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Abstract 

In this paper, we analyze a population of asthma patients trying to predict the total cost of their 
treatment based on various demographic, clinical, and pharmacological data. We are comparing a 
neural network architecture with a simple linear regression using data from a healthcare insurance 
provider based in Louisiana. Our first focus was to explore the factors associated with the total cost of 
asthma treatment. Then we identified a sufficient threshold of data for which the neural networks 
outperform the linear regression models in terms of predictive accuracy. We showed that even with a 
simple Neural Network architecture, after approximately 6,000 randomly selected data points Neural 
Networks outperform Linear Regression almost always.  
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1. Introduction 

 
Many data scientists believe that machine learning techniques specifically, applications of neural 

networks can replace almost all traditional general linear models proposed in Statistics. They argue that 
Neural Networks (NN) don't suffer from the characteristic problems of linear models, they are more 
general, they can admit different types of input and they almost always outperform traditional models 
in predictive accuracy (Aggarwal 2018). Although these arguments might be true generally, there is an 
overlooked fact that detracts from the usefulness of NNs, that they need a large number of training data 
to start producing accurate results. In this paper, we explore this idea and compare NNs to a traditional 
linear regression model with respect to accuracy as the number of data points in the training set 
increases.  
 
Healthcare is one industry where NNs have a tremendous possibility of increasing the ability to analyze 
and predict outcomes. Healthcare data is culled from electronic health records (HER) systems and other 
databases and consists of massive datasets with multiple variables, of which few meet traditional criteria 
for performing regression analysis. Healthcare is one of the largest industries in the world, especially in 
the United States where we see the highest healthcare expenses compared to other developed 
countries. Unfortunately, the US Health System ranks last among eleven developed countries on 
measures of access, equity, quality, efficiency, and healthy lives (Davis et al., 2014). Therefore, efforts 
toward a healthcare system reform to enhance the healthcare delivery system and control costs are 
needed. NNs can assist by providing an alternative analysis to predict costs based on the information in 
those large datasets (Shickel et al., 2017). 
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This is not the first paper where Machine Learning techniques are used in the study of asthma. Many 
papers have been written on the subject of identifying on classifying asthma through ML and sound 
inputs of the patients (Prasad et al 2011).  Ours is to our knowledge the first attempt to predict the total 
cost of treatment for asthma patients with the use of structured EHR, asthma-related data, and Neural 
Networks.  
 
Specifically, this paper will compare the regression methods and NNs ability to predict the cost of 
asthma, based on healthcare usage and other patient characteristics. The National Institutes of Health 
(NIH) defines asthma as a chronic lung disease that inflames and narrows the airways. It restricts the 
passage of air into the lungs and leads to episodes of wheezing, coughing, chest tightness, and shortness 
of breath. Asthma is one of the most common and costly diseases in the US with an estimated annual 
cost of $56 billion (Environmental Protection Agency, United States, 2013). Patients diagnosed with 
asthma are associated with increased utilization of primary health services such as hospitalization and 
emergency department visits as compared to those without asthma (Behr et al., 2016). Given the high 
cost of healthcare for this particular disease, there is an urgent need to accurately predict factors that 
increase healthcare costs using new approaches to analysis. 
 
Although there is no cure for asthma, it can still be managed with proper treatment and prevention 
care. Proper asthma management particularly for high-risk patients can aid in improving the quality of 
life for patients with asthma and in controlling the cost associated with health resources utilization. 
High-risk patients are those patients that are at risk of not managing their condition, not adhering to 
their medication, and not following doctors' orders, which will result in adverse health outcomes. A 
study of a random sample of 1678 adults in Southeast Virginia found that those with asthma were more 
likely to report poor physical health and utilize more treatment services such as hospitalization and 
emergency department visits as compared to those without asthma (Behr, Diaz, & Akpinar-Elci, 2016). 
Consequently, asthma patients are characterized as frequent users of primary health services and 
represent a targeted population in care management programs. A successful investment in programs 
targeted at the right population of asthma patients may result in improved health outcomes, less 
demand for health services, and decreased cost.  
 
There are a variety of clinical and non-clinical factors that can influence the level of patients’ utilization 
of primary health services. Clinical factors include poor-quality care, insufficient care coordination 
between providers (physicians, nurses, and pharmacists), patients’ illness severity, and any adverse 
outcomes. It’s also worth mentioning that increased cost and utilization can be largely driven by 
patients’ circumstances and behavior, such as lack of social support and patients’ adherence to 
treatment, which are out of the healthcare providers’ control. Therefore, previous studies explored non-
clinical factors’ (demographic and socio-economic) influence on readmission rates and other primary 
care services. 
 
The use of predictive modeling has changed the way insurance policies are priced and managed. For 
example, machine learning-based techniques link environmental data to the number of visits to the 
emergency department for people with chronic asthma conditions (Bibi et al., 2002).   Medical insurance 
company records such as claim data can be used to make accurate predictions about future health 
conditions in their members (Vaughn et. al., 2018). While predictive modeling has far less progress in 
improving medical outcomes, its use is imperative to predict health trends among patients- predicting 
which patients are likely to be hospitalized or require specialized medicine (Goss et al., 2002). By 
identifying high-risk patients, specialized preventative treatment can be suggested proactively to 
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members.  
The paper is structured as follows. Section 1 covers the introduction and motivation. The objective of 
the study can be found in section 2. In section 3 we cover the methodology including a description of 
the data, and the technique used to include the pre-processing phase. Section 4 contains our results, 
and we conclude the paper in section 5 where we also present some future work.   

 
2. Study Objective 

 

There were two objectives in this study: (a) Identify factors associated with the total cost for asthma 
treatment and build a prediction model using machine learning techniques, specifically NNs, to predict 
that cost based on various characteristics of asthma patients. (b) Compare the model to a linear 
regression model with a varying number of training data points with respect to predictive accuracy. A 
threshold after which the NNs start outperforming the regression model was identified. 

 
 

3. Methodology 
 
3.1. Data 

 
The data source for this study was a healthcare insurance provider based in Louisiana. The company 

provides Medicaid or LaChip for qualified members through the state's Healthy Louisiana Program and 
links Medicaid-insured members to primary care providers, pharmacies, and case managers. The patients' 
data were de-identified, and a generic unique ID was created to link them across the various individual 
files.  
 
Members with asthma were identified by using the ninth revision of the International Classification of 
Diseases codes (ICD-9Dx) with 493.XXX corresponding to asthma. We note that in the tenth revision (ICD-
10Dx) the corresponding code is J45.XXX. The Drug NDC1 numbers were used to identify asthma 
medications. Patients were eligible to be included in the study if they satisfied the following criteria: (1) 
Had a record of Medicaid insurance during the study period (January 1, 2015, to November 20, 2017) (2) 
Had a primary or secondary diagnosis of asthma and (3) Had at least one primary care claim (physician 
office visit) during the study period with asthma as the primary service diagnosis. Patients who were 
deceased during the study period, patients who had no primary care claim due to asthma during the study 
period, patients who are older than 75, and patients who had missing or invalid information were 
excluded from the study to comply with HIPAA regulations to reduce the probability of identifying the 
person. Data were extracted from a MicroStrategy database provided by the health insurance company. 
The claims files contained the following information: Primary physician office visits, pharmacy 
prescriptions, emergency department visits, hospital admissions, ICU admissions, and urgent care clinic 
visits.  
 

3.2. Pre-processing 
 

Our data pre-processing and a basic analysis was conducted in R and SAS. Patients with missing 
demographic information or socio-economic indicators (zip code) were removed from the dataset. 

 
1 National Drug Code: A unique 10-digit, 3-segment number. It is a universal product identifier for human drugs in 
the United States 
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Furthermore, patients with extreme billed amount values corresponding to a single claim were removed 
from the dataset, to avoid skewing the data. Finally, patients who had zero billed amount corresponding 
to a claim were also removed. The dataset then was edited to conform to standard notations, features, 
and numeric value presentations. After removing the non-asthma claims from the clean dataset, there 
were no hospital admissions or ICU admission claims. The final dataset thus consists of 9,977 asthma 
patients of all ages including infants and adults (0 to 73 years) and has 4,651 females and 5,326 males. A 
total of 1,609 patients are enrolled in case management, which translates to approximately 16% 
enrolment rate, and 81% of the patients were aged 18 and under.  

 
3.3. Neural Networks 

 

 
Figure 1: Neural Network with one input layer of 5 and one hidden layer of 3 

 
In health care, NNs are used in clinical diagnosis, image analysis, and interpretation including drug 
development. 
 
Neural networks (NN) can be used to classify information, predict outputs, clustering and every day new 
applications appear in various data-driven fields of study. NN applications include pattern recognition 
(Ripley 2007) image processing (Egmont-Petersen et al 2002), forecasting, classification (Zhang 2000), and 
others. These tools are extremely versatile and can take many types of input. For example in their paper 
"Classification of asthma using artificial neural networks" Badnjevic et al train a NN-based model to detect 
and classify asthma and present their comparisons to other methods.  
 
Artificial Neural Networks (ANN) or just Neural Networks (Nielsen, 2015) are objectively the main tool in 
machine learning appropriate for handling large data sets (Figure 1). Like the human nervous system, NNs 
are a combination of "neurons" and "synapses" consisting of three main components: An input layer, a 
number of hidden layers, and an output layer. Each of these layers, which creates an n-layered NN, is 
connected with a set of weights and a bias factor to the next one. In addition, the combined value from 
each hidden layer is fed into a defined non-linear activation function, but if that function is fixed at the 
beginning of the analysis, only the weights and bias values will affect the output. Therefore, training a NN 
is a process of tuning the weights and bias values to get better accuracy through a Stochastic Gradient 
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Descent method. The neurons or “nodes. 
 

4. Results 

In this section, we will present some information about our data, the Neural Network architecture, 
and the predictive performance of the NN vs a backward-forward linear regression model. Figure 2 shows 
the distribution of cost which is skewed to the right as expected. This indicates that traditional statistical 
models may have a hard time predicting the total cost based on various features which prompted us to 
try non-standard methodologies through machine learning tools.  

 

 
 

Figure 2: Distribution of Costs for the whole dataset 
 

Generally, it is expected that a larger number of layers and nodes in a NN increases the prediction 
accuracy but at the cost of computational speed and memory resources. For this study and in an effort 
to maintain a balance between efficiency and accuracy, we chose an architecture of two hidden layers 
with 7 and 6 nodes each. The architecture was informed by an initial analysis of possible architectures 
with all possible combinations from 1 to 10 neurons in 2 layers (100 architectures) trained on 
randomly selected datasets of 1000 points (100 repetitions each). The 7, 6 architecture was the best 
on average over all iterations with just two hidden layers. We should also note here that an addition 
of a 3rd hidden layer with 1 to 10 neurons did not improve the accuracy of the model significantly 
when 1000 points were used. For a larger number of points, an increase in the accuracy might be 
significant enough and that will be something we explore in a subsequent paper.  
 

 
 
  
 
 

Table 1: Summary of best model counts based on the number of data points 

Data-points NN LM Total 
5,000 15 25 40 
6,000 32 8 40 
8,000 35 5 40 



The Journal of Management and Engineering Integration Vol. 15, No. 2 | Winter 2022 
 

6 
 

 
To have a robust analysis of our predictive method, we performed cross-validation with 40 random 
subsets of 5,000 data points. The training set had 4,500 (90%) points and then it was tested on the 
remaining 500 points (10%). The neural network prediction was compared to that of a multilinear 
regression model on the same learning and test sets. The Mean Square Error (average l2 norm) 
between the predicted value and the real value was used as an indicator of better prediction, for each 
of the subsets. We then averaged those MSEs over the number of iterations (40 repetitions). Note 
here that although the linear regression model always yields the same results in terms of formulas, 
the Neural Networks are different every time. This is due to the non-deterministic nature of Neural 
Networks, because of the random initialization of the weights, and the Stochastic Gradient Descent 
Method used to obtain the final weights. Still, the prediction results are similar for the various 
iterations.  
 
For datasets of 5000 points, the average MSE between the NN prediction and true value was 1.3619. 
The corresponding one between the linear models' predicted value and the true value was 1.1803. 
Out of the 40 repetitions we tried, NN's outperformed the multilinear model only 15 times. This 
implies that when using 5,000 data points, for the most part, the LM is outperforming the NN in 
predicting the total cost. 
 
The same process was repeated for datasets of 6,000 data points. Again, we compared the accuracy 
of the two models in 40 repetitions with a 90%-10% train-test ratio. This time, the NN outperformed 
the linear regression 32 times out of 40. So, with 6,000 data points, the NN starts outperforming the 
regression model.  
 
Finally, the process was repeated for subsets of 8,000 data points, again for 40 repetitions. This time 
the NN outperformed the regression model 35 times. The average MSE of the neural network from 
the true value was 1.033 and that of the linear model was 1.317. This implies that our NN outperforms 
the linear model in the prediction of the total cost based on all the other input variables as the number 
of data points increases. Table 1 provides a summary of best model counts based on the number of 
data points.  
 
The proposed threshold point based on this dataset is somewhere close to 6,000 points. It is expected 
that NN’s will continue to outperform linear regression as the number of data points increases. The 
predictive model we have created can now be used to predict the Total Cost an individual will be 
facing based on their characteristics, with a high enough accuracy. Figure 3 shows a visual 
representation of one of the networks we created.  
 
Given a patient's demographics (age and gender) and socio-economic indicator (zip code or median 
income) along with a patient's history in utilizing health services in terms of the number of claims and 
billed amount of each claim, the NN model can attempt to predict the future total cost of the patient. 
This prediction can be then used to decide whether this patient should be enrolled in case 
management or not. Alternatively, a linear regression model can be used with similar input and 
output. The question of which model to use lies in the size of the available dataset. For a small number 
of data points, a linear model will yield more accurate predictions, but for larger data sets (around or 
exceeding 6,000 data points), NNs will yield more accurate predictions. 
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Figure 3: Visual Representation of a 7, 6 NN 
 
 

5. Conclusion and Future Work 
 
In this analysis, we primarily showed that for an Asthma total cost prediction model, the linear 

regression outperformed NNs in predicting total cost for the 5,000 data points run, however, the NNs 
started outperforming linear regression as the number of data points increased. This study thus 
proposes a threshold of around 6,000 points data points needed to train NNs to outperform a linear 
regression model. It is also expected that the larger number of data points, the better the NN will 
perform compared to linear regression. 
 
This study found that asthma patients' total cost is primarily driven by the billed amount for the 
following claims: primary physician office visits, emergency room visits, pharmacy prescriptions, and 
urgent care clinic visits as was expected. Furthermore, the data analysis showed that there is a 
difference in total cost with respect to gender, and male patients have a higher asthma-related cost 
compared to female patients. Since the majority of our study population is underaged children, this 
finding is consistent with another study that reported that younger male patients who are Medicaid 
insured have higher ER visits, which translates to cost (Nath & Hsia, 2015). 
 
With respect to factors associated with frequent utilization of primary health services, we found that 
patient income and enrolment in case management were the significant factors in predicting the 
number of emergency room visits. Similar studies that looked at the effect of gender and age on 
emergency room visits, reported that emergency room visits were influenced by age, where younger 
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patients had more visits and it decreased with age (Baibergenova et al., 2005).  
For urgent care clinics visits, the patient's median income was a significant factor, patients who had 
higher income were more likely to utilize urgent care clinics. A previous study related socio-economic 
factors to another health resource utilization, and the study found that lower income is associated with 
a higher risk of hospitalization (Eisner et al., 2001). 
 
There were several limitations of this study, first, patient factors such as marital status, race, and 
ethnicity weren't captured in the claims data. Secondly, the patient's asthma severity level was not 
indicated in the data which limited our ability to examine the effect of asthma severity on cost. Third, 
our dataset was only for Medicaid-insured patients in Louisiana, which limits the external validity of this 
study's findings, our findings cannot be generalized and applied to other types of insurance such as 
privately insured patients. And lastly, the study duration is limited, as case management service 
information wasn't captured in the data system before 2015. A follow-up analysis is planned, given more 
data in the next few years.  
 
After this initial analysis, we proceeded to build a predictive model for the total cost, using an Artificial 
Neural Network through a Keras implementation in Python for subsequent years. The input variables 
are Age, gender, enrolment in case management program, and duration of enrolment in case 
management program. The information about previous years was entered including the number of 
emergency department claims, number of asthma medication claims, number of primary care office 
visits, number of urgent care clinics claims, and the billed amount for each claim for the past two years 
(2015-2016). This predictive model will be tested with new data being collected this year and the next 
one and an analysis will be presented after that.  
The corresponding codes can be found in the following GitHub Repository:  
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