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ABSTRACT
The recent development and availability of sophisticated computer software has facilitated the use
of predictive modeling by actuaries and other financial analysts. Predictive modeling has been
used for several applications in both the health and property and casualty sectors. Often these
applications employ extensions of industry-specific techniques and do not make full use of information contained in the data. In contrast, we employ fundamental statistical methods for predictive modeling that can be used in a variety of disciplines. As demonstrated in this article, this
methodology permits a disciplined approach to model building, including model development
and validation phases. This article is intended as a tutorial for the analyst interested in using
predictive modeling by making the process more transparent.
This article illustrates the predictive modeling process using State of Wisconsin nursing home
cost reports. We examine utilization of approximately 400 nursing homes from 1989 to 2001.
Because the data vary both in the cross section and over time, we employ longitudinal models.
This article demonstrates many of the common difficulties that analysts face in analyzing longitudinal health care data, as well as techniques for addressing these difficulties. We find that longitudinal methods, which use historical trend information, significantly outperform regression
models that do not take advantage of historical trends.

1. INTRODUCTION
The recent development and availability of sophisticated computer software has facilitated the use of
predictive modeling by actuaries and other financial analysts. Predictive modeling refers to a statistical
process of analyzing data related to some problem of interest. This process can be described as (1)
defining the problem to be studied, (2) collecting sufficient knowledge about the problem and obtaining appropriate data, (3) examining trends in the data to aid in developing candidate models (sometimes referred to as data mining), (4) estimating the candidate models via reasonable methods, and
(5) using diagnostic analyses and selection criteria to decide which of the candidate models is best for
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analyzing the problem (Rosenberg and Johnson 2007). This article is intended as a tutorial for the
analyst interested in using longitudinal data for predictive modeling and focuses on the development,
estimation, and validation of predictive models.
Predictive modeling has been used extensively in the health care sector; see, for example, Cumming
and Cameron (2002) for an evaluation of several commercial health-care-related predictive modeling
software packages. Many health-sector applications require that predictive models account for variables
related to the health status of individuals or groups by including covariates like age, gender, race/
ethnicity, diagnosis codes, cultural and socioeconomic attributes, and health assessment measures such
as quality of life and self-reported health. Accounting for health-status-related covariates is known as
risk adjustment (Iezzoni 1997). There are four major health-sector applications of predictive modeling.
One application is provider profiling, where provider performances are ordered based on the quality of
treatment, number of tests, and disease severity of their case mix (Christiansen and Morris 1997;
Delong et al. 1997; Hu and Lesneski 2004). A second application is provider reimbursement, where
providers who treat Medicare or Medicaid insured patients receive payment as determined by a statistical model (Ash and Byrne-Logan 1998; Ash et al. 2000; Pope et al. 2000; Kronick et al. 2000). A
third application is the identification of individual or groups of patients that are likely to be high-cost
users of medical services in future periods, for the purpose of targeting them with interventions to
reduce future costs (Cousins, Shickle, and Bander 2002; Passwater and Seiler 2004; Dove, Duncan, and
Robb 2003; Meenan et al. 1999; Zhao et al. 2003). Finally, predictive modeling is used to supplement
the underwriting and pricing of small group health insurance (Cumming et al. 2002; Ellis et al. 2003;
Hu and Lesneski 2004).
Predictive modeling also has been utilized in the property-casualty sector. Derrig (2002) provided a
general overview of insurance fraud detection and deterrence strategies, and other analysts have developed predictive models for detecting and classifying types of insurance fraud (Brockett et al. 2002;
Tennyson and Slasas-Forn 2002; Viaene et al. 2002). Predictive modeling also has been used to relate
credit scores to personal automobile or homeowners’ profitability (Monaghan 2000; Wu and Guszcza
2003). The American Academy of Actuaries summarized four studies that discussed the use of credit
history for personal lines of insurance (American Academy of Actuaries Risk Classification Subcommittee of the Property/Casualty Products and Committee 2002). Medical malpractice claims and litigation have been analyzed with predictive models (Cooil 1991; Weycker and Jensen 2000). Claims
reserving naturally lends itself to predictive modeling (Guszcza and Lommele 2006). Finally, predictive
modeling can assist in predicting claimant behavior in workers’ compensation (Biddle and Roberts
2003; Speights, Brodsky, and Chudova 1999).
This article illustrates the predictive modeling process using data from State of Wisconsin nursing
home cost reports. We examine utilization of approximately 400 nursing homes from 1989 to 2001
and are interested in forecasting total patient years (number of total patient days in the cost reporting
period divided by number of facility operating days in the cost reporting period) by individual nursing
home. The Wisconsin nursing home data vary both in the cross-section and over time; therefore, we
use longitudinal (panel data) models. Covariates are included as with ordinary regression, yet differences between subjects and changes over time can be incorporated. See Baltagi (2005), Diggle et al.
(2002), or Frees (2004) for a general discussion of longitudinal data modeling. This article demonstrates how poorly cross-sectional methods perform because they do not take advantage of historical
trends when predicting future outcomes, as compared to longitudinal methods that use historical trend
information. This article also demonstrates many of the common difficulties that analysts face in analyzing longitudinal health care data, as well as techniques for addressing these difficulties. The longitudinal data approach used in this article is only one of several predictive modeling approaches; other
approaches are discussed in the Summary section.
The data are used to illustrate the modeling techniques. The empirical results obtained provide
projections about future nursing home utilization. However, any general conclusions regarding nursing
homes/custodial care would consider the economic, financial, and legal environments in which the
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nursing homes operate and would incorporate related variables (such as the demand and supply of
beds, the degree of competition within the market, Wisconsin poverty levels, and Wisconsin Medicaid
legislation).
The remainder of the article is organized as follows. Section 2 describes the nursing home data.
Section 3 provides summary statistics and develops and estimates candidate longitudinal models. Section 4 validates these candidate models by predicting future outcomes. Section 5 provides a summary
and concluding remarks. An appendix provides details of the model selection and sample statistical
code.

2. CASE STUDY

ON

NURSING HOME DATA

The State of Wisconsin Medicaid program funds nursing home care for individuals qualifying on the
basis of need and financial status. Nursing home care providers are categorized into three types: nursing
facilities providing skilled care to disabled adults and frail elderly, facilities serving people with developmental disabilities (FDDs), and facilities serving both populations in separate units. Most, but not
all, nursing homes in Wisconsin are certified to provide Medicaid-funded care. Those that do not accept
Medicaid are generally paid directly by the resident or the resident’s insurer. Most, but not all, nursing
facilities are certified to provide Medicare-funded care. Medicare provides postacute care for 100 days
following a related hospitalization. Medicare does not fund care provided by FDDs.
Nursing homes are owned and operated by a variety of entities, including the state, counties, municipalities, for-profit businesses, and tax-exempt organizations. Private firms often own several nursing
homes. Periodically facilities may change ownership and, less frequently, ownership type. Some nursing
homes opt not to purchase private insurance coverage for their employees. Instead, these facilities
directly provide insurance and pension benefits to their employees; this is referred to as ‘‘self-funding
of insurance.’’
As part of the conditions for participation, Medicaid-certified nursing homes must file an annual cost
report to the Wisconsin Department of Health and Family Services (DHFS) summarizing the volume
and cost of care provided to all of its residents, Medicaid-funded and otherwise. These cost reports are
audited by DHFS staff and form the basis for facility-specific Medicaid daily payment rates for subsequent periods. Medicaid daily payment rate schedules vary annually by facility and by resident classification of level of care within each facility. The data are publicly available. Interested parties can contact
the DHFS to request the data; see http://dhfs.wisconsin.gov/contact.htm for contact information.
Utilization of nursing home care is measured in patient days. Medicaid facilities bill the Medicaid
fiscal intermediary at the end of each month for total Medicaid patient days incurred in the month,
itemized by resident and level of care. Projections of Medicaid patient days by facility and level of care
play a key role in the annual process of updating facility Medicaid rate schedules. The projected total
patient days are applied to estimated rate schedules to provide an estimate of aggregate Medicaid
payments to nursing homes. The rate formula, which translates historical reported costs per patient
day for a facility into a proposed rate schedule, is iteratively adjusted until estimated aggregate payments satisfy budget constraints while providing adequate and equitable reimbursement to providers
across ownership type, geographic, and other dimensions. Typically DHFS obtains short-term forecasts
of one or two fiscal years of aggregate patient days, by separately trending historical Medicaid patient
days by level of care. These level-of-care forecasts are stratified by facility roughly in proportion to
reported Medicaid total patient days by facility and level of care for the most recently available audited
cost report period.
DHFS is interested in determining whether more sophisticated projection techniques exist that might
provide more reliable total patient days forecasts by level of care and facility. Because the factors
influencing trends in FDD and nursing facility service utilization differ, and nursing facility payments
dominate FDD care payments, we focus our analysis initially on nursing facility total patient days.
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ESTIMATION

In this section we use longitudinal data techniques to analyze the nursing home data from State of
Wisconsin nursing home cost reports between 1989 and 2001. There are three general classes of longitudinal models that have been discussed in the literature: subject-specific models, marginal models,
and transition models (Diggle et al. 2002). In this article, we focus on subject-specific models, which
are appropriate for forecasting outcomes at the subject level.
We consider commonly used longitudinal models that assume that the outcome variable follows a
multivariate normal distribution. These models are easily implemented and interpreted. We begin in
Section 3.1 with a description of the key variables for the entire data set. We then partition the data
into an in-sample portion to develop models, and an out-of-sample portion to assess the forecasts of
competing models. To calibrate these models and select the most appropriate representation, 4076
observations from 398 nursing facilities, from 1989 to 1999, are included in the in-sample data. Section
3.2 discusses the in-sample model fitting. Section 4 examines the prediction accuracy of different
models for the out-of-sample data.

3.1 Summary Statistics
Table 1 describes the variables considered in this analysis. The outcome variable is total patient years
(TPY) defined to be number of total patient days in the cost reporting period divided by number of
facility operating days in the cost reporting period. The median of total patient years per facility was
86.7 per year. Appendix A describes the statistical decision-making process for choosing to analyze
patient years in lieu of patient days. The number of beds and square footage of the nursing home both
measure the size of the facility. Not surprisingly, these continuous covariates turn out to be important
predictors of TPY; larger facilities have a higher capacity and are likely to have more patients.
Table 1 also describes several categorical covariates. About half of the facilities have self-funding of
insurance; these facilities have a higher median TPY than nursing homes that do not self-fund. Approximately 70% of the facilities are Medicare-certified; Medicare-certified facilities are also larger in
terms of the median TPY. Regarding the organizational structure, about half (52.4%) are run on a forprofit basis, about one-third (36.8%) are organized as tax exempt, and the remainder are governmental
organizations. The government facilities have the highest median TPY. Slightly more than half of the

Table 1
Variable Descriptions with Percentages and Median TPY by Subgroup
Variable
TPY
Continuous covariates:
YEAR
NumBed
SqrFoot
Categorical covariates:
POPID
SelfFundIns
MCert
Organizational
Structure
Location
MSA

Description

Percentage

Median TPY

50.4
49.6

97.1
74.3

70.2
29.8
52.4
36.8
10.8
53.8
46.2

92.0
70.0
82.7
86.2
111.8
95.5
78.7

Total patient years (median 86.7)
Cost report year minus 1988 (1 to 13)
No. of beds (median 95)
Nursing home net square footage
(in thousands of square feet, median 37.27)
Nursing home identification number
Self-funding of insurance
Yes
No
Medicare-certified
Yes
No
Pro (nursing home is for-profit)
TaxExempt (nursing home is tax exempt)
Govt (nursing home is a governmental unit)
Urban
Rural
Metropolitan Statistical Area code
(1 to 13, 0 rural)
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Table 2
Summary Statistics of Total Patient Years (TPY), by Year
Year

No. of
Facilities

Mean

Median

Standard
Deviation

Minimum

Maximum

Coefficient of
Variation

1989
1990
1991
1992
1993
1994
1995
1996
1997
1998
1999

376
376
368
372
367
370
370
372
370
365
370

102.0
103.4
104.1
105.2
105.5
104.4
104.6
101.8
99.7
97.2
92.4

88.3
88.5
90.1
89.3
89.7
89.4
90.4
87.8
85.3
85.1
82.7

67.0
66.9
66.8
67.5
68.0
67.2
67.5
65.3
62.3
59.5
52.3

15.1
14.2
13.2
16.0
16.5
14.7
16.6
15.7
15.7
11.9
11.6

645.0
650.6
655.1
653.0
657.3
658.6
669.3
657.3
614.4
551.5
439.6

65.7
64.7
64.2
64.2
64.5
64.4
64.5
64.1
62.5
61.2
56.6

2000
2001

362
355

88.8
89.7

80.5
81.1

46.1
49.0

11.6
12.3

314.7
440.7

51.9
54.7

1989–2001

4793

100.0

86.7

62.7

11.6

669.3

62.7

Note: Years 1989–99 correspond to in-sample data; years 2000-2001 correspond to out-of-sample data.

facilities are located in an urban environment (53.8%); these facilities have a higher median TPY than
those located in rural environments.
Table 2 shows the distribution of TPY over time. The number of facilities varies from year to year,
with an average of 368.7 per year (4,793/13). The number of facilities is relatively stable over time,
whereas there has been a small decrease in the typical (mean or median) TPY over time.
Because the standard deviation is large relative to the mean, Table 2 also suggests that the distribution of TPY is skewed. This is reinforced by Figure 1, which provides a histogram of TPY. We see that
the distribution is right skewed, with large values of TPY relatively common. The histogram of TPY
values on a natural logarithmic scale exhibits a more symmetric, and thinner tailed, distribution.

Figure 1
Histogram of TPY and Logarithmic TPY
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Table 3
Correlations among Continuous Covariates

LN(TPY)
TPY
NumBed
LN(NumBed)
SqrFoot
LN(SqrFoot)

LN(TPY)

TPY

NumBed

LN(NumBed)

SqrFoot

LN(SqrFoot)

1.000
0.905
0.893
0.983
0.749
0.848

1.000
0.983
0.895
0.825
0.783

1.000
0.911
0.819
0.781

1.000
0.749
0.849

1.000
0.900

1.000

Motivated by this, we consider the natural logarithm of TPY, LN(TPY), as a potential outcome variable
and then convert back to the original units for predicting TPY. Table 3 exhibits correlations among
TPY, LN(TPY), and the continuous covariates. This table presents the natural logarithm of number of
beds, LN(NumBed), and the natural logarithm of square footage, LN(SqrFoot), and suggests that covariates on a logarithmic scale are more closely related to LN(TPY) than those on the original scale.
Therefore, we present our models in terms of continuous covariates on a logarithmic scale.
Knowledge of the size, organizational structure, and other variables will aid in making predictions
of TPY. However, for predicting future values of a facility’s TPY, the most important piece of information
is past behavior. To underscore the importance of the dynamics, Figure 2 presents multiple times series
plots for subsets of facilities. Here LN(TPY) is graphed versus year, with each line connecting annual
observations of LN(TPY) for a facility. Only subsets of the facilities have been displayed in these graphs
so that they do not appear too cluttered.
Figure 2 underscores the fact that prior values of LN(TPY) are important predictors of future values.
Moreover, Figure 2 exhibits the so-called heterogeneity among facilities; observations within a facility

Figure 2
Multiple Time Series Plots of Logarithmic TPY

Notes: The left-hand panel (a) summarizes a subset of facilities with small average TPY; the right-hand panel (b) corresponds to facilities with
large average TPY.
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tend to have the same value compared to observations across facilities. Values of TPY are quite stable
over time for many facilities; however, some facilities have a substantial amount of variability. We
interpret these differences in variability as an aspect of heteroscedasticity. Finally, Figure 2 shows the
unbalanced nature of our data; some facilities stopped reporting information within our sampling period, whereas other facilities entered.

3.2 In-Sample Model Fitting
The model specification criteria consist of two parts, in-sample selection criteria and out-of-sample
assessment criteria. This section focuses on in-sample measures. Section 4 discusses out-of-sample
measures.
We include the ordinary regression model as a baseline model to compare with the longitudinal
models:
LN(TPY)it ⫽ ␤0 ⫹ ␤1LN(NumBed)it ⫹ Sit ⫹ εit,

(3.1)

where
Sit ⫽ ␤2LN(SqrFoot)it ⫹ ␤3Proit ⫹ ␤4TaxExemptit
⫹ ␤5SelfFundInsit ⫹ ␤6MCertit ⫹ ␤7YEARt ⫹ ␤8YEAR 2t

(3.2)

is a systematic component that is common to each model. This model is also known as a pooled crosssectional (PCS) model in longitudinal data analysis in that it does not use historical facility-specific
information to model the outcome variable.
As suggested by Figure 2, there are strong heterogeneities among the nursing facilities, and strong
correlations within each facility over time. This suggests that the PCS model is not appropriate, and
longitudinal models are in order. We follow the notation of Frees (2004); for nursing facility i in year
t, the subject-specific models are of the form
yit ⫽ z⬘␣
⫹ εit,
it i ⫹ x⬘␤
it

(3.3)

where zit ⫽ (zit,1 . . . zit,q)⬘ and xit ⫽ (xit,1 . . . xit,K)⬘ are nonstochastic covariates. The term ␣i is a vector
of facility-specific parameters corresponding to zit, and ␤ is a vector of parameters common to all
facilities corresponding to xit. The vector of error terms is denoted by εi ⫽ (εi1, . . . , εi11)⬘. It has mean
(0, . . . , 0)⬘ and 11 ⫻ 11 temporal variance-covariance matrix R i, where the element in the rth row
and sth column of R i is Cov(yir, yis). For facilities with fewer than 11 years of observations, the variancecovariance matrix can be obtained by removing the rows and columns of R i corresponding to years
that are not available.
To account for the heterogeneity among facilities, we use models with facility-specific parameters in
the form of equation (3.3). To account for the serial correlation of the outcome variable TPY over time,
we assume an autoregressive of order 1 (AR(1)) correlation structure. For an AR(1) correlation structure, we have Rrs ⫽ 2兩r⫺s兩. More complex structures than AR(1) can also be readily fitted; however,
as we will see with our data set of only 11 years, AR(1) provides sufficient flexibility. The AR(1) correlation structure makes implicit use of the transition model approach to longitudinal modeling mentioned previously, in that past and current outcomes are assumed to be correlated.
Our first longitudinal representation is a fixed effects (FE) model with facility-specific intercepts that
are fixed, unknown parameters. Compared to the PCS model in equation (3.1), this model separates
out facility-specific effects that capture much of the time-constant information in the outcome variables; therefore, the estimates of the variability are more precise. Let ␣i0 denote the fixed facility-specific
intercept to be estimated. The model is
LN(TPY)it ⫽ ␣i0 ⫹ ␤1LN(NumBed)it ⫹ Sit ⫹ εit,

(3.4)

which we refer to as model FE1.
In addition to allowing intercepts to vary by facility, we can also vary the slope coefficient associated
with LN(NumBed) by facility: that is, we anticipate that the effect of changes of number of beds on
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TPY to be facility-specific. We refer to this as model FE2. Let ␣i1 denote the slope coefficient of
LN(NumBed) for facility i and use
LN(TPY)it ⫽ ␣i0 ⫹ ␣i1LN(NumBed)it ⫹ Sit ⫹ εit.

(3.5)

We also consider a situation in which ␣i is a vector of random variables instead of fixed, unknown
parameters, known as ‘‘random effects.’’ Representations that include both fixed and random effects
are known as mixed effects (ME) models; our first such model (model ME1) is given in equation (3.6).
The form of the model is the same as the FE model with variable intercept in equation (3.4), only the
intercept of the ith nursing facility is a function of the population intercept (␤0) plus a unique contribution from that facility, ␣i0. We assume that ␣i0 are independent of εi and are identically and independently distributed with mean 0 and variance 2␣0:
LN(TPY)it ⫽ (␤0 ⫹ ␣i0) ⫹ ␤1LN(NumBed)it ⫹ Sit ⫹ MSAⴕ␥
⫹ εit.
i

(3.6)

In ME1 we also include the categorical variable MSAi representing the metropolitan statistical
area. As noted in Table 1, there are 14 different categories represented in this factor, so that 13 covariates (MSAi ⫽ (MSAi1, . . . , MSAi13)⬘) and their corresponding fixed regression coefficients
(␥ ⫽ (␤9, . . , ␤21)⬘) are included in ME1. The intuition is that facilities in the same MSA share a similar
economic climate that can be represented using a constant (within MSA) regression term.
In ME2 we allow the slope of LN(NumBed) to vary by facility i; that is, the slope for the ith facility
is the sum of the population slope and a unique contribution from the facility, ␣i1. As with intercepts,
we assume ␣i1 are independent of the error terms and are identically and independently distributed
with mean 0 and variance 2␣1. The covariance of ␣i0 and ␣i1 is denoted by ␣01. Model ME2 is given by
LN(TPY)it ⫽ (␤0 ⫹ ␣i0) ⫹ (␣i1 ⫹ ␤1)LN(NumBed)it ⫹ Sit ⫹ MSAⴕ␥
⫹ εit.
i

(3.7)

Note that in this tutorial article, we include both FE and ME models for illustrative purposes. In
practice, analysts often need to decide between these two types of longitudinal models. When there
are time-constant covariates within subjects as in our data, such as MSA, ME models are preferred;
coefficients for time-constant covariates cannot be estimated in FE models because they are collinear
with the subject-specific intercept terms. The sampling method used to select subjects also can aid in
the choice between FE and ME models. For example, if the subjects are randomly selected from a
population, it is more reasonable to represent the subject-specific effect ␣i as a random variable instead
of as a fixed, unknown parameter. If, on the other hand, the subjects themselves constitute the population (for example, states in the United States), a FE model is more appropriate. When the choice
is not clear, the Hausman test can be employed to choose between FE or ME models (Hausman 1978).
Several popular free or commercial software packages can be used to fit longitudinal models, such
as R, Stata, and SAS. We use SAS PROC MIXED to fit both the FE and ME models; illustrative SAS
code appears in Appendix B. The variance components are estimated using the restricted maximum
likelihood (REML) method rather than the maximum likelihood method. Maximum likelihood estimators of the variance components are often biased and sometimes can be negative. REML produces
unbiased, nonnegative estimators (Frees 2004, Chapter 3). Once we estimate the variance components,
we can obtain the regression coefficient estimates for the FE or ME models. The estimated variancecovariance matrix of the regression parameters is computed by using the so-called sandwich estimator,
which is asymptotically consistent and robust to unsuspected serial correlation and heteroscedasticity
(Frees 2004, Chapter 3).
As in ordinary regression models, the statistical significance of individual regression coefficients is
determined using t-statistics. Analysts can use penalized likelihood criterion such as Akaike’s Information Criterion (AIC) or Schwarz’s Bayesian Information Criterion (BIC) to compare alternative models (Brockett 1991; Burnham and Anderson 2004). Both statistics include a penalty that is an increasing function of the number of estimated parameters, but do not always lead to the same choice of
models. AIC penalizes the number of free parameters less strongly than BIC. (AIC ⫽ ⫺2 ln(maximum
likelihood) ⫹ 2(number of estimable parameters); BIC ⫽ ⫺2 ln(maximum likelihood) ⫹ ln(number of
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subjects) ⫻ (number of estimable parameters).) A smaller value of AIC and BIC is associated with a
better model fit.
Table 4 summarizes the coefficient estimates. The fit of the PCS model is much poorer than the
other models, based on the large value of the AIC and BIC statistics. This result confirms our observation based on the multiple time series plots that the PCS model is not appropriate.
In the other models, the coefficients of the variables LN(SqrFoot), MCert, and YEAR are positively
significant; Pro, TaxExempt, and YEAR2 are negatively significant. Holding the other covariates constant, we interpret the positive coefficient for MCert to mean that Medicare-certified facilities tend to
contribute more TPYs. The significant nonzero coefficients on YEAR and YEAR2 indicate a quadratic
trend. TPYs are increasing in the early years of the sample and declining in later years. To illustrate,
for the FE1 model, the partial impact of going from year 11 (0.013 ⫻ 11 ⫺ 0.001 ⫻ 112 ⫽ 0.022) to
year 12 (0.013 ⫻ 12 ⫺ 0.001 ⫻ 122 ⫽ 0.012) represents an estimated change of ⫺0.010 of logarithmic
TPY. One can interpret this as a 1.0% decline going from year 11 (1999) to year 12 (2000).
Comparing models FE1 and FE2, AIC indicates that FE2 provides a better fit, while BIC indicates
that FE1 provides a better fit. We note that, for many of the facilities, the number of beds did not
change over time. For these facilities, the number of beds is constant and hence perfectly collinear
with the constant associated with the intercept term. Thus, slope coefficients are not estimable, and
forecasting is not possible for these facilities. Therefore, we drop FE2 from consideration and use the
simpler FE1.
Comparing models ME1 and ME2, both AIC and BIC indicate that ME2 provides a better fit. However,
one can interpret the covariance terms between the random effects as a correlation; the estimated
correlation between ␣i0 and ␣i1 is ⫺0.165/兹(0.730) ⫻ (0.037) ⫽ ⫺0.998. This indicates that the two
random effects are highly negatively correlated, and that the slope coefficient is not informative. Therefore, we drop ME2 from consideration and use the simpler ME1.
In FE1 and ME1, the coefficients for both models are largely in agreement in that they provide similar
information. Both indicate that our size measures, LN(NumBed) and LN(SqrFoot), are positively statistically significant; the coefficients of Medicare-certified and YEAR are also positively significant; the
coefficients of TaxExempt and YEAR2 are negatively significant; and the coefficient of SelfFundIns is
not significant.
Table 4
Logarithmic TPY Model Coefficient Estimates Based on In-Sample Data
Model PCS

Regression variables:
LN(NumBed)
LN(SqrFoot)
Pro
TaxExempt
SelfFundIns
MCert
YEAR
YEAR2
MSA
Variance Components:
Intercept variance (2␣0)
Slope variance (2␣1)
Intercept-slope covariance (␣01)
Disturbance variance (2)
Correlation ()
Goodness-of-fit statistics:
⫺2 residual log-likelihood
AIC
BIC

Model FE1

Model FE2

Estimate

t-stat

Estimate

t-stat

Estimate

t-stat

0.950
0.040
0.021
0.039
0.002
⫺0.018
0.015
⫺0.001

150.33
7.05
3.46
6.83
0.66
⫺4.42
6.93
⫺6.76

0.535
0.059
⫺0.104
⫺0.091
0.002
0.014
0.013
⫺0.001
—

7.82
2.82
⫺2.02
⫺1.85
0.51
2.95
4.78
⫺6.79
—

0.027
⫺0.079
⫺0.081
0.003
0.014
0.009
⫺0.001
—

1.65
⫺2.39
⫺2.33
0.74
2.93
4.61
⫺6.46
—

38.00

—
—
—
0.003
0.460

—
—
—
0.010
—
⫺6845.3
⫺6797.3
⫺6705.6

—
—
—
0.012
0.838
⫺9721.1
⫺8905.1
⫺7286.6

⫺12,440.0
⫺9,952.0
⫺6,754.9

22.98

Model ME1a

Model ME2*

Estimate

t-stat

Estimate

t-stat

0.838
0.068
⫺0.035
⫺0.033
0.003
0.012
0.010
⫺0.001

23.11
3.25
⫺2.10
⫺1.82
0.73
2.55
4.43
⫺5.69

0.862
0.052
⫺0.046
⫺0.040
0.005
0.010
0.009
⫺0.001

38.56
3.21
⫺2.26
⫺1.76
1.06
2.42
4.59
⫺5.93

38.00

0.730
0.037
⫺0.165
0.008
0.778

34.52

0.005
—
—
0.008
0.740
⫺9707.3
⫺9651.3
⫺9551.6

⫺10,479.4
⫺10,415.4
⫺10,307.8

* ME models were estimated including the categorical factor metropolitan statistical area (MSA), although the coefficients are not reported.
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4. MODEL VALIDATION
We compare the predictive abilities of our candidate models using the out-of-sample data from the
12th and 13th years, 2000 and 2001. There are 717 observations from 366 nursing facilities in these
years. An additional four facilities started after 1999; they are not included in the out-of-sample data.
For each model we used the in-sample data to estimate coefficients and used the estimated coefficients and covariates for the out-of-sample data to compute predicted LN(TPY) (Frees 2004 Chapter


4). Then we exponentiated to get TPYi,11⫹L for each facility i and forecast leads L ⫽ 1, 2 (corresponding
to t ⫽ 12, 13, or years 2000, 2001).
We summarize the model accuracy of the forecasts through two statistics, the Mean Absolute Error
(MAE),
MAE ⫽

n12

1
⫹ n13

冘 冘 兩TPY
2

n11⫹L

L⫽1

i⫽1



i,11⫹L

⫺ TPYi,11⫹L兩,

(4.1)

and the Mean Absolute Percentage Error (MAPE),
100
MAPE ⫽
n12 ⫹ n13

冘冘
2

n11⫹L

L⫽1

i⫽1



兩TPYi,11⫹L ⫺ TPYi,11⫹L兩
.
TPYi,11⫹L

(4.2)

Here nt denotes the number of facilities in year t.
Table 5 summarizes the comparison of the models based on the out-of-sample criteria. Table 5 also
summarizes forecasts based on the in-sample average of each facility’s TPY: this naive estimator performed poorly. However, an alternative naive estimator, the most recent observation, performed even
better than the PCS model on the out-of-sample fit, without any adjustments for trend. The most recent
observation is included in our comparisons as a baseline measure; analysts should always consider this
naive measure. Although not reported in detail here, this estimator performed poorly in the in-sample
assessment. Moreover, the performance of the most recent observation deteriorates rapidly as the
forecast horizon (L) increases.
As expected, the PCS model performed poorly compared to the other candidate models. Comparing
FE1 and ME1, we see that both models performed better than the most recent observation, with the
slight edge to ME1.
To underscore the appropriateness of the natural logarithm transformations, we also fit the PCS,
FE1, and ME1 models using the original units of the continuous variables TPY, NumBed, and SqrFoot.
The forecast results are reported in Table 5. Compared to the models with LN(TPY) as the outcome
variable, the FE1 and ME1 models for TPY have larger MAE and MAPE values, indicating that the
LN(TPY) models fit the data better.

Table 5
Using 1989–1999 In-Sample Data to Predict 2000–2001 Out-of-Sample Data
Model
Most recent observation
Outcome variable LNTPY:
In-sample average
PCS
FE1
ME1
Outcome variable TPY:
PCS
FE1
ME1

Mean Absolute Error
(MAE)

Mean Absolute Percentage
Error (MAPE)

4.62

5.47

12.12
6.05
4.51
4.18

13.36
7.16
5.28
4.84

5.96
5.34
4.45

7.71
7.02
5.51
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When developing forecasting models, it is prudent to test the ability of the model to predict over a
range of time periods to establish robustness. To assess model performance at different points in time,
Table 6 reports the forecast results on the logarithm transformed TPY of another in-sample period,
beginning in 1989 and ending in 1997. Similar to the results in Table 5, both the FE1 and ME1 models
outperform the other candidates. Interestingly, the PCS model forecasts better than the most recent
observation. Because the most recent observation is based on only observation per facility, it is highly
variable. Thus, it is not surprising that its forecasting performance fluctuates wildly over different time
periods.

5. SUMMARY

AND

CONCLUDING REMARKS

This article illustrated predictive modeling using State of Wisconsin nursing home data. We emphasized
that predictive modeling is a process that involves problem identification, data analysis, and candidate
model development, estimation, and validation. Our predictive modeling approach involved longitudinal
modeling and compared three types of models, the PCS, FE, and ME models, with two simple approaches, the in-sample average and most recent observation. Introducing covariates and allowing for
either a fixed or random intercept term by facility improved the prediction, compared to the simpler
approaches or an ordinary regression model. Although not surprising, this result is significant given
the common industry practice of using cross-sectional algorithms for predictive modeling. These models
are easily computed with appropriate software packages such as Stata, R, or in our case, SAS.
As mentioned in the Introduction, predictive modeling has been used for provider profiling, provider
reimbursement, and identification of high-cost users. In all of these applications, costs can and should
be linked over time, whether they be by physician, by organization, or by individual. Longitudinal
modeling of costs over time accounts for the heterogeneity of individuals, through inclusion of
individual-specific intercept and slope coefficients.
The longitudinal data approach used in this article is only one of several predictive modeling approaches. Other approaches include continuance tables, multiple regression analysis, generalized linear
models (GLMs), two-part models, Bayesian analysis, finite mixtures of distributions, and statistical
algorithms such as clustering, principal components, classification and regression trees, multivariate
adaptive regression splines, and neural networks.
Continuance tables traditionally have been used in the health insurance industry for the predictive
modeling of frequency distributions for outcomes such as length of stay or claim duration. For example,
our Wisconsin nursing home data could have been analyzed by developing a continuance table for total
patient days or years, using historical data and actuarial assumptions to estimate the probability that
a resident would spend N days in a nursing home, where N is random count variable. Such an approach
could be useful for analyzing discrete outcome variables. However, continuance tables cannot be easily
generalized to continuous outcome variables, such as the expected cost of treating a nursing home
resident or claim severities. There are many articles in the literature that discuss continuance tables;
some references are provided in Waters and Phil (1989).
Multiple regression analysis is one of the most widely used predictive modeling techniques in health
care. Some widely used multiple regression predictive models for determining provider reimbursement
Table 6
Using 1989–1997 In-Sample Data to Predict 1998–1999 Out-of-Sample Data
Model

Mean Absolute Error
(MAE)

Mean Absolute Percentage
Error (MAPE)

In-sample average
Most recent observation
PCS
FE1
ME1

11.64
6.72
5.62
4.85
4.86

12.27
7.25
6.35
5.31
5.16
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are the Diagnostic Cost Group Hierarchical Condition Category models (DCG/HCC) (Ash et al. 2000).
These models incorporate patient diagnosis codes as covariates to aid in the prediction of provider
payments. Other papers contain discussions of health-care-related multiple regression models, including Ash and Byrne-Logan (1998), Fowles et al. (1996), Pope et al. (2000), Pope et al. (2004), Sales et
al. (2003), and Zhao et al. (2005).
The GLM approach is a popular method for modeling skewed data. GLMs are flexible in that the link
and variance functions used in this method can account for data issues such as overdispersion (Frees
2004, Chapter 10). Papers that have discussed GLMs with regard to predicting health care costs and
utilization include Blough, Madden, and Hornbrook (1999), Diehr et al. (1999), Daniels and Gatsonis
(1999), and Manning and Mullahy (2001).
Two-part models estimate the utilization of health care separately from the cost. The first component
models the likelihood that a patient will use any medical services using either a logistic or probit
regression model. The second component models the amount of medical services utilized by the patient,
conditional on the patient having used any services. If multiple regression analysis is used, then the
outcome variable is typically the logarithm of health care cost, whereas if a GLM is used to model this
component, then no transformation is needed. The product of the expected value of each component
provides the expected health care costs for an individual (Blough et al. 1999; Deb and Trivedi 2002;
Diehr et al. 1999).
Other possible approaches to model health care costs include Bayesian predictive modeling (De Alba
2002; Fellingham, Tolley, and Herzog 2005; Verrall 2004) or the use of finite mixture distributions
(Deb and Burgess 2003; Deb and Holmes 2000; Deb and Trivedi 1997). Clustering, principal components, classification and regression trees, multivariate adaptive regression splines, and neural networks
are more complex models that can be readily implemented using specialized algorithms embedded in
statistical computer software. These techniques allow for high flexibility in the specification of the
regression function and easily allow for complex transformations of and interactions between covariates
(Berry and Linoff 2004; Hastie, Tibshirani, and Friedman 2001).
Health care modeling using nonnormal distributions can be effective in reducing prediction error.
In the future we will extend this work to examine the data using nonnormal distributions. Also, the
predictive power of models determined by the predictive modeling process depends on the quality of
the data used to generate the models. Analysts often face problems with missing data, which can arise
in longitudinal data as attrition, where subjects that contributed at least one subject-time observation
fail to provide observations in other time periods. Depending on the type of nonresponse, parameters
of predictive models may be improperly estimated because of potential selection bias. A related concern
pertains to potential endogeneity of model covariates. For example, the analyst may be unable to
include all covariates that are related to the outcome variable in the theoretical model because of data
limitations; this is commonly known in the statistical literature as omitted variable bias, which can
also cause model parameters to be biased. Future work will develop methods to allow analysts to
account for these potential issues in predictive modeling.

APPENDIX A
DIAGNOSTIC ANALYSES
As with all statistical modeling exercises, the models introduced in Section 3 were the result of an
intense study of the data and the literature supporting health care utilization. Although this article
focuses on the steps ending with the in-sample estimation and the out-of-sample validation, in any data
analysis there are many complex decisions that need to be made prior to recommendation of these
candidate models.
In regression and longitudinal data analysis, the process of examining a preliminary model fit and
using information about any lack of fit to improve the model specification is known as ‘‘diagnostic
analysis.’’ Residual analysis is an important type of diagnostic analysis. Residuals are defined as the
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Figure 3
Residual Analysis of the Mixed Effects Model (ME1) for Total Patient Days

observed value minus the fitted value, and the analysis involves both the numeric and graphical inspection of the estimated models (Frees 2004).
To illustrate this process, it is interesting to consider the outcome variable total patient years (TPY).
When first examining the data, policymakers most interested in the cost reports worked with the total
of patient days that a nursing home facility utilized in a cost report period without adjustments to the
length of the period. For this reason, we originally used LN(Total Patient Days) as the outcome variable
without adjustment of the number of facility operating days in the cost reporting period (DaysOpen).
We had already determined that this variable, like TPY, was quite skewed and required a natural logarithmic transform. To get a sense of the data, about 2% of observations were not operating for the
whole cost report year. Four observations’ cost report periods were longer than one calendar year; this
can occur if a facility changes its fiscal year or some other significant change in a facility’s characteristics occurs, such as a change in ownership.
Residual analysis uncovered some important patterns that we had not adequately addressed in our
models LN(Total Patient Days) as the outcome variable. Figure 3 shows the residual analysis of the
mixed effects (ME1) model, using the same covariates as reported in Table 4. (The results of the pooled
cross-sectional (PCS) and fixed effects (FE1) models are similar, thus not shown here.) The left panel
in Figure 3 exhibits the residuals versus the fitted value of the ME1 model, and the right panel shows
the relationship between the residuals and length of cost report period (DaysOpen). It is clear that the
residuals decrease as the number of facility operating days decreases, indicated by a positive relation
between these variables. One possibility is to include DaysOpen as a covariate in the regression. However, we chose to define a new variable, TPY, as number of total patient days in the cost reporting
period divided by number of facility operating days in the cost report period to take the length of cost
report period into consideration. This selection also accounts for some heteroscedasticity that is not
evident in Figure 3.
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APPENDIX B
ILLUSTRATIVE SAS CODE

FOR

MODEL ESTIMATION

proc format;
value yesno 0⫽‘‘1:no’’ 1⫽‘‘0:yes’’;
run;
proc mixed data⫽INSAMPLE noclprint order⫽formatted;
title ‘Pooled Cross-Sectional Model (Model PCS)’;
class POPID MSA;
model LNTPY⫽MSA LNNumBed LNSqrFoot PRO TaxExempt SelfFundIns MCert YEAR兩YEAR
/s outp⫽cs noint;
format PRO TaxExempt SelfFundIns MCert yesno.;
run;
proc mixed data⫽INSAMPLE noclprint empirical order⫽formatted;
title ‘Fixed Variable Intercept Model (Model FE1)’;
class POPID;
model LNTPY⫽POPID LNNumBed LNSqrFoot PRO TaxExempt SelfFundIns MCert YEAR兩YEAR
/s noint outp⫽fe1;
repeated /type⫽ar(1) sub⫽POPID r;
format PRO TaxExempt SelfFundIns MCert yesno.;
run;
proc mixed data⫽INSAMPLE noclprint empirical order⫽formatted;
title ‘Fixed Variable Intercept and Slope Model (Model FE2)’;
class POPID;
model LNTPY⫽POPID POPID*LNNumBed LNSqrFoot PRO TaxExempt SelfFundIns MCert YEAR兩YEAR
/s noint outp⫽fe2;
repeated /type⫽ar(1) sub⫽POPID r rcorr;
format PRO TaxExempt SelfFundIns MCert yesno.;
run;
proc mixed data⫽INSAMPLE noclprint empirical order⫽formatted;
title ‘Error Components Model (Model ME1)’;
class POPID MSA;
model LNTPY⫽MSA LNNumBed LNSqrFoot PRO TaxExempt SelfFundIns MCert YEAR兩YEAR
/s outp⫽me1 noint;
random intercept /sub⫽POPID g;
repeated /type ⫽ar(1) sub⫽POPID r;
format PRO TaxExempt SelfFundIns MCert yesno.;
run;
proc mixed data⫽INSAMPLE noclprint empirical order⫽formatted;
title ‘Random Variable Intercept and Slope Model (Model ME2)’;
class POPID MSA;
model LNTPY⫽MSA LNNumBed LNSqrFoot PRO TaxExempt SelfFundIns MCert YEAR兩YEAR
/s outp⫽me2 noint;
random intercept LNNumBed/ sub⫽POPID type⫽UN g;
repeated / type⫽ar(1) sub⫽POPID r;
format PRO TaxExempt SelfFundIns MCert yesno.;
run;
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