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Executive Summary 

 

In this case study, we incorporated twenty years' cost report data provided on Center for 

Medicare and Medicaid Services (CMS) website and subsetted database according to worksheet 

type and positions that relevant cost values are on different worksheets. Then, we acquired loss 

data of twenty years categorized by three types: Inpatient, Physician, and Bad Debt.  

 

First, we made six trend graphs for annual severity and frequency as well as for severities and 

frequencies categorized by three different disruptors, and found that during the twenty years’ 

period, severity shows an increasing manner while frequency keeps stable except for certain 

abnormal and incident values. Furthermore, also from the trend analysis, Inpatient has a much 

greater impact on aggregate loss than the other two disruptors. As a result, we focused on 

exploring Inpatient cost in this study.  

 

Then, we used an empirical model to fit annual severity and found that Lognormal and Gamma 

distributions are most suitable for severity data, and Poisson distribution is most appropriate for 

loss data frequency. After conducting the Chi-Square test, Lognormal and Poisson distribution 

were finally adopted to project the next five years’ loss amount. The detailed prediction results 

are shown in the Results, Conclusions and Discussions part of this report. 
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Purpose and Background  

 

In recent years, disturbance in comprehensive medical care insurance market has affected the 

operation of health care corporations tremendously. The unexpected outbreak of infectious 

diseases, for instance, not only increases the Inpatient costs but also boosts the development of 

new medicine, which results in an unfavored fluctuation in company’s financial results and 

sometimes even enormous losses. As Inpatient services, outpatient services, Physician services, 

and pharmaceuticals have become four primary sources of medical benefits costs, the research is 

to exam whether one or more medical service categories is strictly related to potential business 

disruptors so that costs can be predicted and losses will be minimized or even eliminated. 

 

Data and Data Interpretation 

 

Our data source is the cost reports, which are obtained from the Center for Medicare and 

Medicaid Services (CMS) website. Cost reports are available for seven different systems 

including Hospitals, Home Health Agency(HHA) and SNF. Due to the availability, we decided 

to use twenty years’ data of Hospital, HHA, SNF from the year 1996 - 2015.  

 

Firstly, by referring to the data dictionary, we combined Numeric and Alpha datasets of each 

system in each year by the unique Report Record Number and their correspondent worksheet 

identifier. Then we acquired the value of each item (previously in the numeric database) with its 

correspondent description (previously in the alpha database). Secondly, after studying all the 

original worksheet provided by CMS, we learned that there are only a few worksheets, which 
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were named as Calculation of Reimbursement Settlement, contained cost values we needed for 

analysis. Therefore, we subsetted the combined datasets of the past twenty years by worksheet 

identifier, line number, and column number. Lastly, we obtained the cost datasets of the last two 

decades categorized by Inpatient, Outpatient, Physician, Bad Debt, etc. Under each category, we 

have various unique report record number which represents frequency for each disruptor. Hence, 

we acquired the dataset with 65887 observations eventually for disruptors analysis and cost 

prediction.   

 

Table: Aggregate Loss and Loss Frequency for 1996 – 2015 

YEAR 
YEARLY AGGREGATE 

LOSS 

YEARLY 

FREQUENCY 

YEARLY 

SEVERITY 

1996 $98154558982 5945 $16510438.85 

1997 $112668998734 6235 $18070408.78 

1998 $100309996152 6157 $16292024.71 

1999 $99238370374 6035 $16443806.19 

2000 $103631402204 6021 $17211659.56 

2001 $111662352116 5986 $18653917.83 

2002 $118095496217 5944 $19868017.53 

2003 $120108688734 5678 $21153344.26 

2004 $126526403339 5698 $22205405.99 

2006 $131394265736 5585 $23526278.56 

2007 $133625257856 5515 $24229421.19 

2008 $137276624416 5305 $25876837.78 

2009 $141695915195 5252 $26979420.26 

2010 $961779099 1048 $917728.15 
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2011 $954206 5 $190841.20 

2013 $140627943667 4477 $31411200.28 

2014 $130008119610 4164 $31221930.74 

2015 $553724971 54 $10254166.13 

TOTAL 

OBSERVATION  
- 65887 - 

 

In preparation for further prediction, we tried to find out the Lognormal maximum likelihood 

estimator (MLE) for yearly severity in each category. We noticed that there are minor negative 

values where R returns NA in MLE estimation, and we decided to replace all negative value by 

the median of positive part. 

 

Methods, Analysis and Models 

 

1. Trend Graph 

As multiple attempts in interpreting the data, we decided to extract the categories, namely 

Inpatient, Outpatient, Physician, and Bad Debt regarding the information of line and column 

from each worksheet. Then we merged the yearly data in the same category, and the trend 

analysis is ready. First, we calculated overall annual severity and frequency and drew the trend 

graph over twenty years to obtain a general trend of severity and frequency from 1996 to 2015. 

Then for the data in each category, we plotted the line chart and bar chart to see specifically how 

frequency and severity changed over the twenty years. Ten graphs in total are as follows: 
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General Trend in 1996 - 2015 

Severity Frequency 

 

Figure 1.1 

 

Figure 1.2 

 

Figure 2.1 

 

Figure 2.2 
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Figure 3.1 

 

Figure 3.2 

 

Figure 4.1 

 

Figure 4.2 

 

From the graphs above, we have following conclusions: 

x For the annual severity except the year 1997, regardless of different categories (Figure 

1.1), the general trend over the twenty years is increasing, which shares the same pattern 

with the severity of Inpatient group (Figure 2.1). However, for the Physician part (Figure 

3.1), there are two peaks occurred in the year 2010 and year 2014, respectively, and for 
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Bad Debt section (Figure 4.1), there is an extreme value appeared in the year 1997. 

Compared with Figure 1.1, we can conclude that the abnormal cost happened in year 

1997 is due to intermitted impact.  

x For frequency, except for Physician part, the general trend is stable, with a subtle 

decreasing tendency. In addition, comparing with other three graphs, we can conclude 

that the peak occurred in year 2010 is a result of a particular intermitted impact.   

x From the above figures, we find that Inpatient is the main disruptor that affects the loss 

severity and leads to the aggregate loss.  So for further analysis in this study, we pay 

attention to Inpatient to evaluate its impact on severity and frequency.  

x To predict prospective losses, we intended to use various parametric models. As the data 

of Inpatient costs were the most feasible and complete among others, our study mainly 

focused on the analysis and prediction of Inpatient losses. 

 

 

Parametric Modeling 

 

According to previous studies and research in healthcare industry, we used Poisson distribution 

to fit loss frequency. For the severity, common models include Lognormal, Gamma, and Two-

Parametric distribution.  

 

1. Frequency 
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The number of times of reporting Inpatient costs defines the frequency. That is to say, every 

Inpatient loss identified by a unique report record number could be regarded as an individual 

claim within each fiscal year. In our research, the frequency of Inpatient losses was considered to 

follow a Poisson distribution. To obtain estimated parameters, we used maximum likelihood 

estimation. The MLE of Poisson distribution takes the form: 

 

Therefore, the MLE of Poisson model is sample mean, which is 𝜆 = �̅�.  

 

After eliminating abnormal values occurred in the year 2005, 2010, 2011, 2012, 2015, we fitted 

the frequency of remaining years with Poisson distribution and then got the estimated parameter 

equal to 5,613.133. From the trend analysis, we believed that the unexpected impacts were from 

infrequent but occurrences of increasing severity, which allowed us to predict aggregate loss 

growth by evaluating severity increase. 

 

2. Severity 

 

The severity of Inpatient loss is given by the size of reported cost. In this research, the loss is 

assumed to be continuously distributed. First, we randomly chose 4 years to plot the loss density 

function to see if there was useful information for model selection. 
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Inpatient Severity Density Function Plot 

 

                                        1996                                                                  2004 

 

 

                                         2014                                                                 2015 

 

After plotting the loss density function of each year, we believed that Inpatient costs could 

follow a Gamma distribution or Lognormal distribution. We further chose Lognormal 

distribution because it was one of the most common heavy-tailed loss distribution used in 

actuarial modeling as we could observe some occurrence of enormous loss in 2015. The MLEs 

for both models are given as: 
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Gamma: 

 

Lognormal: 

 

 

We computed the MLEs of each year separately and then obtained estimators for each year. 

Among the yearly observations, there were a minor number of negative values in the original 

cost data set, which were replaced with the median for computation convenience. Using the 

median instead of mean would rule out the influence of outliers in modeling. Data in the year 

2005, 2010, 2011 and 2012 were not applicable due to the unavailability and incompleteness of 

existing data. For parameters obtained from the remaining sixteen years, we used the average of 

each estimated parameter to set up the general model applied to each of 20 years. 
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Table: MLEs for Lognormal and Gamma Distribution 

 
Lognormal  Gamma 

Year �̂� 𝜎2̂ �̂� 𝜃 

2015 14.02805 5.443063 0.2363902 43378144 

2014 15.73509 5.815001 0.3284537 95127719 

2013 15.69829 5.829226 0.3193816 98461950 

2009 15.61556 4.473999 0.3344430 80669706 

2008 15.58250 4.471935 0.3363922 76924613 

2007 15.54772 4.322856 0.3435573 70525130 

2006 15.49599 4.389045 0.3383766 69526903 

2004 15.53196 4.025955 0.3613002 61459716 

2003 15.51175 4.017823 0.3688504 57349393 

2002 15.52238 3.717619 0.3896041 51051982 

2001 15.54212 3.511803 0.4168181 44758546 

2000 15.45652 3.603917 0.4147199 41545646 

1999 15.53743 2.905679 0.4638083 35453886 

1998 15.54167 2.841698 0.4696985 34686136 

1997 15.56374 2.775554 0.4362811 41419192 

1996 15.61745 2.574156 0.4989739 33088783 

Average 15.470343 4.0469159 0.3812448 54118784 
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Hypothesis Test 

 

To test goodness of fit, we conducted Chi-Square test on Lognormal and Gamma distributions. 

First, we randomly chose the year in 1996, 2004 and 2014 since we have adequate samples. 

After obtaining the maximum and minimum costs of each year, we determined a reasonable Chi-

square test interval so that we could partition the range of loss evenly into twenty sub-intervals. 

We then counted the number of observation in each sub-interval. For the estimated probability, 

we used the build-in function in R to obtained the cumulative probability and then calculated the 

probability in each sub-interval. For our observed probability, we divided the number in each 

interval by the total number of observations. The last step was to perform the Chi-square test. 

Under the 90% confident level, we failed to reject the null hypothesis, which states that the 

estimation is the same as the observation. Therefore, we concluded that our model fitted well, 

and did not make a significant difference in two groups. 

 

The results of Chi-Square test are summarized in the following table: 

Table: Chi-Square Test Results 

 
Lognormal Gamma 

Year 2 p-value df 2 p-value df 

1996 0.1752 0.973 6 0.031753 0.990 10 

2004 0.2592 0.995 20 0.031612 0.999 20 

2014 0.1674 0.990 7 0.27146 0.957 10 
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Credibility Adjustment 

 

Since the data were incomplete, we decided to apply partial credit to existing data using classical 

credibility. For example, the loss frequency of year 2015 is far from adequate for full credit 

while 2015 data is essential for future projection, which is the main motivation for application of 

credibility theory. 

 

In consideration of credibility, we adjusted our estimation based on the assumption that Inpatient 

cost followed a Lognormal distribution. In the classical credibility,  

𝜇�̂�  was given by averaging MLEs of sixteen years, which was 39,578,690. So was  

𝜎2̂, which equals to 8.8068205e+16. And 𝜇�̂�=5,613.133, 𝜇�̂�= 364,100.13. Given k = 0.05 and p 

= 0.99, the full credibility is 186,066.31: 

 

And partial credit is 0.17376791. Therefore, the adjusted aggregate loss for each year is: 

 

where 𝑃𝑖 the aggregate loss for year i. 

 

Since the data in year 2005, 2010, 2011, 2012 and 2015 is incomplete and questionable, we 

replaced the data with the average number of previous year and next year, which is available and 
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feasible to smoothing the prediction. For instance, in year 2015, the aggregated loss is obtained 

from the data in year 2014 multiplied by average growth rate. 

YEAR 
AGGREGATE 

 LOSS 

ADJUSTED 

 AGGREGATE LOSS 
GROWTH 

1996 $98,154,558,982.00                       $200,612,206,263.28 14.787% 

1997 $112,668,998,734.00                         $203,134,350,123.80 -10.969% 

1998 $100,309,996,152.00                         $200,986,752,075.45 -1.068% 

1999 $99,238,370,374.00                         $200,800,537,903.70 4.427% 

2000 $103,631,402,204.00                         $201,563,905,863.36 7.750% 

2001 $111,662,352,116.00                         $202,959,427,244.89 5.761% 

2002 $118,095,496,217.00                         $204,077,301,250.05 1.705% 

2003 $120,108,688,734.00                         $204,427,129,506.15 5.343% 

2004 $126,526,403,339.00                         $205,542,322,360.04 1.924% 

2005 $128,960,334,537.50                         $205,965,261,497.49 1.887% 

2006 $131,394,265,736.00                         $206,388,200,634.93 1.698% 

2007 $133,625,257,856.00  $206,775,875,472.85 2.733% 

2008 $137,276,624,416.00                         $207,410,365,808.63 3.219% 

2009 $141,695,915,195.00                         $208,178,296,730.98 -0.377% 

2010 $141,161,929,431.00                         $208,085,507,140.80 -0.189% 

2011 $140,894,936,549.00                         $208,039,112,345.71 -0.095% 

2012  $140,761,440,108.00                         $208,015,914,948.16 -0.095% 

2013 $140,627,943,667.00                         $207,992,717,550.62 -7.552% 

2014  $130,008,119,610.00                         $206,147,332,919.66 0.153% 

2015  $130,206,542,373.82                         $206,181,812,428.63 1.634% 

 

*1.634% is the average growth rate. 
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Based on our estimation, we came up with a reasonable loss range for future five years based on 

2015 data and the average loss growth rate of 1.634%. 

 

 

YEAR 

AGGREGATE 

 LOSS 

 

ADJUSTED 

AGGREGATE LOSS 

 

2015       $130,206,542,373.82          $206,181,812,428.63 

2016          $132,333,794,024.01          $209,550,311,374.47 

2017          $134,495,799,685.03          $212,973,843,230.42 

2018          $136,693,127,151.13          $216,453,307,097.60 

2019          $138,926,353,492.92          $219,989,616,766.21 

2020          $141,196,065,208.89          $223,583,700,955.52 

 

 

Results, Conclusions, and Discussions 

 

First, from the trend analysis, we concluded that Inpatient cost is the main disruptor that 

influences loss severity and further has the greatest effect on aggregate loss over twenty years. 

That is the reason we focused our analysis on Inpatient losses. There is no observed increasing 

tendency in severity of other cost categories such as Physician services, bad debts and the loss 

frequency stays steady over the whole twenty years.  
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Also, according to the trend analysis, loss severity is generally increasing over twenty years 

while loss frequency keeps stable except for some inaccurate data and historical incidence. So, 

we believe that the disruptors’ substantial impacts on increasing aggregate loss only come from 

increasing severity.  

 

Third, we fitted annual severity model with both Lognormal and Gamma distribution. After 

conducting hypothesis testing, Lognormal is a better model for severity in future loss prediction. 

There is a heavy tailed loss showing in 2015 loss density plot. Since we cleaned abnormal values 

and smoothed unordinary values by replacing them with either medians or means in certain years, 

our Lognormal and Poisson prediction models are suitable for the entire future five years. As we 

modeled loss severity within one year flamework, there was no need to take inflation into 

consideration. For growth rate analysis, inflation rate prediction is embedded in the overall rate 

so that we don’t have to project both loss severity increase and inflation level and then multiply 

both rates. This is for prediction accuracy purpose. 

 

Additionally, after data cleaning, we have 65887 observations for analysis and prediction. 

Meanwhile, in each year, we have 4000 to 6000 data to construct severity model. Hence, the 

historical data is enough and simulations are not necessary. 

 

We fitted the annual severity data with Lognormal and Gamma distributions, and by conducting 

Chi-Square tests, Lognormal is a better model for annual severity. In addition, we fitted effective 

frequency data of sixteen years using Poisson distribution.  
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Furthermore, by applying partial credibility to 2015 data, we believe that the adjusted aggregate 

loss of 2015 should be $206,181,812,428.63. From trend analysis, we can observe that both loss 

severity and frequency may be largely affected by historical incidences that may not last over 

time. By using partial credibility, we can reduce unexpected fluctuations and also smooth dataset 

for a better prediction. 

 

Finally, our five years’ prediction for aggregate loss with adjustments by credibility are shown in 

the table below: 

 

Table Estimation of Future Losses (In Dollars) 

Year Aggregate Loss Adjusted Aggregate Loss 

2016 $132,333,794,024.01 $209,550,311,374.47 

2017 $134,495,799,685.03 $212,973,843,230.42 

2018 $136,693,127,151.13 $216,453,307,097.60 

2019 $138,926,353,492.92 $219,989,616,766.21 

2020 $141,196,065,208.89 $223,583,700,955.52 

 

Companies can adjust future case reserves according to the above aggregate loss we estimated.  

 

For further discussion, since the data provided is incomplete, we were unable to find all potential 

disruptors. Given a clearer definition of disruptors, we consider to use Principal Components 

Analysis (PCA) as long as we can well categorize cost types with the help of worksheets and 
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then generate new main components from those cost sources. This may provide us a better 

insight of internal connection of different losses and thus find out the nature of disruptors. 

 

Both aggregate loss and loss severity can be fitted within a time series framework. As time series 

analysis are widely used in economic and financial analysis, and Medicare Services costs can be 

largely affected by macro economy, fitting the twenty years’ data into a time series model. For 

example, ARIMA model could be a constructional and creative solution for loss prediction. 

 

Furthermore, loss data of individual medical insurance provider can be used for regression 

analysis. The significance level is a direct indication of whether a certain loss category is a major 

reason for unexpected loss. 

 


