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Time Series Analysis

West Virginia Medicaid Medical Cost Trend Study
SECTION I. Introduction

Time series analysis can be used as a part of the corporate financial project. In health insurance industry, there is a common need to forecast claim cost in order to price premium and to target the financial outlook. 

The population that I targeted was the temporary assistant needy family (TANF) under the Medicaid program. I have applied regression analytical tools to project the medical cost trend of this population in West Virginia State. 

The health insurance claims consist of frequency and severity. The frequency of the claim is based on the healthcare utilization of our members. The severity of the claim is determined by the results of the contract negotiation with providers. In this project, it is assumed the contractual increase is the same through-out the reporting period of our claim data. 
The shifting in the membership enrollment can cause changes in the monthly medical expense. In order to exclude the membership effects in causing the claim expense fluctuation, we will be analyzing the monthly medical cost in the unit of per member per month (PMPM). In addition, the medical cost of our analysis consist the claim types of inpatient, outpatient, and physician claims. Incurred-but-not-paid (IBNP) factor has been applied to the claims in order to complete the incurring claim cost. In this project, we will assume the IBNP factor is accurate. 
Real company data were extracted from the company’s data mart, and the transformed by 2 constants ‘Y’ and ‘Z’ in order to protect the financial cost information. 

An excel spreadsheet will be provided along with this document. In the following sections below, Section II detail the data transformation. Section III provides the time series model specification. Section IV below describes my approaches in Auto-Regression analysis in detail. Section V summarizes my finding and provides a conclusion. 

SECTION II. – Data Scaling
The reporting period of this data is from January 2004 to December 2007. There are a total of 48 data points in the dataset. In order to make the result comparable to each other in the time series analysis due to lags, 36 of the 48 data points were used in the later regression analysis.
Due to the confidentiality of the company financial information, the true medical claim and enrollment information cannot be enclosed in this analysis. Therefore, the original claim PMPM is re-scaled to obtain a transformed PMPM. This PMPM will be hard-coded in the Excel working spreadsheet.

To keep the actual data anonymous, the following equation is used to generate sample PMPM from the original data. ‘Y’ and ‘Z’ are the selected constants that are ensuring the transformed PMPM remains positive. Due to the confidentiality issue, the value of these 2 constants will not be provided in the analysis. 


Xnew = (Xold – Y) / Z    where (Xold – Y) is greater than zero for all data points  

Figure 1

Original PMPM and transformed PMPM distribution
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SECTION III. Model Specification
Traditional actuaries use exponential functions to predict claim utilization and severity trends. The insurance claim cost is assumed to be an exponential function of time t. I would expect the following exponential regression function to fit the PMPM data based on this assumption. In my analysis, the variable Y is the nature log of the medical cost PMPM (ie. Y = ln(PMPM))
Based on the PMPM, The 1st order difference is defined as w(t) = y(t) – y(t-1). With 48 data points, there are 47 points of data for the 1st order difference. The graph of the 1st order difference of the claim data shows the 1st differential series consistently moves up and down around 0. We can see the trend has been eliminated from the plot for the 1st order difference in Figure 2 below. 
Figure 2
The 1st order difference of the data
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The corelogram is based on the 1st differential. Figure 3 below shows its distribution. It is observed that the auto-correlation is high. This indicates that the first difference is stationary and likely be to auto-regressive.
Figure 3

Correlogram for the Auto-Correlation (with degree of freedom adjustment)
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SECTION IV. Auto-Regression Analysis

The auto-regression was performed by using Excel built-in regression tool in the “Analysis ToolPak”. In order to identify the best fit model, a regression analysis on AR(12) model was first used. Since we are looking at the medical claim cost by month, we can determine which months of the past year are most influential to the current month PMPM.
The AR(12) model takes the form Yt =  + Yt-1 + Yt-2 +…+ Yt-12 + t. Figure 3 below illustrates the results from this auto-regression model.
The R-square of regression result is 0.735459 and the adjusted R-square is 0.597438. This R-square value indicates that the 73.5% of current month claim cost can be explained by the experience from the past 12 month. By looking at the summary, it looks like Y(t-1), Y(t-2), Y(t-6), Y(t-9), and Y(t-12) are showing  fairly low p-values. These variables indicate a stronger correlation to the explanatory variable.

Based on this, I will run regression test on the following auto-regression models to find out the best fitted model to West Virginia Medicaid medical cost trend.
· AR(1): Yt =  + Yt-1 t
· AR(2): Yt =  + Yt-1 + Yt-2 t
· AR(3): Yt =  + Yt-1 + Yt-2 Yt-3t
· Yt =  + Yt-1 + Yt-2 Yt-12t
· Yt =  + Yt-1 + Yt-2 Yt-3Yt-12t
· Yt =  + Yt-1 + Yt-2 Yt-6Yt-9Yt-12t
The Durbin Watson statistics in the following tables are calculated as the sum of the squares of first differences in residuals divided by the sum of the squares of the residuals.
Figure 3

Statistical Result (All parameters)
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Regression Statistics

Multiple R

0.857589

R Square

0.735459

Adjusted R Square

0.597438

Standard Error

0.078445

Observations

36

ANOVA

df

SS

MS

F

Significance F

Regression

12

0.3935

0.0328

5.3286

0.000297

Residual

23

0.1415

0.0062

Total

35

0.5350

Coefficients

Standard Error

t Stat

P-value

Lower 95%

Upper 95%

Lower 95.0%

Upper 95.0%

Intercept

0.446362

0.756728

0.589858

0.561036

-1.119049

2.011774

-1.119049

2.011774

Y(t-1)

0.489441

0.201294

2.431474

0.023238

0.073033

0.905849

0.073033

0.905849

Y(t-2)

0.413323

0.228462

1.809153

0.083518

-0.059287

0.885932

-0.059287

0.885932

Y(t-3)

-0.326916

0.228454

-1.430992

0.165880

-0.799510

0.145677

-0.799510

0.145677

Y(t-4)

0.261934

0.215946

1.212958

0.237457

-0.184785

0.708653

-0.184785

0.708653

Y(t-5)

0.244061

0.227982

1.070530

0.295487

-0.227555

0.715677

-0.227555

0.715677

Y(t-6)

-0.428326

0.221874

-1.930494

0.065966

-0.887306

0.030655

-0.887306

0.030655

Y(t-7)

0.308905

0.231486

1.334442

0.195121

-0.169961

0.787771

-0.169961

0.787771

Y(t-8)

0.010427

0.239711

0.043500

0.965678

-0.485453

0.506308

-0.485453

0.506308

Y(t-9)

-0.492792

0.219566

-2.244390

0.034725

-0.946999

-0.038585

-0.946999

-0.038585

Y(t-10)

0.268750

0.236226

1.137681

0.266967

-0.219921

0.757422

-0.219921

0.757422

Y(t-11)

0.030324

0.231383

0.131054

0.896872

-0.448329

0.508976

-0.448329

0.508976

Y(t-12)

0.137294

0.220129

0.623700

0.538962

-0.318077

0.592666

-0.318077

0.592666


Table 1 below summarizes the regression result for AR(1), AR(2), and AR(3). The coefficients generated by the regression analysis suggest the following relationship for each of the auto-regression models:
AR(1): Y(t) = 1.751314 + 0.660194Y(t-1) 

AR(2): Y(t) = 0.866331 + 0.338839Y(t-1) + 0.494421Y(t-2) 

AR(3): Y(t) = 0.892865 + 0.351472Y(t-1) + 0.504116Y(t-2) – 0.027541Y(t-3) 
Based on Table 1, AR(1) shows a R-square of 0.4422, an adjusted R-square is 0.4257, and the Durbin Watson statistic of 2.5311. The AR(2) model shows a R-square of 0.5719, an adjusted R-square of 0.5459, and the Durbin Watson statistic of 1.8778. The AR(3) model shows a R-square of 0.5722, an adjusted R-square of 0.5321, and the Durbin Watson statistic of 1.9028.

Table 1

Summary of regression for AR(1) / AR(2) / AR(3) Results
	 Model
	R-Square
	Adjusted R-Square
	Correlation
	Auto-Correlation
	DWS
	Significance F

	AR(1)
	0.4422
	0.4257
	-0.4008
	-0.3594
	2.5311
	0.000010

	AR(2)
	0.5719
	0.5459
	-0.0607
	-0.0526
	1.8778
	0.000001

	AR(3)
	0.5722
	0.5321
	-0.0740
	-0.0643
	1.9028
	0.000004


Table 2 below summarizes the regression result for Model 1-2-12, Model 1-2-3-12, and Model 1-2-6-9-12. The coefficients generated by the regression analysis suggest the following relation for each of the auto-regression models:
Y(t) = 0.16195 + 0.30552Y(t-1) + 0.42727Y(t-2) + 0.24036Y(t-12)
Y(t) = 0.19099 + 0.31967Y(t-1) + 0.43809Y(t-2) – 0.03094Y(t-3) + 0.24062Y(t-12) 

Y(t) = 0.35993 + 0.36645Y(t-1) + 0.52280Y(t-2) – 0.14585Y(t-6) – 0.20900Y(t-9) + 0.39993Y(t-12)

Based on table 2, the model with order 1-2-12 shows an R-square of 0.6111, an adjusted R-square of 0.5747, and the Durbin Watson statistic of 1.6840. The model with order 1-2-3-12 shows an R-square of 0.6115, an adjusted R-square of 0.5614, and the Durbin Watson statistic of 1.7154. The model with order 1-2-6-9-12 shows an R-square of 0.6522, an adjusted R-square of 0.5942, and the Durbin Watson statistic of 1.6403.

Table 2

	 Model
	R-Square
	Adjusted R-Square
	Correlation
	Auto-Correlation
	DWS
	Significance F

	AR(12)
	0.7355
	0.5974
	-0.0423
	-0.0400
	2.0046
	0.000297

	1-2-12
	0.6111
	0.5747
	0.0459
	0.0411
	1.6840
	0.000001

	1-2-3-12
	0.6115
	0.5614
	0.0289
	0.0263
	1.7154
	0.000005

	1-2-6-9-12
	0.6522
	0.5942
	0.0801
	0.0721
	1.6403
	0.000004


Summary of regression for different auto-regression results

SECTION V. CONCLUSION

Based on the model results, it is clear that auto-regression model with lag 1-2-6-9-12 is the best fit out of the 6 models analyzed. The equation contains the most significant variables, and it has the highest adjusted R-square value and lowest Durbin-Watson statistic. 
Figure 4
Actual versus Predicted PMPM Comparison
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The final model that I selected is listed as the following:

Yt =  + Yt-1 + Yt-2 –Yt-6Yt-9Yt-12t
Figure 4 above show the comparison between the actual PMPM versus the forecasted PMPM generated from the model that was selected. The fitting does not look bad. There are always gaps between the fitted and the real data, which are likely caused by random error terms.
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