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Abstract: The health insurance sector has grown at a double digit growth rate in India in the past decade. The Government 

schemes for the individuals' insurance coverage from the low-income group have resulted in higher penetration. Raise in the 
disposable income of the middle income and awareness of health insurance has led to self-subscription by private individuals. 

An increase in insurance penetration has also led to an increment in the claims for the insurer. However, the insurance 
coverage has been actively subscribed by the population in the age group of 19-64 years. The average claim amount processed 
is higher in infants and aged people. Days of hospitalization for the insured treatment help the insurers derive the claims' 
amounts and hence can budget the reserves accordingly. Days of hospitalization is found to have a strong positive relationship 
with age. Logistic regression of Half-yearly bins data has the predictability of Days of hospitalization of claimants at 69%. 
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1. Introduction  

The united health insurance covered State-owned employees in India for a long time. Overburdened 

government hospitals in terms of treatment and lack of human resources and equipment have led the government 

to support the common man for alternative treatments. Huge advancements have taken place in medical 

treatments. Active incorporation of advanced technologies by private health centers and medical experts has 

motivated the common people to access the private medical infrastructure. 

The government has taken multiple schemes to support the common people and government employees to 

access the medical infrastructure as per their convenience. Most of the schemes were insurance coverage extended 

to common people with the active participation of multiple insurers. Health insurance premium collected in India 

in 2019 is Rs. 27,400 crores. Government schemes have contributed 20% of total premiums and the rest by 

individuals' group health subscribers and retail policies.  

Health insurance policies are offered by both the general insurers and standalone health insurers. Post-2000, 

there has been increased competition because of the entry of private insurers. Overall there are more than 30 

players in the present Indian market. This increased competition has led to innovation in the health insurance 

policy features and provision of flexibility to the subscribers. The health insurance market is expected to quintuple 

its premium size in the next decade. Standalone health insurers are expected to grow at more than a 20% p.a. 

growth rate in the future. 

Insurance penetration in India has hardly reached 5% of the population. Though there have been higher 

subscriptions in life insurance, subscription to health insurance is a new phenomenon. Public sector units and 

government entities had ensured to have group health schemes coverage for the employees from the initial days. 

Private firms in the manufacturing sector before 2000 had a lesser focus on the insurance coverage of the 

employees. 

Post-2000, the Rapid growth of the service sector driven by private firms, has enabled the private employees to 

be covered by group health schemes. Both the state and central governments have increased efforts to provide 

health insurance coverage to low-income groups with insurers as partners.  Education of the middle-income group 

has also increased awareness of health insurance for self-subscription by retail individuals.  

An increase in awareness and disposable income has driven private individuals to be a part of either group 

health insurance coverage or retail policy coverage. Private medical infrastructure has a lesser load compared to 

government medical infrastructure. Focus on quality treatment has made high and middle-income groups to access 

the private medical infrastructure. 
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This rapid increment in the health insurance subscription has led to the increment in the claims by subscribers. 

There has been standardization undertaken by insurers in the past decade for a claims settlement process. Third 

part Administrators (TPA's) have actively involved in ensuring the documentation and processing of the insured's 

claims settlement by the insurers. TPA is playing a vital role in communicating between the insurer and the 

insured. 

Insurers have also standardized the prices for standard medical treatments like cataracts etc. so that the insured 

can avail the better value from the insurance coverage. Price standardization also helps the insurers by preventing 

the malpractices of private health infrastructure. Insurance coverage has provided access to medical infrastructure 

to common people and has also burdened insurers with huge claim amounts.  

The insurer's higher premium quotation may lead to losing the customer to the competitors, and a lower 

premium quotation would result in the insurer's losses. Hence, premium pricing becomes a vital activity of the 

insurers. It becomes essential for insurers to understand the pattern and amount of claims raised by different 

subscribers. These patterns help insurers to maintain the reserve for the claim settlement. Simultaneously, the 

study would also help the insurer rightly underwrite a policy and calculate the premium.  

2. Literature Review 

Days of hospitalization of the insured have a strong negative impact upon the insurer's profits; the longer the 

days of hospitalization, the higher is the burden upon the insurer by the claimants. It becomes vital for the insurers 

to understand the pattern of hospitalization days, which in turn helps in projecting the claims levels. Insurers 

would be able to keep the reserve aside in the case of prior information of claim levels. The age, comorbidities, 

readmissions, and preexisting health conditions impact the days of hospitalization of the policy subscribers. 

Preexisting health conditions increase the readmissions of the patients. High readmissions would result in a higher 

number of hospitalization days and hence a higher burden upon the insurer in terms of claims. 

 Health insurance has a higher impact on the health of vulnerable groups like infants, children, and individuals 

with chronic diseases [12]. However, there has little concrete proof on the impact of aged people by health 

insurance. Studies have also found that age and weight are not useful for predicting the days of hospitalization [1]. 

The study finds that the number of admissions to the hospital was high in preschool kids than the rest of the 

population. Though the patients have spent 23 days of hospitalization, the study finds no specific relation between 

the age and hospitalization days [6]. 

Predictive analytics helps in the detection of chronic diseases at an early stage. Early detection will help in 

timely treatment and decrease hospitalization days, lowering the burden upon the medical infrastructure [10]. 

Information of Past medical conditions and hospitalization days for treatment helps to predict the future 

hospitalization days for the patients, Model fits better for the population age above 63 years compared to rest of 

the population [18]. Multi morbidity increases contribution towards the hospitalization days and hence results in a 

higher burden upon the medical infrastructure and the insurers [17].  

Patient & hospital characteristics, patient demography, and past medical information of the patients enable to 

predict the readmission of patients, especially for congestive heart failure [2]. The study finds the treatment of 

colorectal resection; there is high relation between the days of hospitalization and readmission [14]. Longer is the 

hospitalization; the higher is the probability of readmission. With multiple chronic conditions, young and adult 

populations with mental disorders, children transitioning to adulthood had higher readmissions than others in the 

USA [4]. There have been lesser readmissions in old age groups. 

The study finds that medical insurance's continuous coverage for people between the ages of 55 and 65 would 

improve the health position from average to good and excellent [9]. This improved health would ensure that a 

lower number of aged people for medical treatment. They are resulting in a lower number of hospitalization in 

advanced ages. Similarly, Initiative help by nursing homes, enhanced staff skills, and perception of the facility 

will positively impact in-house patients' health [11]. 

New health information technologies had no significant difference in the impact on health between different 

age groups [16]. The study finds that older people are also adaptable to new health information technologies for 

self-care and health treatment. The aged group has utilized self-care resources significantly more than young 

adults. Better inpatient management with the objective of lower length of stay, avoidable hospitalization, reducing 

readmissions forms important parameters for reducing the hospitalization days, especially for the aged people [5].  

Age-specific classification can also be undertaken with Age-Phenome Knowledge-base (APK) [8]. APK is 

derived for age categorization with respect to disease occurrence and treatment. APK categorization is found to be 

better than the established Medical Subject Headings (Mesh) categorization for the objective of medical research 

for disease occurrences. 
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Claims data is majorly used for the research in medical access. Claims data might not be useful to analyses of 

mortality and morbidity, as the data errors would have wrong implications [7]. The study analyses the data on the 

basis of bins of claims data. The data were sorted on the basis of customers and binned (accrued values of claims, 

days of hospitalization) in different periods. Analysis of half-yearly bins has a better ability to predict the number 

of days of hospitalization of the patients [19].  

Bagging tree, Adaboost, and Random forest decision tree methods were used to project the hospitalization 

days. Adaboost decision tree method had better results than other tests in projecting the hospitalization days in the 

future based on past claims data [13]. Line regression models are used to predict the hospitalization days for the 

heart issue patients [15]. The predicted values had a precision of more than 60%. Prediction of hospitalization 

days was efficient in discharges of the patients; however, the study was not good enough in early discharges. 

Logistic regression methods with binning of data were used to predict the hospitalization days [3]. 

This study explores to understand the relation between the number of days of hospitalization, age, and the 

claimed amount. 

3. Data & Methodology 

Claims data for 2007, 2008 & 2009 years are collected from the Insurance Information Bureau of India (IIB). 

72,114 records are processed for the analysis.  

Data is classified into nine age groups as per Age-Phenome Knowledge-base (APK) [8]. Infant (0-2 years), 

preschool kids (3-5 years), child (6-13years), adolescent (14-18 years), Young adult (19-33 years), adult (34-48 

years), middle-aged (49-64 years), aged (65-78 years), old (79 and above).  

Descriptive and inferential statistics are applied for the analysis of the claims data in the initial step. In the 

second step, Collected data is sorted, w.r.t customers. Both the insurance coverage and claim amounts are 

converted into logarithmic values, and logarithmic values are used in the analysis. Regression models are applied 

to understand DOH's relation, claims amount, age, and the coverage amount. The number of days of 

hospitalization is binned in multiple ways. Bins are formed for half-yearly, quarterly, and bimonthly. i.e., for 

quarterly, the total number of days of hospitalization is calculated based on the total number of days the insured 

has spent in that quarter (days are accrued in case of multiple visits in the same quarter). So for half-yearly, there 

were two bins formed for each policy. Similarly, for quarterly, four bins were formed. Finally, for the Bimonthly 

period, six bins were formed.   

4. Analysis 

The average age of the treated patients has been on the lower side of each group's average group range. The 

highest number of claims are processed for Young adults. Middle-aged and adults groups also have raised a higher 

number of claims. More than 72% of the total number of claims are raised by groups in age, ranging from 19 to 64 

years. The child group forms the highest number of claims for the patients below the age of 18 years. In 

comparison, aged has a higher number of claims for the patients above 65 years.  

Category Average Age 

Number of 

Claims 

Percentage of 

Total Number 

of Claims 

Infant (0-2 years) 0.64         2,891  4.01% 

Preschool Kids (3-5 years) 2.86         2,788  3.87% 

Child (6-13 years) 8.21         4,107  5.70% 

Adolescent (14-18 years) 15.05         2,018  2.80% 

Young Adult (19-33 years) 26.34      20,676  28.67% 

Adult (34-48 years) 39.78      15,710  21.78% 

Middle Aged (49-64 years) 55.34      16,027  22.22% 

Aged (65-78 years) 69.05         7,048  9.77% 

Old (79 years and above) 81.21            849  1.18% 

Table 1: Details of the number of claims 

 

The middle-aged group has claimed the highest claim amount among all age groups (refer to table 2). Claims 

paid to the middle age group is around 27.82% of total claims. Young adults have been paid 24.11% of the total 
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claim amount. Adults were paid around 21.84% of the total claim amounts. That is, the people in the age group of 

19-64 years are paid 73.76% of the total claims amount settled. 19-64 years age groups are more eligible for 

insurance coverage, as they have higher earning capability and fitness in health. As the 19-64 age group dominates 

insurance subscriptions, the same age group also forms the lion share in claims amounts settled (refer figure 1). 

Diseases related to the circulatory system are prevalent in middle-aged groups, and higher treatment costs result in 

higher claims.  

 

Age Category 
Average Claim 

Amount Paid 

Percentage of 

Total Claims Paid 

Infant (0-2 years) 11,468.73 2.48% 

Preschool Kids (3-5 years) 8,007.76 1.67% 

Child (6-13 years) 10,014.98 3.08% 

Adolescent (14-18 years) 12,149.89 1.84% 

Young Adult (19-33 years) 15,557.29 24.11% 

Adult (34-48 years) 18,547.52 21.84% 

Middle Aged (49-64 years) 23,158.08 27.82% 

Aged (65-78 years) 28,249.70 14.92% 

Old (79 years and above) 35,136.46 2.24% 

Table 2: Details of the amount of claims paid 

 

 

Figure 1: Claim details 

Insurance coverage to retail policyholders for the aged and old is scarce (refer to table 3). However, they are 

generally covered in the group health insurance policies and government-driven schemes. 14.92% of total claim 

amounts are processed for aged, whereas claims of old were merely 2.24% of the total claim amount.  

The average claim amount paid to the middle-aged is higher than the average amount paid to young adult and 

adult groups (refer to tale 3). Though old age has formed a fraction of total claims amounts paid, the amount per 

claim is the highest among all age groups. Both the aged and old age groups have a higher amount settled per 

claim. This reflects that the treatment cost of treatment increases with age.  

Infants require multiple hospital visits for vaccination and for the treatment of common diseases. However, 

speaking ability would ensure preschool kids have a lower number of visits to the hospitals. Individuals in 

adolescence would be aware of the hygiene and daily exercises to prevent common diseases resulting in a lower 

number of hospital visits. Preschool kids and adolescents are found to have claimed the least amount from the 

insurers. 
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The average claim amount paid to the infants is higher than the preschool kids and child groups. This is 

because of the higher costs incurred in the treatment of infants. Though the child group has a lower average claim 

amount, a higher number of claims resulted in higher claims amount paid.  

Average insurance coverage has increased with the increment in the age group. Average insurance coverage is 

lowest for preschool kids, and the old group has the highest average insurance coverage. This is due to high 

medical expenses incurred for older people's treatment; hence coverage subscribed too is high. 

Age Category 

Average Insurance 

Coverage 

Percentage of Total 

Insurance Coverage 

Infant (0-2 years)                           129,661  4.16% 

Preschool Kids (3-5 years)                              95,540  2.96% 

Child (6-13 years)                           101,091  4.61% 

Adolescent (14-18 years)                              99,562  2.23% 

Young Adult (19-33 years)                           116,628  26.77% 

Adult (34-48 years)                           122,524  21.37% 

Middle Aged (49-64 years)                           141,115  25.10% 

Aged (65-78 years)                           144,833  11.33% 

Old (79 years and above)                           156,853  1.48% 

Table 3: Details of the insurance coverage amount 

High subscription of the 19-64 age group has resulted in higher total insurance coverage for the same segment 

(more than 72% coverage). 11.33% of total insurance coverage is to the aged group, and a mere 1.48% of total 

insurance coverage is towards the old group. Preschool kids and adolescents have lower insurance coverage 

compared to the rest of the groups. 

Age Category 

Average Days in 

Hospital 

Percentage of Total 

Days of Hospitalization 

Infant (0-2 years) 

                               

36.19  3.90% 

Preschool Kids (3-5 years) 

                               

34.69  3.61% 

Child (6-13 years) 

                               

33.34  5.10% 

Adolescent (14-18 years) 

                               

35.10  2.64% 

Young Adult (19-33 years) 

                               

37.96  29.26% 

Adult (34-48 years) 

                               

36.39  21.31% 

Middle Aged (49-64 years) 

                               

38.15  22.79% 

Aged (65-78 years) 

                               

38.10  10.01% 

Old (79 years and above) 

                               

43.45  1.38% 

Table 4: Details of Days of Hospitalization (DOH) 
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Figure 2: Percentage of total days of hospitalization 

 

The average hospitalization for all the groups is above 33.34 days (refer tabl4 & figure 2). The old group has 

the highest average hospitalization days, and the least is with the Child group. However, with the people's highest 

claims between 19 to 64 years, total hospitalization days are highest for the same age groups. 73% of total 

hospitalization days have been incurred for the adult, middle-aged, and young adults. 

5. Prediction of Days of Hospitalization  

The regression model is applied to predict the number of days of hospitalization. The number of days of 

hospitalization (DOH) is the dependent variable, and the insurance coverage amount, claims amount, age is the 

independent variables. Both the claims amount and insurance coverage amount are transformed with a logarithmic 

function before applying the regression model. 

DOH = β1 * Age + β2 * Ln (Coverage amount) + β3 * Ln (Claims amount) + α 

  Model Bin Period 

Number of 

Observations R square Significance 

1 Model 1 Half Yearly 35,593 69.00% 0.00 

2 Model 2 Quarterly 37,825 60.70% 0.00 

3 Model 3 Bimonthly 39,145 57.60% 0.00 

Table 5: Summary of models 

 

Model 1: Prediction with Half-yearly bins 

There were around 35,593 half yearly bins formed based on the total policies considered. The model results 

were significant. 

  Beta t Sig. 

(Constant) 112.77 6.73 0.00 

coverage 0.01 4.10 0.00 

claims -0.03 -10.47 0.00 

age 0.84 274.40 0.00 

Table 6: Coefficients of the independent variables in Model 1 

 

Coverage amount and age had a positive relationship with the dependent variable. At the same time, claims 

have negative with minuscule sensitivity towards the DOH (refer to table 6).  Age has a significant positive 

relation with DOH. 

0.00%

5.00%

10.00%

15.00%

20.00%

25.00%

30.00%

35.00%

Infant Preschool 
Kids

Child Adolescent Young 
Adult

Adult Middle 
Aged

Aged Old

Percentage of Total Days of Hospitalisation



G Srimannarayana, P Venkata Rajesh Kumar,. P. Dhanavanthan 

 

 

5236  

DOH = 0.84 * Age + 0.01 * Ln (Coverage amount) - 0.03 * Ln (Claims amount) + 112.77 

69% variation of the DOH are explained with help of the Age, Coverage and claims amount. 

Model 2: Prediction with quarterly bins 

There were around 37,825 quarterly bins formed based on the total policies considered. The model results were 

significant.  

  Beta t Sig. 

(Constant) 3.27 0.26 0.80 

coverage 0.01 4.29 0.00 

claims -0.01 
-

2.66 
0.01 

age 0.78 
233.

01 
0.00 

Table 7: Coefficients of the independent variables in Model 2 

 

Coverage amount and age had a positive relationship with the dependent variable. At the same time, claims 

have negative with minuscule sensitivity towards the DOH (refer to table 7).  Age has a significant positive 

relation with DOH. 

DOH = 0.782 * Age + 0.014 * Ln (Coverage amount) - 0.01 * Ln (Claims amount) + 3.27 

60.7% variation of the DOH are explained with help of the Age, Coverage and claims amount. 

Model 3: Prediction with Bimonthly bins 

There were around 39,125 two month bins formed based on the total policies considered. The model results 

were significant.  

  Beta 
t 

S

ig. 

(Constant) 4.07 0.38 
0

.70 

coverage 0.02 4.44 
0

.00 

claims -0.01 -2.77 
0

.01 

age 0.76 220.78 
0

.00 

Table 8: Coefficients of the independent variables in Model 3 

Coverage amount and age had a positive relationship with the dependent variable. In comparison, claims have 

a negative with minuscule sensitivity towards the DOH (refer to table 8).  Age has a significant positive relation 

with DOH. 

DOH = 0.76 * Age + 0.02 * Ln (Coverage amount) - 0.01 * Ln (Claims amount) + 4.07 

57.6% variation of the DOH are explained with help of the Age, Coverage and claims amount. 

In summary, logistics regression with the half-yearly bins has better predictability of hospitalization days than 

quarterly or bi-monthly bins [15]. Age has a strong influence on the hospitalization days in the context of India. 

Both the coverage amount and claims amount has the least role in the prediction of the DOH. 

6. Conclusion 

The increment in the middle-income group's disposable income and rapid expansion of private health 

infrastructure has led to the health insurance subscriptions increment. 
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High subscription is found in the age group of 19-64 years as they have the high earning capability and 

physically fit; hence insurers are biased towards offering coverage to this segment. This high subscription has also 

resulted in more number of claims raised by the same age group. Insurers have also paid a major share claim 

amount to this particular segment. Middle-aged people have dominated in terms of the number of claims and 

claim amounts paid. 

In the segment less than 19 years, the child group has a high number of claims and claim amounts paid. 

However, infants had a higher average claim amount. Similarly, in the segment with age greater than 64 years, it 

is the Aged which have a higher number of claims and claims amount disbursal. But, the average claim amount is 

higher for old. The treatment of old people is generally high because of comorbidities, preexisting medical 

conditions, and advanced age levels. 

The average number of days in the hospital is similar across the age groups; older people do have a higher 

number of days for hospitalization. Peculiarly, it is the young adults who have spent more hospital days than the 

rest of the groups. 19-64 years groups were incurring more than 73% of all segments' total number of 

hospitalization days.   

Logistic regression models have concluded that the DOH can be explained with the help of the age, coverage 

amount, and claimed amount of the policyholder. It is also found that the model with half-yearly bins has a higher 

explain ability than the quarterly or bimonthly bins. All the models have found that age has a strong positive 

relationship with the DOH. i.e., higher age leads to a higher number of days of hospitalization. Insurance coverage 

amount has a positive relation, with minuscule sensitivity. The coverage amount has a negative relation with 

minuscule sensitivity; this reflects a low moral hazard for the health insurers in the Indian context. 
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