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Abstract---Measurement of patient expenditure in healthcare is a 

critical task that has a variety of applications, including provider 

profiling, accountable care management, and capitated medical 

payment adjustment. Currently available methods rely on manually 

built features and linear regression-based models, both of which need 
a significant amount of medical domain expertise. and have low 

prediction accuracy. This study develops a multi-view deep learning 

system for forecasting future healthcare costs at the individual level 

based on prior claims data. Our multi-view technique efficiently 

models heterogeneous data such patient demographics, medical 

codes, medication usages, and facility usage. To execute spending 
forecasting tasks, we employed a real-world paediatric dataset with 

approximately 450,000 patients. According to the empirical data, our 

proposed technique beats all baselines for predicting medical cost. In 

the sphere of healthcare, these insights help to improve preventative 

and responsible care. 
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Introduction 

 

As a result of escalating healthcare expenses, healthcare providers and 

organisations are facing a significant problem. The United States' national health 

expenditure (NHE) grew by 4.6 According to the Centers for Medicare & Medicaid 
Services (CMS), Medicare spending increased by 17.7% to $3.6 trillion in 2018 (or 

$11,172 per person), accounting for 17.7% of GDP (GDP). Medicare expenditure 

jumped by 6.4 percent to $750.2 billion, while Medicaid spending rose by 3.0 

percent to $597.4 billion. 1 If medical costs continue to rise at their present pace, 

the healthcare system will become unsustainable.[1]. 
 

It is vital to keep healthcare expenditures from rising out of control and to reduce 

individual medical bills. Claims data is a sort of Electronic Health Records (EHR) 

that includes demographics, diagnoses, treatments, medications, and facility 

information. One of the most thorough sources for analysing individuals' health 

concerns is claims data from the National Health Expend Data System. The 
increasing volume of claims data presents a fresh and promising way to tackling 

healthcare cost problems. Data-driven models may be constructed using 

historical claims as a starting point to provide critical insights into expenditure 

trends. For example, an accurate medical cost projection model at the individual 

level can aid in the identification of persons who are at high medical risk and the 
provision of better treatment. 

 

The majority of existing solutions for forecasting patient expenditures [2], [3] 

involve handcrafted characteristics and linear regression-based models. The 

Diagnostic Cost Groups (DCG) [4] technique, for example, uses linear regression 

to forecast healthcare costs based on diagnostic classifications created by topic 
specialists manually. Based on the aggregate medical codes and custom cost 

components, Bertsimas et al. [5] constructed a Classification And Regression Tree 

(CART). These models aid in the forecasting of healthcare costs. 

 

However, they are limited by the following factors: 1) To organise high-
dimensional medical codes into semantically relevant categories, they depend 

heavily on domain knowledge. 2) They overlook a wealth of data in claims data, 

such as facility use, temporal data, and medical code connections. 3). The 

predictive ability of the linear regression-based model is limited., resulting in sub-

optimal model performance. The purpose of this research is to fill in the gaps in 

the literature. Our research has been affected by a number of observations. To 
begin with, claim data includes a wide range of information. As indicated in 

Figure 1, various domains, Medical codes, facility usages, and demographics, for 

example, may include a variety of attributes and data formats. These domains are 

useful for budgeting, but modelling them using general-purpose machine learning 

or deep learning models is difficult. 
 

A multi-view deep learning system for learning and predicting medical 

expenditures and learning efficient and interpretable patient representations. To 
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utilise heterogeneous information in claims data from many perspectives, we use 

a feed forward neural network, an attention-based bidirectional recurrent neural 

network, and a hierarchical attention network. 

 
The purpose of this study was to develop a model that could accurately forecast 

expenditures based on prior claims. Prior study has indicated that healthcare 

expenditure is episodic and inconsistent, whereas other research has discovered 

that healthcare spending is strongly linked to time. The usefulness of projecting 

expenses by modelling past claims is related to the degree of unpredictability in 

the healthcare utilisation pattern. We looked at the temporal connection of yearly 
spending at the person level using our paediatric dataset. 

 

This study develops a multi-view deep learning system for forecasting future 

healthcare costs at the individual level based on prior claims data. Our multi-view 

technique efficiently models heterogeneous data such patient demographics, 
medical codes, medication usages, and facility usage. To execute spending 

forecasting tasks, we employed a real-world paediatric dataset with approximately 

450,000 patients. 

 

Formulation 

 
In this study, we apply Random Forest, Extreme Gradient Boosting, Decision 

Tree, Ada Boost, CNN, and LSTM. The LSTM solves issues by learning new 

information and forgetting old information via assigned gates. A cell, an output 

gate, and a forget gate are the three components of a standard LSTM unit. The 

cell's main function is to recognise values across random time intervals, while the 
gates control information flow into and out of the cell.  

 

The random forest approach relies on a variety of arbitrary assumptions, such as 

collecting training data at random, splitting nodes at random, and only 

considering a fraction of all attributes when dividing each node in a basic decision 

tree. Random forest trees learn from a random sample of data points during 
training. In a random forest model, there are a plethora of trees. By averaging the 

predicted outcomes of trees, the model creates a forest. 

 

Three random notions are used in the method: randomly choosing training data 

when creating trees, randomly selecting specific subsets of variables when 
dividing nodes, and only considering a fraction of all variables when splitting each 

basic decision tree's nodes. For each basic tree in a random forest, the dataset is 

drawn from a random sample. For in-built cross-validation, regularisation (to 

minimise overfitting), rapid handling of missing data, catch awareness, tree 

trimming, and parallelized tree construction, Extreme Gradient Boosting is used. 

A Choice Tree's purpose is to build a model that can predict a target value based 
on basic decision rules learned from input qualities. This approach offers a 

number of advantages, including being easy to perceive and grasp, as well as the 

ability to handle problems with several outputs. 
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Boost Ada 

 

Boosting techniques are a collection of algorithms that aid in the development of 
weak learners. Boosting is a method of teaching poor learners consecutively in 

order to modify their previous predictions. 

 

CNN 

 

The term "neural networks" refers to a notion. In a typical Neural Network, there 
are three types of layers. Input Layers (Layers of Input): It's the layer where we 

input our model data. The number of neurons in this layer is equal to the total 

number of attributes in our data (number of pixels in the case of an image). Layer 

that isn't visible: The input layer sends the data to the hidden layer. There might 

be a lot of hidden layers depending on our model and the amount of data we 
have. The hidden layer's output is then sent into a logistic function like sigmoid 

or soft max, which converts each class's output into a probability score for that 

class. 

 

Voting classifier 

 
There are many different types of voting classifiers, and they all use machine 

learning to predict the outcome of a vote. Each estimator's output may be 

aggregated using a voting criteria. After we've trained all of the algorithms, we 

need to double-check their accuracy. The algorithm with the best accuracy will be 

used to anticipate spending. Following the discovery of the best algorithm, we 
enter the user's data, and the algorithm predicts the optimum medical 

expenditure for him/her based on the user's data. 

 

Algorithm and Process Design 

 
Flow chart 1: predicting patient expenditure 
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Algorithm-1 

 

1. Upload dataset: We will upload the dataset using this module. 

2. Clean dataset: Using this module, remove null values from the dataset. 
3. Run machine learning algorithms: this module is used to partition train and 

test data in order to construct a model for prediction utilising all machine 

learning methods. 

4. User Registration: This module is used to register new users on the site. 

5. Predicting Patient Spending: We will use this module to submit patient 

information after patient expenditure has been calculated. 
 

Data Gathering 

 

Partner for Kids gathered administrative claims data from the Medicaid 

programme (PFK). PFK is one of the nation's biggest nonprofit health care 
organisations, providing integrated services to children throughout south-central 

and southeast Ohio. From January 2013 to December 2014, we collected more 

than 8,500,000 medical records from 450,000 individuals. Enrollees must be 

eligible to participate in the studies from January 2013 to December 2014. 

Continuous eligibility enforcement is used to keep patients who have just been 

enrolled for a brief time yet have significantly changeable profiles compared to the 
general population out of the study. 

 

Metrics for Evaluation 

 

Area, F1-Score, and Accuracy of Receiver Operation The Receiver Operating 
Characteristics Area Under the Curve (ROC-AUC) measurements are what we use 

to gauge how well our models are working. In order to acquire an F1-score and 

Accuracy, the FPR=False Positive Rate must be calculated. 

True Positive Rate is referred to as TPR. 

 

Accuracy 
 

Accurately recall the F1-score 

Based on the following, values are computed: "True positive" (TP) indicates that 

the number of occurrences was correctly determined. 

False negative (FN): the number of occurrences that were mistakenly anticipated 
and unnecessary. 

FP = the number of occurrences that were incorrectly predicted. 

"True negative" (TN) refers to the amount of events that have been correctly 

anticipated but are not essential. 

Machine learning accuracy is measured by the False Positive Rate (FPR). In 

layman's terms, 
FPR=FP/(FP+TN) 

True Positive Rate (TPR): As a synonym for recall, TPR is defined as FP/(FP+TN). 

Accuracy: The most essential performance metric is the ratio of accurately 

predicted observations to total observations, which is simple to calculate. 

Accuracy=(TN+TP)/(TP+FP+TN+FN) 
Recall: This is the ratio that properly anticipates positive observations in the 

original data from all observations. 
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TP/(TP+FN) = Recall 

Precision is utilised to compute the values that have been accurately identified. 

This implies subtracting the total number of accurately predicted positive 
softwares from the total number of softwares anticipated positive. Precision is 

defined as TP/(TP + FP). 

The F1-score is a method of combining the model's accuracy and recall, and it is 

defined as the mean of the model's precision and recall. It's also known as the F-

score. F1 Score = 2(Precision Recall/Precision + Recall) is the formula. 

The area under the ROC-AUC curve from prediction scores is used to calculate 
ROC-AUC, which is another useful statistic for classification issues. 

 

Models used in this work 
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Result and Discussion 

 

 
Fig-1 : Training  and Testing Dataset 

 
Fig-2: Dibatis problem analysis 
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Fig-3: Blood Pressure Problems analysis 

 

 
Fig- 4: Known Allergies study 

 
Fig-6: Number of Major Surgeries study 
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Fig-7: Correlation between the features and the label 

 

 
Fig 8- Neural Network Multiview Plain code 

 

 
Fig 9- Neural Network LSTM MultiView 

 

Conclusion 

 
To capture the heterogeneous information inside claims data, this paper provides 

a multi-view deep learning architecture. Separate data fields are represented as 

different views in our system. A feedforward neural network is used to integrate 

non-sequential demographic variables, an attention-based bidirectional recurrent 

neural network is used to capture sequential facility utilisation, and a 

hierarchical attention network is used to learn medical code information in the 
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proposed model. The attention mechanism determines the significance of input 

variables and interprets the projected outcome. 
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