist too few ratings in the system it is recommended to use a knowledge‐based recommender, 

otherwise, normally use a collaborative model. Another variant of parallel hybrid design is mixed type here 

the results of different recommender systems are combined at the level of the user interface. Different 

recommender techniques results are presented together instead of having just one recommendation per item 

each item associates multiple recommendations from different recommendation techniques. 

 

3. THE MAPPING 

 

3.1 Decoding Electronic Health Record(EHR) for adopting in recommender systems. 

The proposed paper categorizes patients' health records as mentioned in Table 1 to feed the proposed hybrid 

model recommender system at various stages. The health record when fed into the system gets preprocessed 

and normalized to be represented as an Electronic health record(EHR). The proposed model uses patients' 

clinical health data at the diagnosis stage to map (recommend) the appropriate health condition diagnosed 

for treatment, whereas patients' personal health data and patients' knowledge data are employed in 

subsequent stages to achieve precise treatment recommendations for the particular diagnosed condition. 

 

Table 1. Category of Health care data adopted in diagnosis and treatment recommendation model 

Category of Health data Data Description Source of Data 

Patients' personal health data Individual patients personal 
health data like previous ailments, 

disease registries, health surveys, 

personal preference data, medical 
rehabilitation data, etc are 

referred to as Personal health 

data 

Hospitals, Medical institutions 

https://www.teikyomedicaljournal.com/
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Patients' diagnosis data Reports of patients' diagnostic 

data on specific health issues are 

represented in the form of reports 
of medical images, blood tests, 

urine tests, physical examinations, 
etc. make a diagnosis health data. 

Hospitals, Medical institutions, 

Physical examination test centers 

third-party medical 

diagnostic center etc. 

Patients' health support data Data acquired from patients such 

as their physical details like age, 

height, weight, etc, their lifestyle 

and food habits. allergies to 
specific things, demographic 

information, history of chronic 

health issues, disabilities, etc. 
referred to as health support data. 

Hospitals, Medical institutions 

Medical survey from public 

health 

 

3.2 Mapping the recommender elements towards Health Care Recommender System. 

It is a common conception that recommender systems generally refer to the e-commerce domain. The 

common jargons in such a recommender system are users, items, rating, content-based knowledge, 

collaborative-based knowledge [5], [7]. Table 2 maps the jargon commonly attributed to the e-commerce 

domain into the health care domain to understand the recommender system model developed for the health 

care diagnosis treatment process recommender system. 

 

Table 2. Shows mapping of Recommender elements in Health care Recommender Systems. 

Recommender 

Elements 

E-commerce domain Health care domain- Diagnosis and 

Treatment 

Individual 

(User) 

Knowledge of individual users helps to drive 

the interaction with the recommender system. 

Knowledge on user preferences can be 

implicitly gained through the user’s profile or it 

may be explicit gained when the user specifies 

his or her interest used to initiate the 

process of recommendations. 

Knowledge on Individual patient 

(EHR), help the recommender system to 

recommend diagnosis and treatment record 

of treatment, medication, diagnosed data, 

etc are considered as implicit data. 

Individual 

(Item) 

Content knowledge has a variety of forms. It's 

about knowledge of the features of items that it 

is recommending, enabling it to learn what 

features a user seems to prefer. 

Content refers to the various medical 

conditions or prescribed treatment process 

having multiple factors is analogous to 

features of the items., enabling 

recommender to map patients health 

profiles diagnosed to current or 

future medical conditions. 
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Rating Ratings refer to the choices of users' interest in 

items. Ratings can be explicit, e.g. tagging a 

product, or implicit (e.g. opening a document, 

buying a product). Ratings can be Boolean, 

ordinal, or numeric in nature, requiring 

different algorithms in implementation. 

Implicit rating is the feasible choice in this 

domain. Features of EHR on a specific 

health issue can be implicitly computed to 

map the relationship with different medical 

conditions addressed for the specific 

health issue. The weighted method or 

Fuzzy rule-based approach could be used 

to generate rating values that can be 

numeric or Boolean in 

nature. 

Content-Based 

filtering 

Knowledge of the attributes of the item is 

matched with the user's profile. Domain 

experts are needed for assigning and describing 

the attributes of the item. Profile for the user is 

built through collecting inputs through his 

explicit ratings on of the item and their 

attributes or implicitly through the buying 

patterns of item. 

Prediction      of      preference      (or) 

recommendations for newer items is mapped 

based    on    the    similarities    of    previous 

Knowledge of the known health conditions 

recorded in (user profile) personal health 

record with respective treatment process 

(item). recorded are mapped. Medical 

experts are needed to assign and descript 

the treatment process for the various health 

condition. Previously diagnosed conditions 

help to map(recommend) new diagnoses 

and treatment processes for the current 

scenario of medical conditions. 

 association of user interest over interacted 

items. 

 

Collaborative 

Knowledge 

Knowledge consisting of user preferences 

or interests is gathered from a large community 

of users other than the target user is stored in a 

system as a profile. 

Individual knowledge addressing the target 

user is matched for similarity with already 

acquired social knowledge drawn from the user 

population at large This process helps to 

predict the intended target user's possible 

future association with specific items based on 

his nearest neighbor's experience and hence 

recommendations can be made. 

In e-commerce based product 

recommenders user opinions are captured in 

the form of likes and dislikes of specific 

attributes of an item or through rating scales 

explicitly, or interaction histories are taken 

from the system and 

. 

Knowledge acquired from patients 

such as clinical trials data, medications, etc 

based on specific health issues, personal 

health data are stored in a system in from 

Electronic Health Record (EHR) 

The individual patient record under 

consideration is matched against the 

collection of already available EHR to 

draw knowledge to diagnosis medical 

conditions for predicting the future 

direction and recommend treatment 

process rated for a similar state of an 

individual's health condition. 

https://www.teikyomedicaljournal.com/
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Knowledge- 

based filtering 

Knowledge acquired explicitly from the user 

through domain-specific queries defines the 

preferences or constraints for preferring an 

item It does not depend on the user's past 

experience on interacting with items such as 

knowledge about the user’s rating history. 

Here the recommendation is based on 

building a set of rules or guidelines on 

choosing an item. Then the system searches 

through its database of items with the help of 

build rules to returns suitable results. 

Knowledge of patients' data 

consisting of physical details like age, 

height, weight, etc, their lifestyle and food 

habits, allergies to specific things, 

demographic information, history of 

chronic health issues, disabilities, etc. are 

used for decision support. 

Here recommendations help to set up 

rule-base more of constraints rather than 

preferences to assist diagnosis or map 

treatment process. Example. Allergy to the 

specific tablet can recommend with 

alternate medicine available best 

recommended for above said constraint 

data., 

 

4. DISCUSSION ON MODELING HRS FOR DIAGNOSIS AND TREATMENT PROCESS 

Modeling a precision diagnosis and treatment health care recommender system has the primary objective to 

predict health status for patients and help to prescribe the best treatment process. In this regard, health 

records in electronic form(EHR) help to develop the system for clinical diagnosis and predictive analysis 

[21], [27]. EHR data needs to be properly represented to model the recommender system. segregating and 

categorizing them appropriately before applying them to the recommender system will resolve the 

challenges that lie in EHR data representation such as high dimensionality, noise, heterogeneity, sparseness, 

incompleteness, random errors, and systematic biases. In this domain, the applied model and recommender 

algorithm need to be generic to address many specific health issues which need continual health care of 

diagnosis and treatment process. But each specific health issue needs to be addressed by experts right from 

feature selection to build a profile to map patient health records and diagnosed health conditions and also to 

map treatment process for the diagnosed medical condition(MC). As shown in Fig 3 the model needs a 

cascading strategy to be constructed to represent diagnosed medical conditions and treatment processes(TP) 

are referred to as 'item' and the EHR of a patient represents the 'user' in the recommender terminology. The 

hybrid recommender model employing collaborative filtering and content- based technique (CBF-CF) 

adopting pipeline model will be the ideal choice for diagnosis followed by treatment process 

recommenders. Knowledge-based filtering and other techniques like demographic filtering can assist 

primary recommenders at stages through a parallel design hybrid model. 
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Figure 3 Shows the mapping of Electronic Health Records to the diagnosis and treatment process 

recommender model. 

 

Collaborative filtering can foresee the pattern of users' future buying of items by comparing through other 

users' experiences who have similar behavior patterns. In the health care domain similarity of medical 

conditions can be matched between the patient under consideration with the other patients with similar 

medical conditions already recorded and diagnosed in (EHR). This helps to diagnose a current medical 

condition and predict the future direction of health status in the continual treatment process. If there is 

evidence in a patient's history (recommended EHR based on similarity with target EHR of a patient) that the 

execution of a certain medical treatment activity has improved the patient's health conditions, it could be 

recommended for the intended pregnant patient(user). Such recommended activity can help her / other users 

with similar health conditions and improve their health conditions with precision diagnostics and treatment 

management. 

 

Content-Based filtering technique suits better for mapping diagnosed conditions health data (user profile) 

against the possible treatment process variants(item) for the specific medical condition. A medical expert 

with knowledge in the specific domain is needed to define and map user attribute features to item features. 

For example, the past record of the patient under consideration medical history data contained in the 

personal health record (user profile) is considered to map the recommended list of the appropriate treatment 

process (items). These are considered to be available items (appropriate treatment process) diagnosed for 

the specific medical condition having its attributes to describe. 

 

Knowledge-based filtering in the health care domain can be a useful technique when combined with other 

popular techniques. For example, it can work upon patients' support health data to set rules and constraints 

in suggesting the treatment process. For example, if a patient has a record of allergy to a prescribed 

https://www.teikyomedicaljournal.com/
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medicine then it will set a constraint rule to suggest alternate medicine available from the database similar 

to the recommended one. Less influential recommender techniques like demographic filtering and 

community-based filtering basically a type collaborative filtering method would be used in combination 

with primary recommender models to assist in diagnosis or treatment process through hybridization. For 

example, if there is a recommended list of EHR found similar to the target EHR it can be further filtered by 

applying demographic parameters to get an insight of achieving better results in recommendations. 

 

4.1 Implicit rating methods for health care recommendations 

Ratings are the binding factor to the relationship between user and items defining the affinity between them. 

The algorithms work on this relationship matrix to compute recommendations [38]. In health care domains 

like diagnosis and treatment, the implicit rating is the feasible choice. Grouping of different vital health 

parameter attributes defines a diagnosed medical condition. Values of those parameters found in patients' 

EHR (user) create the rating. The weighted aggregation method is used for rating computation. Domain 

experts are the ones who set the attributes and weights. 

IRi,p = (w1 × #param1) + (w2 × #param2) + ... + (wn × #paramn) 

 

Where 

Ri,p is the implicit rating. 

#vital health parameter value normalized for a range of values. 

w1 ... wn are weights that you set based on the domain experts inputs (needs to be adjusted when creating 

recommendations model). 

 

A fuzzy rule-based model can be devised for implicit rating calculations can be employed. health parameter 

values can be mapped to regions, rules can be constructed based on permutation combination of parameters 

range then the degree of weight to the rules are set for aggregation operations. Fuzzy outputs are discrete 

sets that can be converted as rating values [39]. 

 

5. Conclusion 

This paper addresses the building process for diagnosis and treatment recommender systems, the most sort 

and challenging domain of health care recommender systems. Besides discussing the challenges and 

recommender techniques it addresses mapping of health care data and techniques to provide vision in 

architecting the recommender system, the work discusses how different recommender techniques can be 

adopted for diagnosis and treatment process recommender systems. It discusses various recommendation 

techniques such as collaborative- filtering techniques, content-based techniques, knowledge-based filtering 

techniques, demographic filtering techniques and portrays how they can be effectively applied in the 

domain. Medical experts of the particular domain are needed in setting up profiles for diagnosis and 

treatment and rules for decision making. For example, a cardiac -care-based treatment care recommender 

system requires a cardiac care medical expert to set rules for implicit rating computation for diagnosis 

assessment of various health parameters like ECG results, blood pressure levels, cholesterol level, etc. He 

needs to set up a mapping profile for diagnosis condition and treatment process and also set up constraint 

rules for addressing health support parameters of patient like addressing allergy parameters. Similarly, for 

the maternal care domain, a maternal care expert is needed to model the recommender system. EHR data is 

challenging to represent and model due to its high dimensionality, noise, heterogeneity, sparseness, 

incompleteness, random errors, and systematic biases The success of predictive algorithms largely depends 

on feature selection and data representation. Designing the model for implicit rating is domain-specific, it 

requires contribution from experts who have clear domain knowledge. 
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In the future work, it is planned to investigate health care applications such as cardio care, maternal care 

and implement separate models using domain expertise to achieve precise automatic prediction, such as 

personalized prescriptions, therapy recommendation, and clinical trial recruitment. It is planned to apply 

deep neural-based collaborative techniques to achieve accurate results through the proper setting of network 

and tuning parameters. Further, it is aimed to adopt an appropriate evaluating strategy to verify the 

methodology and provide means for fine-tuning them to achieve scalability and flexibility. 
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