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Abstract
Objective
A more equal allocation of healthcare funds for patients who must pay high costs of care ensures the welfare of society. This study aimed to estimate the optimal co-insurance for outpatient drug costs for health insurance.

Setting
The research population includes outpatient prescription claims made by the Health Insurance Organization that outpatient prescriptions in a timely manner in 2016, 2017, 2018, and 2019 were utilized to calculate the optimal co-insurance. The study population was representative of the research sample.

Design
At the secondary level of care, 11 features of outpatient claims were studied cross-sectionally and retrospectively using data mining. Optimal co-insurance was estimated using Westerhut and Folmer's utility model.

Participants
One hundred ninety-three thousand five hundred fifty-two individuals were created from 21 776 350 outpatient claims of health insurance. Because of cost-sharing, insured individuals in a low-income subsidy plan and those with refractory diseases were excluded.

Results
Insureds were divided into three classes of low, middle, and high risk based on IQR and were separated to three clusters using the silhouette coefficient. For the first, second, and third clusters of the low-risk class, the optimal co-insurance estimates are 0.81, 0.76, and 0.84, respectively. It was equal to one for all middle-class clusters and 0.38, 0.45, and 0.42, respectively, for the high-risk class. The insurer's expenses were altered by $3,130,463, $3,451,194, and $ 1,069,859 profit for the first, second, and third clusters, respectively, when the optimal co-insurance strategy is used for the low-risk class. For middle risks, it was US$29,239,815, US$13,863,810, and US$ 14,573,432 while for high risks, US$4,722,099, US$ 6,339,317, and US$19,627,062, respectively.

Conclusions
These findings can improve vulnerable populations' access to costly medications, reduce resource waste, and help insurers distribute funds more efficiently.
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Strengths and limitations of this study

	➢ The estimation of optimal co-insurance can be used across the entire nation because it is based on data from the national health insurance system, and the research sample is matched to the population.

	➢ Researchers and policymakers may be able to compare the findings of this study with those of other studies because the results of estimating co-insurance for each cluster in each class are expressed as a percentage (rate).

	➢ The health insurance company ensures that they do not pay for all medications in their outpatient claims.

	➢ The results are unreliable because the income information for each insured was based on an artificial neural network's assessment, and was therefore approximate.





Introduction
In the 20th century, governments worldwide pursued the goal of achieving universal health coverage. However, this endeavor was accompanied by formidable challenges, notably resource constraints and escalating healthcare costs. Simultaneously, health systems strove to shield individuals from the financial burden associated with illness [1]. In 2000, the World Health Organization underscored the paramount importance of prepayment proportions in healthcare financing, emphasizing the reduction of out-of-pocket expenses and the alignment of prepayments with individuals' financial capabilities to prevent impoverishment [1]. Equitable healthcare financing entails that those with greater means contribute proportionally [2] and that healthcare expenditures, particularly in the domain of pharmaceuticals, do not impede essential life needs [3]. Ensuring affordable and accessible medicines plays a critical role in healthcare delivery, significantly influencing both therapeutic and preventive services [4]. Facilitating access to essential medications serves as a fundamental performance indicator for healthcare systems, mitigating the burden of illness and extending life expectancy [5].
Recently, the absolute and relative costs of medications have emerged as a central concern for policymakers globally [6]. According to the 2011 World Health Organization report on drug status, medication costs constitute a range of 1.41% to 1.63% of the gross domestic product, with variations depending on regional disparities and income strata, manifesting a significant difference of 0.2%–3.8% of GDP between these two bounds. Notably, medication costs typically represent the second or third largest component of overall healthcare expenses in all countries following hospital admissions and physician visits [7, 8]. Moreover, in many economically disadvantaged nations, pharmaceutical expenses account for a substantial share of total healthcare expenditure, ranging between 20% and 40%, in contrast to 10% to 20% in more economically advanced countries [9]. Generally, low-income countries allocate a greater proportion of their total healthcare budget to medications, averaging 24.9% of global healthcare expenditure but varying from 7.7% to 67.7% across nations [8].
Medications have consistently maintained distinct significance as essential commodities and fundamental necessities [10]. From an economic perspective, particularly within the domain of health economics, the level of pharmaceutical utilization is a pivotal indicator within the healthcare systems of nations, significantly contributing to the overall rise in healthcare expenditures and imposing a substantial societal and individual burden [11]. In this context, resource constraints often impede the ability to procure an adequate supply of medications to meet the needs of disadvantaged populations. Impediments to access, including prescription expenses, household income, and other pertinent considerations, further compound this predicament [12]. The extent of patient contributions to prescription expenses varies across drug categories in the United States, with the government offering separate subsidies to support specific population segments. In this nation, medication expenses constitute 10% of healthcare costs and account for 31% of out-of-pocket expenses. Medication utilization in the United States is subject to various determinants, including the aging population, insurance coverage, and, to a certain extent, individual financial capacity [13]. Across different countries, patients bear varying out-of-pocket drug expenses, with the highest percentages observed in Finland (36%), Canada (28%), South Korea (27%), Sweden (22%), Germany (15%), Spain (6%), and Iran (30%) [14].
The payment of medication costs, coupled with the associated technical fee for each prescription, is an obligatory requirement for pharmacies to dispense drugs to patients. Consequently, a patient's ability to pay is a pivotal factor that influences access to prescribed medications. Notably, a survey revealed that over the course of a year, 13% of individuals with Medicaid or public insurance and 5% of those with private insurance refrained from obtaining prescriptions because of financial constraints. This is despite the insurance mechanisms being designed to mitigate patients' out-of-pocket expenses. Furthermore, the report highlights that 22% of individuals with insurance coverage and 45% of those lacking insurance altogether avoid visiting pharmacies because of the unaffordability of prescription drugs [15].
Elevated service costs, particularly pertaining to prescription expenses, possess the potential to dissuade individuals from seeking healthcare, thereby exposing them to financial hardship [16]. Moreover, the cost of medications is increasing at a rate surpassing the per capita medication budgets [13]. When healthcare insurance aims to facilitate access to care, copayments must be meticulously designed [17]. The seminal RAND experiment of the 1970s demonstrated that co-insurance models led to reduced healthcare spending, with an estimated price elasticity of -0.2, signifying that a 1% price increase results in a 0.2% decline in healthcare demand [18].
Numerous determinants, including age, sex, and socioeconomic status, play influential roles in shaping individuals' patterns of healthcare utilization. The affordability of health care is significantly contingent on the extent of insurance coverage. Additionally, health insurance organizations are subject to diverse factors, including patient preferences, service quality, financial considerations, socioeconomic circumstances, urban or rural settings, and the nature of medical conditions [19].
Empirical evidence illuminates the imperative role of cost-sharing mechanisms for both patients and insurers within the healthcare realm. Governmental responsibility is underscored in light of the burgeoning costs associated with medications and the pressing need for accessible high-quality drugs. Co-insurance has emerged as a viable strategy for cost management and the support of vulnerable demographic segments, aligned with empirical findings [17]. Co-insurance mandates that patients contribute a proportion of their treatment expenses, with two prevailing primary models: fixed and variable. Fixed co-insurance constitutes 30% of outpatient expenses in Iran, with health insurance organizations covering the remaining 70%, irrespective of service type or demographic attributes. By contrast, variable co-insurance introduces a dynamic element, adjusting the patient's share based on the cost of care, thereby promoting cost-effectiveness and equitable access [20].
It is imperative for all stakeholders, including insured individuals, patients under health insurance, and health insurance organizations, to ascertain the optimal level of co-insurance for various categories of pharmaceuticals, encompassing both acute and chronic treatments, while considering behavioral responses. Co-insurance, whether fixed or variable, can lead to excessive costs or resource inefficiency, if not underpinned by equitable support, comprehensive cost coverage, and risk-sharing principles contingent upon individuals' behavioral choices [21].
As a fundamental imperative, governments must allocate healthcare resources in a manner that enhances the fairness of the financial participation index, thereby expanding access to healthcare services and curbing the percentage of low-income and vulnerable households that grapple with exorbitant health-related expenses. The findings underscore that the proportion of households incurring healthcare expenses and the number of households at risk of vulnerability due to unaffordable healthcare costs should not escalate [22].
This study provides valuable insights into the capacity of health insurance organizations to adapt their co-insurance policies in response to dynamic factors, such as fluctuating drug prices, evolving healthcare costs, and the specific attributes of insured individuals. These organizations often grapple with resource limitations, necessitating strategic resource allocation to mitigate the financial burden incurred by individuals subjected to high co-insurance rates [22]. This research addresses situations where individuals may not be fully attuned to the economic implications of their healthcare decisions, potentially resulting in excessive resource utilization. The primary focus of this study is the optimization of co-insurance structures to concurrently achieve two central objectives: cost containment and preservation of unimpeded access to healthcare services without imposing significant financial constraints [21].
This study contributes significantly to the existing literature by introducing a novel and innovative perspective. It fills a critical void as prior studies predominantly concentrated on the adequacy of co-insurance rates within the context of drugs designed for specific medical conditions. Consequently, this study represents an original and distinct contribution by incorporating a comprehensive analysis of optimal co-insurance rates [21].
This study adopted a multifaceted approach, entailing a meticulous examination of outpatient prescription patterns among insured patients. This analysis encompasses an array of factors, including risk profiles, demographic characteristics, and financial considerations, across diverse categories of medications, spanning both acute and chronic treatments. The overarching objective is to delineate distinct clusters of insured individuals, based on their distinctive characteristics and risk profiles. Subsequently, the research endeavors to identify the most fitting variable co-insurance structures for each cluster, carefully tailored to their respective risk profiles, demographics, and financial implications of their outpatient medication requirements, spanning both acute and chronic health conditions. This holistic evaluation extends to the supply side, where the study quantifies the potential resource savings and cost dynamics realized through the implementation of these optimized variable co-insurance models within the health insurance system over a predefined temporal framework.

Methods
Data, participants, and eligibility criteria
There were no missing data points in the collection of data from the health insurance company, indicating that the organization itself carried out extensive data cleaning and validation processes on the dataset. Ensuring the correctness, completeness, and dependability of the dataset, this rigorous data-cleaning method complies with industry requirements. Thus, the data is quite trustworthy and appropriate for thorough analysis and study in the field of healthcare. Also, according to the data gathered, every four years (2016–2019), 21 776 350 outpatient prescription claims were isolated from one another based on the particular codes and eleven characteristics of the outpatient prescription. The researcher converted the outpatient prescriptions to each insured using these identification codes. With Python software, basic mathematical operations such as addition and multiplication were performed by applying the necessary codes.
The National Health Insurance Organization outpatient prescription claims from 2016 to 2019 were included in the study population. These claims data were used because the demographic data and prescriptions from 2016 were accurately registered. In this study, the population is represented by the research sample, and the data of the sample—each outpatient prescription claim in full throughout the course of the years 2016, 2017, 2018, and 2019—were used to estimate the optimal co-insurance. Additionally, data from the Statistical Center of Iran were used to acquire income information from the insured. Iranians with health insurance who receive insurance subsidies for low-income individuals as well as those insured with insurance coverage for refractory disease from the target sample due to their zero cost sharing in insurance programs were eliminated from the sample in accordance with the topic of cost sharing and the main objective of the research.

Study design and setting
Health insurance outpatient claims were polled to gather the necessary statistical information for the current study, which is cross-sectional, retrospective, based on secondary care and secondary health insurance data. By consulting with the National Health Insurance Research Center and looking through health insurance outpatient claims, the necessary data were gathered. Excel 2016 software was used to gather data from the currently accessible sources. The Information Department of the Health Insurance Research Center thereafter offered a list of medications covered by health insurance. The World Health Organization defines chronic disease as having a persistent duration, typically advancing slowly, and not being passed from person to person; acute disease is a term used to describe a disorder that often manifests fast and goes away in under six months and was used by three specialists to divide medicines into two drug groups for acute and chronic diseases [23]. In light of the problem of overlapping prescriptions, experts believe that when drugs are suggested for both acute and chronic conditions, they are included in a group that is more commonly used and prescribed for that disease (acute or chronic) [14].

Variables
Among the features that can be mentioned for all insured in each cluster throughout a four-year period are demographics: gender, age (categorized as [1-10], [10-20], [20-30], [30-40], [40-50], [50–60], and ≥ 60), main (being a householder or family member), total average number of medicines, total average number of medicines for acute and chronic disease, total average insurance paid, total average franchise (co-insurance cost paid by insured), total average number of prescriptions, total average insurance paid and deductions, total average income (estimated income for each insured using artificial neural network), and total average deduction (deductions per prescription).

Statistical analysis
By implementing advancements made with growing attention, the majority of insurance firms have switched from their standard and established methods of offering insurance services to new offerings with targeted consumer segmentation. Data-mining systems analyze and store data from databases that contain information on insurance, contracts, and associated data. Data mining can be a combination of machine learning techniques, pattern recognition, statistics, database theory, summarizing and interacting between concepts, and finding interesting patterns automatically from the databases of large organizations whose main mission is to help the decision-making process by extracting knowledge from the data. Data mining has been used to discover hidden knowledge in existing databases in the insurance industry and improve this field [24]. By identifying key variables and their interactions, data mining may assist insurance businesses in making critical decisions and translating the findings into useful and applicable outcomes such as service development, trover analysis, and resource distribution [25].
It should be emphasized that the initial data obtained from the insurance organization were comprehensive and contained no missing data prior to using the k-means approach to cluster the data.
Regarding this matter, obtaining primary data revealed there were 21 776 350 outpatient prescription claims isolated from one another every four years (2016–2019) based on the specific codes and 11 features of the outpatient prescription. The researcher then converted the outpatient prescriptions for each insured using these identification codes. Python software was used to perform basic mathematical operations, such as addition and multiplication, after applying the necessary codes and reviewing the pertinent data to become familiar with the data, identify data quality issues, discover a fundamental view of the data, and identify the subsets required to create hypotheses.
Subsequently, all operations that go into building the final dataset are included in the data preparation step (the data imported from the initial raw data to the modeling tools). No particular order is apparent in the data preparation tasks, which are most likely to be conducted multiple times. As part of this work, features must be registered and chosen, and the data must be transformed and cleaned for use as modeling tools. Prior to processing the extracted information from the data repository, data cleaning, which is a component of data preprocessing before data mining, is crucial. Data cleaning also refers to the process of enhancing data quality by eliminating errors and inconsistencies. The primary objective of data cleaning is to speed up and simplify the extraction process while improving the quality of data in the database [26].
To establish the low-, middle-, and high-risk thresholds, we calculated the interquartile range (IQR) of the cluster sizes. We classify the insureds into three classes—low, middle, and high— to examine particular sets of clusters and categorize the risk assessment of the insured based on the number of prescriptions and medications each insured has. Based on the previously indicated theoretical framework, the risks posed by the insured can be divided into the following categories. Then, to identify the low-, middle-, and high-risk thresholds, we calculated the interquartile range (IQR), which is the area between the third and first quartiles of cluster sizes. We collected insureds with an IQR of 48 388–96 776. We defined low-risk clusters as being below IQR, middle-risk clusters as being within it, and high-risk clusters as being above it.
Data mining techniques are divided into "supervised" and "unsupervised" approaches, according to the most widely used and recognized classification system among professionals. Supervised techniques aim to identify the relationship between an output (dependent) variable and an input variable (features or attributes) (or desired attributes). Unsupervised approaches are utilized when prior knowledge of the dependent variable is not available. Because the dependent variable (optimal co-insurance) in the current study does not yet have known characteristics, and the pertinent data are not yet labeled, the unsupervised method (clustering) was used. Additionally, optimality theories and regression functions related to these monitoring methods were used to estimate optimal co-insurance.
Clustering is one of the most helpful methods for finding groups, determining interest distributions, and identifying patterns in data. The grouping of transactions, observations, or statuses into comparable classes is a data-mining operation known as clustering. A cluster is also a collection of records that are similar to and distinct from those outside the cluster. Clustering does not have a target variable and does not classify, estimate, or predict the value of the target variable [27]. Depending on the type of data, cluster shape, data interval, etc., various clustering approaches are available in the clustering field. These methods, such as fuzzy, hierarchical, and partitional clustering, have diverse working principles and are predicated on specific premises. K-means, defined as follows, is a partitional clustering technique. The clustering will be more accurate if more features are picked because selecting acceptable features is the clustering system's most important decision. Clustering was done in this study using 11 features from the k-means method. The K-means approach is one of the most popular clustering methods. The key factors influencing its appeal are its convenience, efficacy, ease of execution, and practical effectiveness [28].
As a popular technique algorithm, K-means is employed. It uses the distance as the unit of measurement, identifies the K data clusters, computes the average distance, and then returns the starting centroid. The centroid of each cluster provides a description [29].
The objective is to reduce the overall average value by forming disjoint sets of n data points (× 1, × 2,…, xn) into k n sets (S1, S2,…, Sk) (including the square distance from the point to the centroid). Consequently, the optimization objective is to discover:[image: $${argmin}_s\frac1n\sum_{i=1}^k\sum\nolimits_{x\epsilon s_i}{\Arrowvert x-\mu_i\Arrowvert}^2$$]




That [image: $${\mu }_{i}$$] represents the average of the points in [image: $${s}_{i}$$].
Each point should be assigned to the same cluster as the center closest to it. This is step 1. Choose one initial set at random to serve as the initial centroid.
Step 2. Allocate every point to the cluster that has the same centroid that is nearest to it, indicating that the following formula must be met:[image: $$s_i^{(t)}=\left\{X:\left\|X-\mu_i^{(t)}\right\|^2\leq\left\|X-\mu_j^{\left(t\right)}\right\|^2\forall_j.1\leq j\leq k\right\}$$]




[image: $${S}_{i}\cap {S}_{j}=\varphi\;{\forall }_{i}.j\le k$$]. In other words, a point can only be assigned to one of several centroids if they are all equally far from it.
Step 3: To update the category’s cluster center, the mean value of all items in that category is used.[image: $${\mu }_{i}^{(t+1)}=\frac{1}{\left|{S}_{i}^{t}\right|}\sum_{{X}_{j}\epsilon {S}_{i}}{X}_{j}$$]




Step 4: Assess any changes in the cluster center and objective function values [image: $${\mu }_{i}^{(t+1)}={\mu }^{t}$$] ∀i ≤ k. This indicates that the cluster allocation will not change on update if the allowed number of iterations is achieved. If not, proceed to step 2 [30].
In addition to measuring how effectively an observation is clustered, the silhouette coefficient calculates the typical separation between clusters. The mean score for each point included in the dataset provides the foundation for [31]. The proximity of each point in a cluster to those in its neighboring clusters is determined by this index. Therefore, according to this definition:[image: $${S}_{i}=\frac{{b}_{i}-{a}_{i}}{{\text{max}}\,({b}_{i}.{a}_{i})}$$]



where bi is the average distance between the data and the closest cluster inside its own designated cluster, and ai is the average distance between one data point and all other data in the same cluster. Si has a range of -1 to + 1, and a high positive value indicates a strong cluster of data. When Si is close to zero, object i may be considered to be in both clusters.
Next, normalization is performed using min– max scaling, a type of feature scaling. Furthermore, we employ the grid search approach to create the ideal parameters from each cluster’s default parameters, allowing us to compare cluster outcomes based on the best parameter and illuminating the effects of hyper-parameters for future research and better decision-making [32].
As the household income of the insureds could not be calculated, unlike other variables in the health insurance data, the insureds were identified and categorized on the basis of their responses to the codes related to the payment of insurance premiums to calculate the household income using the cost– income questionnaire of the Iranian statistical center. The insureds under other insurances were removed from the samples after identifying the pertinent codes. After all, the steps had been taken, a sample of 38 319 individuals was analyzed to use an ANN technique to estimate the income of the insureds by the Iran Health Insurance Organization.
Artificial neural networks are used for various tasks, including data fitting and attempting to find the optimum fit by modifying the network’s parameters. Generally speaking, neural networks are made up of layers of neurons, each of which connects to the outside world through its inputs and creates the outside world by its outputs [33]. The first step of the neural network is to locate and examine the variables that affect income. The output index is important because the model’s ultimate goal is to estimate the insured’s income using already-existing indicators such as age and sex as well as details about the income of 38 320 insureds that was obtained from the household income-cost questionnaire. Consequently, 19 3552 are generated as estimated annual income. Following these steps, the neural network was trained using various permutations according to the technique used to determine the number of layers and neurons. All of these Python software implementations of the network have the same transfer functions for the hidden and output layers, which are linear and hyperbolic tangent functions, respectively.
Each layer underwent Relu activation, with the first layer including 50 neurons, the second layer containing 50 neurons, the third layer containing batch normalization, the fourth layer containing 50 neurons, the fifth layer containing 20 neurons, and the buried layer containing one neuron. The shap’s neural network’s sensitivity analysis method revealed that 45% of gender and 55% of age were important variables.
Additionally, the MSE for the training data was 8.9 *10 12 and for the test data was 2.9* 10 16 while the learning rate was 10 −4. The high values of these amounts highlight the limitations of the indicators used for an accurate income estimate. This implies that income cannot be accurately anticipated based solely on age and sex.
Finding out how much each insured in each cluster should pay the optimal co-insurance rate is in accordance with economic theories because data mining does not by default optimize the amount of co-insurance of outpatient drug expenses of health insurance insured and only provides the necessary platforms to achieve this goal. Optimization is at the core of economics, as described in the literature on economic theories. The representative household maximizes the benefits of the consumption portfolio within its planning horizon and reduces the expenses of the business enterprise’s objective function within the optimizations. Unconstrained optimizations are essentially irrelevant to economics because they are not defined in the context of employing constrained resources [34].
When a decision-maker has an objective function that he wants to maximize or minimize, the scenario is referred to as constrained optimization. He has n decision variables [image: $$\left({x}_{1}{.x}_{2}.\dots .{x}_{n}\right)$$] to accomplish this goal, but he is constrained and cannot freely choose the values of all the variables. Since society’s members are not totally free to choose their own insurance coverage against the costs of illness because they are not permitted to have less than a minimum level of support, this insurance should be created in a way that allows a person with rational consumption to choose it. and stop free riding brought on by other people’s actions. From the standpoint of the insured, this issue influences the design of health insurance contracts [35]. When an insured has comprehensive coverage and access to health products with no effective cost, this increases his/her desire to consume to the point where his/her marginal utility is zero (saturation value). The extent to which this comprehensive coverage is not provided depends on the type of medical services offered. There are limits on the amount of consumption, the price of services, and the total expenses (multiplied by the price of consumption) in relation to this amount of compensation (reimbursement), supplied, the providers, and the amount of compensation paid by the insurer [36].
The most general condition, which is typically separated into cost sharing in various ways by the insured, is shown by spending limits. In proportional cost sharing, insurers typically cover the ratio b of all treatment expenses, whereas individuals cover the ratio 1-b = c, or the co-insurance rate. Therefore, the insured’s effective cost of treatment is equal to c of the service provider’s charge, and the insured is concerned when the co-insurance rate rises in relation to the price of effective care [36].
Plans for health insurance are subject to restrictions such as co-insurance worldwide. If it is evident that the lack of co-insurance in this type of insurance leads to excessive consumer moral hazard, health care demand consumers may face significant risk if they choose not to use co-insurance. In actuality, having insurance with co-insurance is preferable to going without insurance or having insurance with full coverage in terms of wellbeing. This problem is congruent with the literature in this area, which demonstrates that optimal (desirable) insurance strikes a compromise between the welfare gained from risk sharing and the lack of welfare caused by moral hazard [35].
The research by Westerhout and Folmer, which was used to estimate the optimal co-insurance for outpatients and inpatients, is the foundation of the model under consideration [35]. There is only one medical product (outpatient pharmaceutical services) in the current study model, which is a best-informed product, and the customers are in various states depending on the kind of risk they are exposed to. Positive out-of-pocket spending; however, prices are lower than the highest co-insurance. This model offers a straightforward framework for the potential continuity of medicinal items and health conditions (depending on risk) (outpatient pharmaceutical services).
The highest utility that can be attained by paying attention to its properties (strictly concave) is related to a risk-averse person if we assume that the individual’s utility depends on the consumption of health care goods (medicines) and is directly dependent on his/her health status (type of risk).
where Z is the amount of health care consumed, C is the number of non-medical services consumed, and Y is the amount of income the consumer earns. Consequently, the utility function is as follows [37]:[image: $$U=C-1/2BC^2+\gamma Z-1/2\delta Z^2\qquad\quad0\leq B&lt;\frac1y.\delta&gt;0$$]

 (1)



According to this study’s practical definition of the variables, maximizing consumer utility aims to either improve the insured’s quality of life or lower drug costs in the household consumption portfolio (implicitly lowering the insured's out of pocket for drug expenses). Consumption of medical services, use of prescription medications, receipt of patient prescriptions, and other care registered for each patient under health insurance, as well as income, including the householder’s income for the householder and other family members.
The range of parameter B ensures that non-medical consumption has a marginal utility, and 1-By is always positive. In addition, it displays patient heterogeneity in terms of risk status and illustrates the differences between various risk levels. In other words, utility is impacted by risk status because it raises the impact of medical care (or, more specifically, the use of drugs).
Equation (1) demonstrates that relative to the marginal utility of obtaining medical treatment, according to Latmer and Finkelstein’s studies on the separability of preferences for medical and non-medical service consumption, the marginal utility of non-medical service consumption declines as the health state worsens [35]. These findings change the consumption portfolio toward non-medical products and, in the event of health worsening, toward healthcare, which is similar to the design of our model in this study (drug consumption).
The value of parameter b, which is [image: $$0\le b\le 1$$], defines the co-insurance rate (current pharmaceutical co-insurance premium for each prescription). where represents the cost of the healthcare service provider (drug costs), bt represents the out-of-pocket cost of drugs, and p represents the monthly insurance premium that each family member must pay.[image: $$\begin{array}{cc}\begin{array}{cc}{\text{c}}={\text{y}}-{\text{p}}-{\text{btz}}&amp;\qquad 0\le {\text{z}}\le \frac{{\text{m}}}{{\text{bt}}}\\ {\text{c}}={\text{y}}-{\text{p}}-{\text{m}}&amp; \frac{{\text{m}}}{{\text{bt}}}\le {\text{z}}\end{array}&amp; \end{array}$$]

 (2)



The consumer’s budget is limited in a non-linear manner based on the maximum co-insurance contribution, or m. According to Eq. (2), where the value of the parameter that indicates the consumer’s health status is present, the utility function (assumption of optimality) is maximized by the consumer (insured risk).The parameter [image: $$\upgamma$$] can only receive three values as a result of this.
First, if [image: $${z}_{1}=0$$], then [image: $$\upgamma$$] can be [image: $${\gamma }_{1}$$]. This is equivalent to the healthy consumer who has no need for medical care.
Second, if [image: $${{\gamma }_{2}&gt;\gamma }_{1}$$], [image: $${\gamma }_{2}=bt\left(1-B\left(y-p\right)\right)&gt;0$$], then [image: $$\upgamma$$] can be [image: $${\gamma }_{2}$$]. The patient who requires medical attention is also a part of this case, and his co-insurance payments are fully positive but less than the maximum m. Greater expenses translate into higher co-insurance payments for this patient.
Third, [image: $$\upgamma$$] can be (possible) in the scenario of [image: $${{\gamma }_{3}&gt;\gamma }_{2}$$], which denotes that there is a significant demand for medical services so that the customer can make the largest co-insurance payments. The following are the exogenous probability ([image: $$\pi$$]) and health care demand linked to these three states:[image: $$\begin{array}{llll}{\pi }_{1}\ge 0.{\pi }_{2}&gt;0.{\pi }_{3}\ge 0\\{Z}_{1}=0\\{Z}_{2}=\frac{{\gamma }_{2}-bt(1-B\left(y-p\right))}{\delta +B{(bt)}^{2}}\\{Z}_{3}=\frac{{\gamma }_{3}}{\delta }\end{array}$$]

 (3)



In addition, it is assumed that the health insurance market is totally competitive and has no administrative expenses, an assumption that is entirely comparable to universal (national) insurance. Because we assume that the insured’s circumstances are the same before the occurrence of health shocks, adverse selection is not a factor in our study or equations. As a result, the health insurance premium is determined by subtracting the co-insurance payments from the medical costs:[image: $$p={\pi }_{2}-\left(1-b\right)t{z}_{2}+{\pi }_{3}\left(t{z}_{3}-m\right)$$]

 (4)



The necessary condition for the optimal point by differentiating from E(u), which maximizes the optimal co-insurance rate of Eq. (1), is finally expressed using the first- and second-order conditions of the expected utility function.
Selecting the value of [image: $$\varphi$$] that maximizes insured's expected benefit becomes selecting the optimal co-insurance amount for health insurance:[image: $${b}^{*}=\frac{\varphi \varepsilon }{\left(1-\varphi \right)+\varphi \varepsilon }$$]

 (5)


which in [image: $$\varphi$$] and [image: $${\varepsilon }_{p}$$] are equal to:[image: $$\begin{array}{c}\varphi=\frac{\pi_1-(\beta\left(y-p\right))}{1-\beta(y-p-btz_2)}+\pi_2+\frac{\pi_3(1-\beta\left(y-p-m\right))}{1-\beta(y-p-btz_2)}\\\varepsilon_p=\frac{-2\gamma_2\beta\left(bt\right)^2-\left(1-\beta\left(y-p\right)\right)bt(\delta-\beta\left(bt\right)^2)}{(\gamma_2-\left(1-\beta\left(y-p\right)\right)bt)(\delta+\beta\left(bt\right)^2)}\end{array}$$]




Solving the aforementioned equations and corresponding estimates—which are derived by converting these formulas in Python software to corresponding codes—results in the optimal co-insurance value.
Given that each study needs some presuppositions to analyze and maximize the intended value, we have no role for suppliers (health insurance firms) or full information on this segment of consumers regarding their health state after experiencing health shock. Instead, we suggest a different theory that bases its calculations on the estimation of optimal co-insurance and the assessment of appropriate models and examines the cost shift of the health insurance organization after estimating the optimal rate of pharmaceutical co-insurance. This significance was determined by simply subtracting the entire drug cost covered by insurance before and following the use of the best co-insurance.
Toward the end, due to the fact that the data are based on the Iranian Rial, after all clustering and income estimation procedures have been completed, the cost and income variables have all been adjusted in accordance with the central bank’s stated average exchange rate for the four years 2016–2019 [9]. (1 USD = 12,448.14 Rial).

Patient and public involvement
This study was not conducted with patients or the public involved in the design, execution, reporting, or dissemination strategies.


Results
After cleansing the data, there were 21 776 350 outpatient prescription claims. Then, for clustering using the k-means method based on 11 features, these claims were converted into 193,553 individuals over the course of 4 years. Afterwards, we established low, middle, and high-risk classes based on the IQR of 48 388–96 776 insureds. These insureds were split into three clusters according to the silhouette coefficient for each class. The economic optimal co-insurance formula developed by Folmer and Westerhut utility model was used to calculate the optimal co-insurance rate for all insureds in each cluster and class.
Due to the fact that co-insurance is a portion of the treatment cost that the insured must pay at the time of receiving services, Table 1 displays the estimated optimal co-insurance for each cluster of insureds in the three classes of low, middle, and high risk. Inferring from these findings, the optimal co-insurance rate is 0.81 for the low-risk class in the first cluster, which has 21,779 insureds. In addition, for the second and third clusters of the low-risk class, this value is 0.76 and 0.84, respectively.
Table 1Optimal co-insurance rate for each cluster's insureds


	Class
	Cluster
	Number of insured
	Optimal-coinsurance

	Low risk
	Cluster 1
	21,779
	0.81

	Cluster 2
	7170
	0.76

	Cluster 3
	19,419
	0.84

	Middle risk
	Cluster 1
	48,348
	1

	Cluster 2
	23,321
	1

	Cluster 3
	25,107
	1

	High risk
	Cluster 1
	14,037
	0.38

	Cluster 2
	28,504
	0.45

	Cluster 3
	5847
	0.42




Contrary to the insureds in the low-risk and high-risk classes, all of the insureds in the three clusters of the middle risk class are required to cover all outpatient prescription costs in accordance with the calculated 1 co-insurance optimal for them.
As well the insureds should pay 38, 45 and 42 percent of the outpatient prescription expenses, respectively, for the first, second, and third clusters of the high-risk class, which is also identical to the interpretation of the optimal co-insurance for the first cluster of the low-risk class. Cost variations for insurers (US$).
Table 2 is based on the supposition that if the insureds of each cluster and class are subjected to the optimal co-insurance, how much will the health insurance organization’s (insurer's) costs change? By adopting the optimal co-insurance, for instance, in the first through third cluster from the low-risk class, the health insurance organization will make profits of $ 3,130,463, $3,451,194, and $1,069,859 as a result. Middle risk class’s profits are $29,239,815, $13,863,810, and $14,573,432; high risk class generates revenue of $4,722,099, $6,339,317, and $19,627,062.
Table 2Optimal co-insurance rate effect on changes in insurer cost based on dollars


	Class
	Cluster
	Number of insured
	Cost variations for insurers(US$)

	Low risk
	Cluster 1
	21,799
	3,130,463

	Cluster 2
	7170
	3,451,194

	Cluster 3
	19,419
	1,069,859

	Middle risk
	Cluster 1
	48,348
	29,239,815

	Cluster 2
	23,321
	13,863,810

	Cluster 3
	25,107
	14,573,432

	High risk
	Cluster 1
	14,037
	4,722,099

	Cluster 2
	28,504
	6,339,317

	Cluster 3
	5847
	19,627,062





Discussion
The present study transformed 21 776 350 outpatient prescription claims from health insurance organizations into 193 552 individuals. based on the IQR of 48 388–96 776 insureds, they were divided into low, middle, and high-risk classes. Then, using the k-means approach, silhouette coefficients with 11 features were split into three clusters. The four-year period’s first through third clusters of data revealed 21,799, 7170, and 19,419 insureds in the low-risk class. While 48,348, 23,321, and 25,107 covered insureds were in the middle risk class. 14,037,28,504, and 58,747 insureds belonged to the high risk class.
With regard to risk, Wang et al. employed a value-based strategy to treat heart disease in patients with low- and high-risk health. They found that compared with preventing heart attacks in high-risk patients, preventing the conversion of low-risk patients into high-risk patients is more crucial in lowering total expenditures [10].
After laying the groundwork for the clustering method, optimization was achieved using the Westerhut and Folmer utility model, and the optimal co-insurance for each cluster was estimated in accordance with the insured features in each cluster. For the first through third cluster in the low-risk class, the co-insurance rate ranges from 0.81, 0.76, and 0.84, whereas for the same clusters in the high-risk class, it varies from 0.38, 0.45, 0.42. This rate is one for all clusters falling into the middle risk class. That is, insureds with similar and identical features, such as the total average number of medicines, the total average number of medicines for acute and chronic disease, the total average insurance paid, the total average franchise (co-insurance cost paid by insured), the total average number of prescriptions, the total average insurance paid and deductions, the total average income (estimated income for each insured using artificial neural network), and the total average deduction (deductions per prescription), must pay 81%,%76 and %84 of their costs when receiving a drug prescription.( To see the details of clustering and clusters, see the paper K-means clustering of outpatient prescription claims for health insured in Iran) [38].
The study by Mahlich et al. compared the medical developments in Japanese patients with rheumatoid arthritis who were 70 years old before and after 2014, when the co-insurance rate was reduced from 30 to 20%. They found that out of 7343 patients with rheumatoid arthritis, 67% (4905) had a 20% reduction in co-insurance [21].
Co-insurance rates that enhance the welfare of the diverse patient population at risk of cardiovascular disease are sought for by Gregory et al. They discovered that lowering co-insurance rates can help individuals who are at high risk for cardiovascular disease comply with treatment plans more consistently and have better health outcomes [39]. In a circumstance where everyone has an equal risk profile, Pauli et al. illustrate that the co-insurance rate should differ and be greater for medical services that have varied levels of price responsiveness or price elasticity of demand. According to a different approach termed "value-based cost-sharing," co-insurance needs to be reduced for therapies that have better cost–benefit ratios [37].
In order to promote medication adherence and Health Outcomes, Wang et al. employed a value-based strategy for treating heart disease in which members with low- and high-risk health insurance had distinct parameters for cost-sharing. In this study, the Markov chain approach is utilized to model changes in health conditions in the context of designing health insurance, and sensitivity analysis is used to examine how important parameters affect optimal co-insurance levels. The final finding of this study demonstrated that, in comparison to preventing heart attacks in high-risk patients, preventing the conversion of low-risk patients into high-risk patients is more crucial in lowering total expenditures. Moreover, when heart attack reduction rates are less than 14%, cost reductions based on a value-based approach and optimal cost-sharing levels are particularly sensitive to drug effectiveness [40].
Joyce used a retrospective analysis to investigate the effects of benefit package changes, such as multi-tiered formularies and required generic replacement, on the total cost to insurance providers for generic and brand medications and direct out-of-pocket payments to beneficiaries. Data on 420,786 employees of major corporations (those with 25 or more employees) between the ages of 18 and 64 who had access to outpatient drug health insurance benefits were gathered between 1997 and 1999. The average annual drug expense per person for a tier 1 plan with a $5 co-payment for all prescription medications is $725. The average annual prescription expenditure would be reduced from $725 to $563 per member by doubling co-payments to $10 for all medications. The cost of the tier 2 plan would drop from $678 to $455 by doubling the co-payment from $5 for generic pharmaceuticals and $10 for brand drugs to $10 for generic drugs and $20 for brand drugs. A tier 2 plan with a $30 copayment for non-preferred brand medications reduces overall prescription costs by 4%. The requirement of generics in tier 2 plans has resulted in an 8% decrease in prescription expenditures, while the gap in recipients' out-of-pocket expenses has grown from 17.6% to 25.6 percent. The final step is to lower all program payment costs as well as the total cost of drugs for the employer’s insurance coverage by introducing an extra level of co-payments or raising the co-insurance amount. Health insurance plans have considerably profited from the decline in prescription prices because it has raised the proportion of direct payment costs that patients bear out of their own pockets [41].
How much profit can the insurance organization make with regard to this subject if the best co-insurance strategy is used, For the low-risk class, the insurance company makes profits of $3,130,463 and $3,451,194 from the first through second clusters, but only $1,069,859 from the third cluster for the same class. According to the results table, the insured in all three clusters of the middle class of risks pay the full cost of outpatient prescriptions based on the optimal co-insurance, which results in the largest profit for the health insurer. Regarding the first cluster's insured, it is $29,239,815. With a value of $19,627,062, the third cluster of the high-risk class has the second-highest profit amount. The first and second clusters in the same class had substantially lower profits of $4,722,099 and $6,339,317, respectively.
An investigation into the financial effects of the two-tier payment system on the annual cost of pharmaceutical benefits in the National Health Insurance of Korea revealed that if there is no change in the use of original and generic medications, the total yearly drug cost declines by 1.3%; if there is a change in the use of original and generic medications, the cost decreases to 4.3% [42].
As a result of the current investigation’s findings, it is possible to draw the conclusion that resources and costs can be moved using a variety of strategies, including variable co-insurance. When the recipient of a service cannot cover the high cost of that service because they cannot afford it, resources and expenses are incurred [43]. Therefore, insureds in the middle risk class release the most funds for the health insurance company, which may then be distributed to other patients/insureds in need of healthcare. Thus, vertical equity in the health sector will be promoted.
One advantage of this study over previous studies is that it attempted to account for all the factors influencing the optimal co-insurance rate, such as the insured’s demographics, factors relating to costs and the number of prescriptions, and changes in the insurer’s expenses, which were absent from previous studies. Furthermore, by employing the k-means approach for the optimal clustering of the insureds, additional individuals with the same features as the clustered individuals can be assigned to one of the three classes in order to calculate their optimal co-insurance, with the results being simple to apply to policymakers.
Suggestions for future research
Many assumptions are necessary for any comprehensive investigation; however, this study regrettably did not pay attention to them. According to economic theories, it is necessary to take into account both the supply and demand sides to arrive at an equilibrium price or rate. Based on the demander’s best estimate, only changes in the insurer’s costs were obtained in this study; supplier-affecting variables were excluded. Therefore, it can be proposed that in some research, the impact of the supplier (insurer) should be considered more thoroughly. Additionally, in order to establish access and fairness in health care services for individuals based on the objectives of health systems, the optimal co-insurance rate for testing, diagnostic, and inpatient services should be estimated independently.


Conclusion
Without adding financial burden and developing a brilliant system for calculating co-insurance, equity cannot be improved. The access of vulnerable groups to drugs with catastrophic costs grows as resources are redistributed and moved from cheap and widely used drugs to pricey and seldom used medications. This study aims to demonstrate how the health insurance organization can change co-insurance from a uniform state and, as a result of changes in drug costs and expenses as well as insured characteristics, use health insurance resources in a way that is appropriate for people whose co-insurance is high (people who are likely to experience catastrophic expenses) and those who do not consider the economic consequences of their behavior (moral hazard). To meet the two aforementioned aims while maintaining access levels and patient health costs, it is important to obtain optimal co-insurance.

Acknowledgements
For their participation in helping us gather the study data, we are grateful to Dr. Ali Shojaee and his coworkers at the Iranian National Center for Health Insurance Research and the Iran Health Insurance Organization.

Authors’ contributions
SHM and SE contributed to the study design. MA and SHM contributed to data collection. SHM analyzed and interpreted the data and produced the initial manuscript. SE was the supervisor of the study. SE and BM made critical revisions to the manuscript. All authors have read and approved the final version of the manuscript. The guarantor of this paper is SHM, a Ph.D. student.

Funding
This project was the foundation for a PhD thesis, and no funding was provided for this study.

Availability of data and materials
Data are available upon reasonable request. shekoufehmomahhed@gmail.com will be responsible for any information about the data.

Declarations
Ethics approval and consent to participate
In this research, no study was conducted directly with the patient or participant. Therefore, informed consent was not required. However, to use the data related to patients’ drug prescriptions, it was necessary to obtain approval from the Research Ethics Committees of the School of Public Health and Allied Medicine at the Tehran University of Medical Sciences. This study was approved by the following code of ethics: IR.TUMS.SPH.REC.1400.294.
A total of 21 776 350 drug prescriptions were provided by the Iranian Health Insurance Organization, but no names or details of the insureds were mentioned, only a code specified by the Iranian Health Insurance Organization. No prescriptions from the 21 776 350 insured patients were identified by the researcher.
The project was found to be in accordance with the ethical principles and national norms and standards for conducting medical research in Iran. We followed all relevant guidelines when performing all methods and regulations.

Consent for publication
Not applicable.

Competing interests
The authors declare no conflicts of interest.


References
	1.
World Health O. The World health report: health systems: improving performance. Geneva: World Health Organization; 2000.


	2.
Xu K, Evans DB, Kawabata K, Zeramdini R, Klavus J, Murray CJ. Household catastrophic health expenditure: a multicountry analysis. Lancet. 2003;362(9378):111–7.CrossrefPubMed


	3.
Knaul FM, Arreola-Ornelas H, Méndez-Carniado O, Bryson-Cahn C, Barofsky J, Maguire R, Miranda M, Sesma S. Evidence is good for your health system: policy reform to remedy catastrophic and impoverishing health spending in Mexico. The Lancet. 2006;368(9549):1828–41.Crossref


	4.
Mj R, Hsiao W, Berman P, Reich M. Getting Health Reform Right: A Guide to Improving Performance and Equity Getting Health Reform Right. 2004. p. 1–344.


	5.
Tetteh E. Providing affordable essential medicines to African households: the missing policies and institutions for price containment. Soc Sci Med. 2008;66(3):569–81.CrossrefPubMed


	6.
Berndt ER. Pharmaceuticals in U.S. Health Care: Determinants of Quantity and Price. J Econ Perspect. 2002;16(4):45–66.CrossrefPubMed


	7.
Simonsen M, Skipper L, Skipper N. Price Sensitivity of Demand for Prescription Drugs: Exploiting a Regression Kink Design. J Appl Econom. 2016;31(2):320–37.


	8.
World Health O. The world medicines situation. 2nd ed. Geneva: World Health Organization; 2004.


	9.
Picón-Camacho SM, Marcos-Lopez M, Bron JE, Shinn AP. An assessment of the use of drug and non-drug interventions in the treatment of Ichthyophthirius multifiliis Fouquet, 1876, a protozoan parasite of freshwater fish. Parasitology. 2012;139(2):149–90.CrossrefPubMed


	10.
Firuz A, Afshin S, Sadegh SMM, Negar AA, Shohreh SS. Drug Use Pattern Between Urban Families In Ardabil City, Iran. J Payavard Salamat. 2012;5:33–41.


	11.
Lichtenberg FR. The effect of pharmaceutical utilization and innovation on hospitalization and mortality. J Health Econ. 2001;20(5):687–708.


	12.
Patel SR, Rajan SS, Collier ES, Swindle JP. Quantifying The Economic Burden Of Drug Utilization Management On Payers, Manufacturers, Physicians, And Patients. J Manag Care Spec Pharm. 2018;24(1):9–15.


	13.
Sethi RC. Prescription drugs: recent trends in utilization, expenditures, and coverage. EBRI Issue Brief. 2004;(265):1–35.


	14.
Kemp A, Preen DB, Glover J, Semmens J, Roughead EE. How much do we spend on prescription medicines? Out-of-pocket costs for patients in Australia and other OECD countries. Aust Health Rev. 2011;35(3):341–9.CrossrefPubMed


	15.
Sommers BD, Blendon RJ, Orav EJ. Both The 'Private Option' And Traditional Medicaid Expansions Improved Access To Care For Low-Income Adults. Health Aff (Millwood). 2016;35(1):96–105. https://​doi.​org/​10.​1377/​hlthaff.​2015.​0917.


	16.
Amery H, Jafari A, Panahi M. Determining the Rate of Catastrophic Health Expenditure and Its Influential Factors on Families in Yazd Province. jha. 2013;16(52):51–60.


	17.
Mann BS, Barnieh L, Tang K, Campbell DJ, Clement F, Hemmelgarn B, Tonelli M, Lorenzetti D, Manns BJ. Association between drug insurance cost sharing strategies and outcomes in patients with chronic diseases: a systematic review. PLoS One. 2014;9(3):e89168. https://​doi.​org/​10.​1371/​journal.​pone.​0089168.


	18.
Keeler EB, Rolph JE. The demand for episodes of treatment in the Health Insurance Experiment. J Health Econ. 1988;7(4):337–67.CrossrefPubMed


	19.
Wang Z, Li X, Chen M, Si L. Social health insurance, healthcare utilization, and costs in middle-aged and elderly community-dwelling adults in China. Int J Equity Health. 2018;17(1):17. https://​doi.​org/​10.​1186/​s12939-018-0733-0.


	20.
Dor A, Encinosa W. How Does Cost-Sharing Affect Drug Purchases? Insurance Regimes in the Private Market for Prescription Drugs. J Econ Manag Strategy. 2010;19(3):545–74.


	21.
Mahlich J, Sruamsiri R. Co-insurance and health care utilization in Japanese patients with rheumatoid arthritis: a discontinuity regression approach. Int J Equity Health. 2019;18(1):1–1.Crossref


	22.
Harris C, Allen K, Waller C, Green S, King R, Ramsey W, Kelly C, Thiagarajan M. Sustainability in Health care by Allocating Resources Effectively (SHARE) 5: developing a model for evidence-driven resource allocation in a local healthcare setting. BMC Health Serv Res. 2017;17(1):1–8.


	23.
Organization WH. Global status report on noncommunicable diseases. 2014.


	24.
Sarker IH. Machine Learning: Algorithms, Real-World Applications and Research Directions. SN COMPUT SCI. 2021;2:160. https://​doi.​org/​10.​1007/​s42979-021-00592-x.CrossrefPubMedPubMedCentral


	25.
Devale AB, Kulkarni RV. Applications of data mining techniques in life insurance. Int J Data Min Knowl Manag Process. 2012;2(4):31–40.


	26.
Sapna Devi Ak. Study of Data Cleaning & Comparison of Data Cleaning Tools. Int J Comput Sci Mob Computing. 2015;4(3):360–70.


	27.
Larose D. Discovering Knowledge in Data: An Introduction to Data Mining: Wiley; 2005.


	28.
Zahi S, Achchab B. Clustering of the population benefiting from health insurance using K-means. InProceedings of the 4th International Conference on Smart City Applications. 2019. p. 1-6.


	29.
Yuan C, Yang H. Research on K-Value Selection Method of K-Means Clustering Algorithm. J [Internet]. 2019;2(2):226–35.


	30.
Chong B. K-means clustering algorithm: a brief review. Acad J Comput Inf Sci. 2021;4(5):37–40.


	31.
Baarsch J, Celebi ME. Investigation of Internal Validity Measures for K-Means Clustering. Lect Notes Eng Comput Sci. 2012;2195:471–6.


	32.
Mesafint D, D H M. Grid search in hyperparameter optimization of machine learning models for prediction of HIV/AIDS test results. Int J Comput Appl. 2021;44:1–12.


	33.
Mohamed ZE. Using the artificial neural networks for prediction and validating solar radiation. J Egypt Math Soc. 2019;27:1–3.


	34.
Nili F. Mathematical Economics: Monetary and Banking Research Institute Publications. 2013. p. 362–5.


	35.
Westerhout, Ed and Folmer, Kees, The Effects of Capping Co-Insurance Payments (November 22, 2018). CentER Discussion Paper Series No. 2018–050:1–42. Available at SSRN: https://​ssrn.​com/​abstract=​3289121


	36.
Peter Zweifel FB, Mathias Kifmann. Health Economics: Springer; 2nd edition; 2009.S 6.p.203–205.


	37.
Pauly M, Blavin F. Value Based Cost Sharing Meets the Theory of Moral Hazard: Medical Effectiveness in Insurance Benefits Design. 2007.


	38.
Momahhed SH, Emamgholipour Sefiddashti S, Minaei B, Shahali Z. K-means clustering of outpatient claims for health insurance insured in Iran. BMC public Health. 2023;788:2–15.


	39.
Schell G, Garcia G-G, Lavieri M, Sussman J, Hayward R. Optimal Coinsurance Rates for a Heterogeneous Population under Inequality and Resource Constraints. IISE Transactions. 2018;51:1–55.


	40.
Wang K, Li P, Chen L, Kato K, Kobayashi M, Yamauchi K. Impact of the Japanese diagnosis procedure combination-based payment system in Japan. J Med Syst. 2010;34(1):95–100.CrossrefPubMed


	41.
Joyce GF, Escarce JJ, Solomon MD, Goldman DP. Employer drug benefit plans and spending on prescription drugs. JAMA. 2002;288(14):1733–9.CrossrefPubMed


	42.
Nam Hyo K, Kyung Eob C, Hyun Soon S, In Chul S, Hyun Taek S. The Effect of Tiered Copayment System on Pharmacy Benefit Expenditure of National Health Insurance in Korea: Scenario Analysis based on the Use of Oral Antidiabetic Medications. Korean J Clin Pharm. 2014;24(2):126–34.


	43.
Meyer JA, Johnson WR. Cost shifting in health care: an economic analysis. Health Aff (Millwood). 1983;2(2):20–35.CrossrefPubMed




Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in published maps and institutional affiliations.


OEBPS/images/12939_2023_2065_Article_TeX_IEq20.png





OEBPS/images/12939_2023_2065_Article_TeX_IEq4.png





OEBPS/images/12939_2023_2065_Article_TeX_IEq3.png
S;NS; =

V] <k





OEBPS/images/12939_2023_2065_Article_TeX_IEq6.png





OEBPS/images/12939_2023_2065_Article_TeX_IEq5.png





OEBPS/images/12939_2023_2065_Article_TeX_IEq8.png





OEBPS/images/12939_2023_2065_Article_TeX_IEq7.png





OEBPS/images/12939_2023_2065_Article_TeX_IEq9.png





OEBPS/css/sidebar.gif





OEBPS/images/12939_2023_2065_Article_TeX_IEq2.png





OEBPS/images/12939_2023_2065_Article_TeX_IEq1.png





OEBPS/images/12939_2023_2065_Article_TeX_IEq14.png





OEBPS/images/12939_2023_2065_Article_TeX_IEq15.png





OEBPS/navigation.xhtml

    
      Contents


      
        		The optimal co-insurance rate for outpatient drug expenses of Iranian health insured based on the data mining method


      


    
    
      Landmarks


      
        		Body Matter


      


    
  

OEBPS/images/12939_2023_2065_Article_TeX_IEq12.png
Yo=0t(1—B(y—p)) >0





OEBPS/images/12939_2023_2065_Article_TeX_IEq13.png





OEBPS/images/12939_2023_2065_Article_TeX_IEq10.png





OEBPS/images/12939_2023_2065_Article_TeX_IEq11.png
Y2 > Y1





OEBPS/images/12939_2023_2065_Article_TeX_Equ1.png
1
U=C—1/2BC* +~7Z —1/262* 0§B<§.6>0





OEBPS/images/12939_2023_2065_Article_TeX_Equ2.png
c=y—p— btz
c=y—p—m





OEBPS/images/12939_2023_2065_Article_TeX_Equ3.png
™ > 0.7T2 > 0.7T3 >0
Z1 =0

Yo—bt(1-B(y—p))
Zh 5+B(bt)?
Zy =1






OEBPS/images/12939_2023_2065_Article_TeX_Equ4.png
p=mo— (1 —=0)tzg +7m3(tzs —m)





OEBPS/images/12939_2023_2065_Article_TeX_Equ5.png
b*

(1 =)+ e





OEBPS/css/envelope.png





OEBPS/images/12939_2023_2065_Article_TeX_Equa.png
i 2
e S
argmin,— ves
=1





OEBPS/images/12939_2023_2065_Article_TeX_Equb.png
< —u






OEBPS/images/12939_2023_2065_Article_TeX_Equc.png





OEBPS/images/12939_2023_2065_Article_TeX_IEq18.png





OEBPS/images/12939_2023_2065_Article_TeX_Equd.png
bz-—az-

B max (bzaz)





OEBPS/images/12939_2023_2065_Article_TeX_IEq19.png





OEBPS/images/12939_2023_2065_Article_TeX_IEq16.png
Y3 > Yo





OEBPS/images/12939_2023_2065_Article_TeX_Eque.png
_ m—=(By—p)) m3(1=B(y—p—m))
Y =1 B(y —p— bt22) T 1—-B(y—p—Dbtza)
e — 22080t (1= By=—p)bt(E—B(bn)°)

p (va—(1—B(y—p))bt)(6+B(bt)?)






OEBPS/images/12939_2023_2065_Article_TeX_IEq17.png





