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Abstract 
 
Introduction and Background 
It is now widely recognized that any health insurance system that pays health plans on the basis of 
capitation must address three major issues: the possibility of cream-skimming by health plans, 
underservice to enrollees, and the financial viability of participating health plans. Risk-adjusted 
capitation attempts to address these problems by incorporating measures of health risk into the 
formula or process for determining capitation rates. 
 
In accordance with the National Health Insurance Law, each year the government of Israel 
distributes over NIS 20 billion among the nation’s four competing health plans on the basis of a 
capitation formula. The formula has two main objectives: 

 
• To reduce the incentives for the health plans to favor low-cost members over high-cost 

members. 
• To distribute resources among the health plans in a way which is commensurate with the 

needs of the members. 
 
The current formula takes into account only the number of members in each health plan and their 
age distribution. There is a broad consensus among disinterested parties that in distributing monies 
among the health plans it is desirable to also take into account the health status of the members. 
However, there is considerable debate in Israel on how to do so and, even more fundamentally, 
whether Israel has the data sources which would be needed to incorporate health status into the 
capitation formula. 
 
The goal of this report is to present the results of analyses conducted during the first year of our 
project to explore various options for incorporating explicit measures of health into the allocation of 
national health insurance (NHI) moneys to the health plans in Israel. This report summarizes our 
analyses of the 1993 and 1997 Use of Health Services Surveys (UHSS) conducted by the Central 
Bureau of Statistics (CBS), and a 1997 survey of the elderly population, conducted jointly by the 
CBS and the JDC-Brookdale Institute, that includes questions on a broad variety of health 
measures, in order to assess the implications of alternative and multiple approaches to measuring 
health status. 
 
In the project’s second year, we extended our analyses of the general issue of risk adjustment by 
exploring the feasibility of using administrative data from both the Ministry of Health and the 
health plans. 
 
Desirable Properties of a Risk-Adjustment Formula 
A useful formula for setting risk-adjusted capitation rates should meet several criteria. First, it 
should be able to identify and differentiate among people with systematically different health risks. 
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Second, the risk-adjustment methodology should have good face validity. Third, the formula should 
be relatively stable, both with respect to the method of construction and over time. Finally, the 
opportunities for fraud or manipulation should be either inherently low or relatively easy to prevent 
through accompanying policies. 
 
The Rationale for Using Survey Data 
Using a national survey like the UHSS has several attractive features. First, administrative data 
systems are not sufficiently developed in Israel’s health plans for the purpose of constructing health 
measures and assessing variations in medical service use. Second, survey data may be better suited 
for collecting information on underlying health states than administrative data, which are typically 
used to either pay for or keep track of medical services, or monitor people’s eligibility for services. 
Third, the survey approach does not depend on cooperation and data from the health plans 
themselves. A fourth potential advantage of the survey approach in Israel is that with only four 
health plans, a modestly sized survey is able to obtain relatively precise information on the 
distribution of health states within individual health plans. Lastly, Israel’s method of allocating its 
health budget only requires the risk-adjustment system to measure relative risks, not the absolute 
levels of medical costs associated with variations in underlying health states. This reduces 
considerably the need to have precise information on medical service use and costs, which are the 
strengths of most administrative data bases.  
 
Methodology 
The capitation formulas were constructed by estimating OLS regression models that related age, 
health (measured by the presence of selected chronic conditions and, in the case of the Elderly 
Survey, functional status measures and self-assessed general health status as well), socio-economic 
status and other factors to an index of annual medical care use. The index is a weighted summary of 
medical service use reported by survey respondents, with the weights reflecting estimates of the unit 
cost of each type of service. 
 
A variety of alternative models were evaluated in terms of face validity, variance explained by 
additional variables and predictive accuracy. The basic models were estimated using the 1993 
UHSS and then replicated using the 1997 UHHS. The 1997 Elderly Survey was used to explore the 
additional benefits to be gained from the use of alternative health measures including: activity and 
functional limitations and general health status. 
 
This paper does not address the issue of the reliability of self-reports of health status. It is restricted 
to an exploration of whether and how self-reported data on health status could be used to improve 
upon the existing Israeli capitation formula, if such data are reliable. It leaves to other studies and 
researchers the empirical assessment of the degree of reliability of self-reported health status, 
particularly in the Israeli context. 
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Key Findings 
The study explores the pros and cons of various models specifications for analyzing the relationship 
between age, health status and health service utilization. The study also demonstrates how data from 
those surveys can be used to develop capitation formulas which do the following: 

1. Have good face validity; 
2. Do a better job of explaining variation in health service utilization than do formulas based 

on age alone; 
3. Are relatively stable, both with respect to method of construction, and over time; 
4. Can, to some extent, identify and differentiate among people with systematically different 

health risks. 
 
As such, the basic methodology of using survey data to estimate a regression model appears to be a 
feasible method of incorporating health status into the capitation formula. The results are plausible, 
stable, and not overly disruptive of the existing distribution of payments. In particular: 
1. The regression methodology applied to the 1993 survey data replicates the current age-

specific capitation weights very well; the average difference between the current and 
estimated weights is only four percent. 

2. Adding variables for six specific chronic conditions doubles the variation explained by 
age alone, from 4.6 to 9.1 percent; further addition of socioeconomic and geographic 
variables does not increase the variance explained significantly. 

3. Applying the same methodology to the 1997 UHSS produced similar results. 
4. Analysis of the 1997 Elderly Survey indicates that adding information about functional 

and activity limitations significantly adds to the variance explained, increasing the R-
squared by almost 30 percent, from 0.073 to 0.094. General health status questions also 
increase the variance explained, but only by another percentage point. 

5. Models based on age variables alone have the poorest ability to predict use in repeated, 
randomly drawn, alternative samples; adding chronic condition and functional/activity 
limitation variables improves predictive accuracy. 

6. Collapsing individual measures of some chronic conditions and activity/functional 
limitations into counts of conditions and limitations produces the greatest face validity. 

7. Including chronic conditions in the model substantially reduces a health plan’s potential 
loss from enrolling a person with a chronic condition and the potential gain from 
enrolling a person with no chronic conditions.  

8. Simulations of the distributional consequences of adding health measures to the 
capitation formula suggest that 1-2 percent of total payments would be reallocated, 
depending on whether only chronic conditions or functional/activity limitation variables 
are in the formula.  

 
The much higher levels of use associated with particular chronic conditions (heart disease, stroke, 
cancer, diabetes) suggest that these people may be at substantial liability for both cream-skimming 
strategies and possible underprovision of services by financially-pressed health plans or provider 
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units within a health plan. Thus, adding health measures to the capitation formula should help 
protect vulnerable people (those with selected chronic conditions) from constraints on their access 
to services. 
 
Although the socio-economic and geographic variables at our disposal added little to the 
explanatory ability of the models, it should be noted that the information available, especially at the 
geographic level, is quite limited. Developing better measures of access (distance, travel time) to 
various types of providers and variations in provider costs across geographic areas should be a 
priority for further research. 
 
Limitations and Outstanding Issues 
The study found that formulas based on the 1993 and 1997 surveys were limited somewhat by the 
fact that those surveys did not include sufficient detail on key components of health service 
utilization. In addition, those surveys, did not include questions on functional and activity 
limitations and self-assessed general health status. Analysis of the 1997 Elderly Survey 
demonstrated that those variables can contribute significantly to the explanatory power of a 
capitation formula. As a result of the early dissemination of this finding, the year 2000 round of the 
Health Survey was refined and expanded to include more detailed questions on health service 
utilization as well as questions on functional and activity limitations. 
 
One of the main objections to the use of survey data as the basis for including health status in the 
capitation formula is that respondents’self-reports of health status may not be sufficiently reliable. 
Reliable data on health status are needed both to calculate the health status-health care expenditure 
relationship, and to estimate the distribution of health states across health plans. However, some 
respondents may be unaware of their health status (e.g., they may not be aware that they have 
diabetes or other chronic conditions), while others may purposely choose not to report certain 
conditions which carry a stigma or otherwise make them feel uncomfortable in an interview 
situation. Moreover, once health plans know that patients’ self-reports of health status will be used 
to determine health plan revenues, the health plans could have an incentive to try to influence those 
self-reports. 
 
This paper does not address the issue of the reliability of self-reports of health status. Instead, it 
explores whether and how self-reported data on health status could be used to improve upon the 
existing Israeli capitation formula, if such data were reliable. It leaves to other studies and 
researchers the empirical assessment of the degree of reliability of self-reported health status, 
particularly in the Israeli context. 
 
Another concern which is sometimes raised is that health status is a multi-dimensional concept, 
while survey data cannot (or, usually does not) capture all the relevant dimensions. We consider this 
to be less of a problem than the reliability issue noted above. First of all, we note that in this paper 
we explored the relationship between health expenditures and several dimensions of health status 
(self-assessed general health status, functional ability, and chronic disease prevalence) and that the 
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2001 Health Survey will include data on all three of these dimensions. Second, we contend that 
even if available data sets cover only some of the dimensions of health status (e.g. functional ability 
but not chronic disease prevalence), making use of the existing health status data is likely to lead to 
a fairer and more efficient capitation formula than would ignoring the existing data. At the same 
time, if data on additional, important dimensions are lacking in current data sets, efforts should be 
undertaken to add those dimensions to subsequent rounds of data collection. 
  
Recommendations 
1. It appears that the best strategy for collecting information about health is a combination of 

specific questions about the presence of chronic conditions and limitations in functional and 
daily activities.  

2. The large variations in expected use associated with specific chronic conditions suggest that 
it is important to measure chronic conditions explicitly and this is possible using survey 
methodology.  

3. In looking toward the future, consideration should be given to the feasibility of developing an 
administrative system by which the health plans identify people who have selected and/or 
multiple chronic conditions.  

4. More effort should be made to measure service use as accurately as possible. 
5. More research is needed on developing the weights for combining the use of individual 

services into an index of overall service use.  
6. The problem of exclusion of the institutionalized population from CBS surveys needs to be 

addressed. 
7. The CBS survey should be expanded to include additional question on health status and 

service use.  
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I. Introduction 
 
A. The Importance of Risk Adjustment 
It is now widely recognized that any health insurance system that pays health plans on the basis of 
capitation must address three major issues (Newhouse, 1996): 
- the possibility of cream-skimming by health plans 
-  underservice to enrollees, and  
-  the financial viability of participating health plans. 
 
Cream-skimming refers to health plans’ systematic efforts to avoid high risks and/or attract good 
health risks. Underservice refers to the danger that once plans receive capitation payments, they will 
try to stint on the actual services provided to patients in order to maximize profits. Conversely, if 
the capitation rates are inadequate to pay for the cost of needed medical services, and plans provide 
that level of care, then their financial viability will be threatened. 
 
Risk-adjusted capitation attempts to address these problems by incorporating measures of health 
risk into the formula or process for determining capitation rates. If health risks can be measured 
accurately, and if the differences in the cost of treating people of varying health risks can be built 
into the capitation rates paid, then health plans’ financial payoff from engaging in cream-skimming 
will be lessened, if not eliminated. At the same time, paying capitation rates that reflect the true 
underlying costs of caring for people of varying health risks will reduce plans’ financial risks and 
the threats to their financial viability. While the potential problem of underservice remains even in a 
system with accurate risk-adjusted capitation payments, the realization of that potential may be less 
likely if plans are paid fairly for the health risks they enroll. 
 
The goal of this report is to present the interim results of analyses conducted during the first year of 
our project to explore various options for incorporating explicit measures of health into the 
allocation of national health insurance (NHI) moneys to the health plans in Israel. This report 
summarizes our efforts to date, with emphasis on analyses we have carried out using health surveys 
conducted by the Central Bureau of Statistics (CBS). We also report analyses conducted with a 
1997 survey of the elderly population (conducted jointly by the CBS and the JDC-Brookdale 
Institute) that includes questions on a broad variety of health measures, in order to assess the 
implications of alternative and multiple approaches to measuring health status. 
 
In the project’s second year, we will extend our analyses of the general issue of risk adjustment by 
exploring the feasibility of using administrative data from both the Ministry of Health and one or 
more health plans. The primary focus will be on the feasibility of using the Diagnostic Cost Group 
(DCG) methodology (Ellis and Ash, 1995) with Israeli data. We will also refine and extend our 
first-year analyses in response to comments received from various parties. 
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B. Israel’s National Health Insurance System 
The 1995 National Health Insurance Law mandated that every resident of the State of Israel is 
entitled to coverage in one of four competing health plans. The system is financed primarily by 
progressive taxation; the government distributes the NHI moneys among health plans on the basis 
of a capitation formula. The current formula takes into account the number of members in each 
health plan and their age distribution. The health plans also receive special annual per member 
payments from the government for members with any of five “serious” illnesses (end-stage renal 
disease and dialysis, hemophilia, gauche’s disease, thalysemia, and AIDS).  
 
Prior to the introduction of NHI, membership in a health plan was voluntary and each health plan 
was free to establish its own premium rates. Reflecting Israel’s commitment to mutual aid, 
premiums were linked to income, such that within each of the four health plans, the rich subsidized 
the poor. However, it also gave the health plans a financial incentive to focus marketing efforts on 
the rich, the young and the healthy. Clalit, the largest health plan (Chart 1) was at a double 
disadvantage – it had by far the highest concentration of elderly (Chart 2) as well as a membership 
with a relatively low average income level (Chart 3). The situation led to major financial problems 
at Clalit, as well as to de facto and de jure restrictions on freedom of choice for the elderly, the poor 
and the seriously ill. The smaller sick funds, particularly Maccabi and Meuhedet, focused 
recruitment efforts on geographic areas with high proportions of upper-income persons and young 
people, and set age and health criteria for the acceptance of new members. Clalit and, to some 
extent, Leumit, for a mixture of ideological and political reasons, historically placed a greater 
emphasis on expanding the number of members than on profitability.  
 
National Health Insurance, legislated in 1994 and implemented on January 1, 1995, sought to 
address these and other problems. It guaranteed access to a legally defined benefits package, and 
freedom of choice among the competing health plans. It replaced member premiums collected by 
health plans with a health tax collected by government. Under NHI, the total funding level of the 
health system is no longer determined by market forces, but rather – primarily - by an annual 
decision of the Parliament (with the health tax and general revenues each contributing 
approximately half of the financing).  
 
In addition, NHI broke the link between member income and health plan revenue. Instead, health 
plan revenue is primarily a function of the size of its membership and their age distribution. The age 
“weights”, which are displayed in Chart 4, reflect estimates of the relative cost of providing health 
services to the various age groups. This capitation formula governs the distribution of 
approximately 95% of government funding of the health plans. The remaining 5% is distributed on 
a per case basis for the five explicitly-identified serious illnesses.  
 
The capitation formula has two objectives: (1) to reduce the incentives for the health plans to favor 
certain types of members and (2) to distribute resources among the sick funds in a way which is 
commensurate with the needs of the members. If the incentives are not structured appropriately, 
health plans will be tempted to engage both in cream-skimming (i.e., focusing marketing efforts on 
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the relatively healthy) and in stinting (i.e., providing a sub-par level of service, especially for 
expensive illnesses). 
 
There are indications that progress has been made on both fronts. For example, prior to NHI, health 
plans assigned a low priority to the Arab population because of their low-income levels and large 
families. The Arab population has now become a major focus of health plan efforts to improve 
services. Competition for this group is quite intense and, as a result, service levels and satisfaction 
have improved significantly. Another group that appears to have benefited from the change is the 
elderly. The smaller health plans are now much more interested in increasing their market share of 
the elderly. In the 1994-97 period, the number of elderly members of these plans grew much more 
rapidly than their membership overall (Chart 6), a sharp reversal of the situation which prevailed in 
the pre-NHI period (Chart 5). 
 
The allocation of revenues among health plans has also become more equitable, making it possible 
to bring health plan spending more in line with needs. In 1992, for example, Maccabi was able to 
spend approximately 30% more per age-adjusted member than Clalit. By 1996, the inter-plan 
differences in age-adjusted revenues and expenses had been virtually eliminated (Chart 7). 
 
Although Israel has not been an innovator of new techniques for risk-adjustment, it has been at the 
forefront of the implementation of risk-adjustment. Israel’s capitation formula, which uses age as its 
only risk adjuster, allocates all government moneys distributed under NHI (approximately 95% of 
health plan revenues). In contrast, governments in the U.S. make capitation payments for only about 
fifteen percent of Medicare beneficiaries and about half of Medicaid beneficiaries. Israel’s use of 
risk-adjusted capitation also contrasts sharply with the Dutch situation, where a growing, but still 
small, portion of government payments to health plans takes age and other risk-adjusters into 
account.  
 
C. The Next Challenge: Adjusting for Health Status 
Political courage and policy management skills will continue to be vital if Israel is to face the next 
challenge: incorporating health status into the capitation formula for allocating moneys among the 
health plans. The international literature provides ample evidence that the chronically ill have 
significantly greater than average health expenditures (even after controlling for age) and this 
creates an incentive for health plans to avoid enrolling them. The Israeli situation is no exception in 
this regard. In 1993 among 65-74 year olds, persons with one or more chronic illnesses visited 
specialists twice as often as others in that age cohort, visited primary care physicians three times as 
often and were admitted to hospitals four times as often. Even after adjusting for age, there are 
significant differences in the prevalence of chronic illness among health plans (Chart 8). This means 
that adjusting for health status is important not only to reduce health plan incentives to avoid the 
seriously ill, but also to ensure a more equitable distribution of moneys between the plans. But it 
also means that doing so is likely to lead to significant revenue losses for some of the plans. 
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Aside from the managers of the plans that will lose from any effort to have funding reflect health 
status, there is a broad consensus in the Israeli health policy community that movement in that 
direction is desirable. At the same time, there is significant controversy regarding:  

a. The technical feasibility of including health status in Israel’s risk adjustment formula (given 
data and other limitations);  

b. the best method for adding health status to risk-adjustment; 
c. how quickly change is needed; and  
d. the acceptability of various analytic compromises which could speedup the preparation of a 

concrete capitation formula that includes health measures. 
 
D. Desirable Properties of a Risk-Adjustment Formula 
A useful formula for setting risk-adjusted capitation rates should meet several criteria. First, it 
should be able to identify and differentiate among people with systematically different health risks. 
The current system recognizes that health risk varies across age groups, but does not take account of 
variations in health risk within age groups. 
  
Second, the risk-adjustment methodology should have good face validity. Conditions or categories 
of people thought to be more costly to treat should have higher values of the risk-adjustment 
formula. Similarly, the approach to risk-adjustment should be relatively easy to understand by 
government policymakers and health plan managers. If the face validity of the method is too 
difficult to see or understand, then the people required to approve its adoption, implement its 
features, and live with its consequences will be unlikely to provide the political support needed.  
 
Third, the formula should be relatively stable, both with respect to the method of construction and 
over time. Since people’s underlying health states do not change rapidly, the identification of health 
risks should not be overly sensitive to the source or type of data used, or the method of statistical 
evaluation. A high degree of sensitivity in the formula would be likely to undermine political 
support for its adoption. Similarly, since the technologies and therapies for treating illnesses do not 
in general change rapidly or dramatically in short periods of time, the formula should also be 
relatively stable over time, so that frequent updates or readjustments are not needed. 
 
Finally, the opportunities for fraud or manipulation should be either inherently low or relatively 
easy to prevent through accompanying policies. Otherwise, “gaming the formula” may become 
simply another form of cream-skimming.   
  
E. The Choice of Risk-Adjusters from among the Set of 

Affecting Factors 
The determination of the set of risk adjusters to be used in the capitation formula from among the 
entire set of significant factors affecting the level of medical care cost is not an easy task. It 
basically involves a trade-off between encouraging efficiency – by avoiding as much as possible 
cost-based reimbursement - and preventing selection. The larger the set of risk adjusters, the more 
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homogenous are the implicit population groups, the more differentiated is the reimbursement 
scheme, and the smaller are the incentives for risk selection. At the same time, the larger the set of 
risk adjusters, the more the factors for which the health plans are reimbursed for, and the higher the 
retrospective cost-based component of the reimbursement scheme.  

 
Consider as an example the case of smoking behavior of individuals. Smoking is clearly related to 
health and to the level of use of services. Not including that characteristic among the risk adjusters 
will promote selection against smokers. Differentiated reimbursement based on smoking behavior 
will not provide, however, an incentive for the plans to promote anti-smoking campaigns. A partial 
guideline in this case is the amount of responsibility and control that the health plan is expected to 
exercise. Factors, for which the plans are considered responsible and are able to exercise control, 
should not be included as risk adjusters to promote efficiency. Factors, which are beyond the 
control and responsibility of the plans, should, in general, be included as risk adjusters to prevent 
selection. The expected level of the plans’ responsibility and their domains of control are, to a large 
extent, a matter of preference, social justice and ethical consideration and specific to the economic 
and social system under consideration. 
 
F. The Rationale for Using Survey Data 
Analysts and policymakers are exploring a number of approaches for taking health status into 
account in resource allocation. One promising option is to base risk-adjustment primarily on the 
Central Bureau of Statistics’ “Use of Health Services Survey” (UHSS). That survey was carried out 
most recently in 1997 and before that in 1993; the next survey will be fielded in the year 1999-
2000. The survey is commissioned by the Ministry of Health and involves a nationally 
representative sample of approximately 30,000 persons living in the community. 
 
The UHSS (or a similar survey) has several attractive features. First, administrative data systems are 
not sufficiently developed in Israel’s health plans for the purpose of constructing health measures 
and assessing variations in medical service use. Thus, household surveys are a relatively fast and 
inexpensive way to obtain information about health states and health services use that is currently 
not available from any other source, and is not likely to be available through administrative data 
sources for many years. 
 
Second, survey data may be better suited for collecting information on underlying health states than 
administrative data, which are typically used to either pay for or keep track of medical services, or 
monitor people’s eligibility for services. When people obtain care from multiple providers, it can be 
very difficult to integrate data systems used by different sources for different purposes. A survey 
offers the opportunity to collect data more precisely and more uniformly than might be the case 
when attempting to graft risk-adjustment needs onto administrative systems used for other purposes. 
 
A third potential advantage of the survey approach in Israel is that with only four health plans, a 
modestly sized survey is able to obtain relatively precise information on the distribution of health 
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states within individual health plans. If there were hundreds or even dozens of health plans, the 
sample sizes required to obtain accurate information for each health plan would be enormous. In 
addition, the current UHSS has the further advantage of being a “piggy-back” on an existing and 
continuous survey of labor force participation in Israel. While this current institutional structure has 
the advantage of reducing the costs of obtaining information needed to add health status to the 
capitation formula, it also has the disadvantage of limiting the amount of information that can be 
asked. 
 
Lastly, Israel’s approach to financing its health system requires that the risk-adjustment system 
measure accurately only relative risks, not the absolute levels of medical costs associated with 
variations in underlying health states. Since the total amount of money to be spent on health is 
determined by the government, the main purpose of the risk-adjustment formula is to determine the 
four health plans’ shares of the given budget. This reduces considerably the need to have precise 
information on medical service use and costs, which are the strengths of most administrative data 
bases. Rather, it is only necessary to be able to capture relative differences in service use. To the 
extent that the myriad details of service use are reasonably well correlated with the use of major 
services, such as hospital care and visits to primary care and other specialists, then surveys should 
be able to capture these levels of variation reasonably well. In fact, in health systems that do not pay 
providers on a fee-for-service bases, survey reports of service use may be more accurate than 
administrative records kept by health plans. 
 

II. Background and Literature Review 
 
A.Overview 
Health status, which is usually described by some combination of patients’ sociodemographic 
status, clinical history and previous use of medical services, is one of the major determinants of 
medical service utilization. While “risk assessment” methods use some combination of data on 
patients’ characteristics to assess their association with the expected use of medical services, “risk 
adjustment” converts these risk assessment classes into insurance premium dollars for an insured 
group (Weiner et al. 1996).  
 
The two major strategies for improving risk-adjusted capitation systems involve the use of either 
administrative data or survey data. The first strategy relies primarily on diagnostic information from 
previous utilization of services (Ash, Porell, Gruenberg, et. 1986, 1989; Ellis and Ash 1995; Lamers 
and van Vliet 1996; Ellis, Pope, Iezzoni, et al. 1996). The essence of such models lies in the 
allocation of people to a restricted number of groups according to the diseases diagnosed during 
prior encounters with the medical system. This information is incorporated into the capitation 
payment model as a risk adjuster. The percentage of variance in per-person expenditures in the next 
year that is predicted by such models is substantially higher than that predicted by models which 
use demographic predictors only (Lamers, 1999). 
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The second method of extending the set of risk adjusters relies on measures of perceived health 
status, functional health status, and chronic conditions (Epstein and Cumella 1988). These health 
status indicators have also improved the predictive accuracy of demographic capitation models 
(Thomas and Lichtenstein 1986; Newhouse et al. 1989; Van Vliet and van de Ven 1992; Hornbrook 
and Goodman 1996). Such data are typically collected by surveys.  
  
The next two subsections summarize prior studies that assessed survey-based risk adjusters and the 
experience in The Netherlands, which has a health insurance system much like Israel’s. The much 
broader literature on risk-adjustment using administrative claims data bases is summarized in 
Appendix 1. 
 
B. Survey Data 
Hornbrook and Goodman (1996) tested their contribution using a rigorous non-parametric 
validation methodology with data from a large, prepaid group practice HMO. They tested three 
hypotheses. First, a self-reported chronic disease checklist by itself provides significant and useful 
information for predicting future per capita expense. Second, diseases still add important prediction 
information even when functional health status, perceived health status, and demographic factors 
have been included in the model. Finally, functional/perceived health status and disease interact in 
predicting future per capita expense. 
 
To predict future utilization patterns produced by efficient physicians and health care systems, risk 
models should also incorporate a diagnostic framework, with special emphasis on chronic disease. 
Chronic diseases forecast risk because they persist and may require continued use of medical care. 
Acute diseases are relevant if they carry higher likelihood of complications that require care or their 
future incidence is systematically related to other characteristics of individuals or population 
groups, or both. To develop good risk-assessment models, we need to know which diseases occur 
with sufficient frequency, as utilization patterns for chronic diseases vary systematically. Here, it is 
assumed that functional impairment and perceptions of disease states are important predisposing 
and need factors within diseases. Also, function and disease will interact in predicting risk 
(Hornbrook and Goodman, 1996). 
 
Hornbrook and Goodman (1996) confirmed the first hypothesis: that information on chronic disease 
status is important for assessing risk, even when obtained only from adult respondents. Regarding 
the second hypothesis, functional/perceived health status and demographic measures captured a 
portion of the variance associated with selected chronic health problems--when all variables were 
entered into the model, heart disease, diabetes, depression, and asthma remained important risk 
factors. Functional perceived health status scales measure different dimensions of risk within each 
disease. 
 
Within a given disease, functional and perceived health affect future use of medical care, but this 
relationship differs across diseases. Strengths of the social survey approach to risk assessment are 
(1) uniformity across health plans; (2) measurement of untreated health problems before they are 
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registered by diagnostic information associated with prior use; (3) measurement of consumer 
perceptions of need and anticipated use; (4) definition of medical need on the basis of functional 
impairments and reduced well-being that do not require established access to medical care; and (5) 
measurement of risk factors when other data are not available, as may occur with new enrollees. 
Consumers’ perceptions of their health status, therefore, can be assessed directly, without 
confounding by provider preferences and practice styles. 
 
However, such surveys may be costly to mount and, furthermore, they yield data only on those who 
respond. Response rates can be unacceptably low and correlated with medical risk. Respondents, 
typically, can not distinguish between self-limiting symptoms and problems requiring aggressive 
intervention. A brief medical history and simple demographic variables to improve prediction 
performance should accompany the health survey (Hornbrook and Goldman, 1996). 
 
Using morbidity risk-adjustment models leads to concern about the accuracy of diagnostic data in 
automated data systems. Measurement errors in diagnostic data may not seriously undermine risk-
assessment efforts: (1) measurement error tends to be randomly distributed, lending to slight overall 
effect; (2) if error is significant, payers can modify the risk models to invoke more rigorous criteria 
for counting a diagnosis; (3) systematic errors can be minimized by using data systems that are used 
for other purposes; (4) the evolution of morbidity-based risk models will create pressures to 
improve the quality of diagnostic data because their use will have an effect on the financial status of 
health plans and their medical group; and (5) actual experience with risk models employing data 
from multiple sources will help identify the quality lapses and suggest ways to revise the models to 
counter the effects of bad data. Hornbrook and Goodman (1996) recommend implementing 
improved risk-adjustment models, rather than waiting for perfection. 
 
C.The Experience of the Netherlands 
The main purpose of health reforms taking place in the Netherlands since 1988, is to increase 
insurers’ incentives for efficiency and cost containment that were virtually lacking in the past. 
Beginning in 1993, sick funds were transformed from administrative bodies to risk-bearing 
enterprises, although their risk is still restricted. From 1993 to 1994 risk-adjusted capitation 
payments (RACPs) were based solely on age and sex. However, if insurers were fully at risk for the 
differences between their actual costs and their age/sex predicted costs, they would have great 
incentive for cream skimming. Therefore, in 1995 the government introduced two additional risk-
adjusters: a regional health index and disability.   
 
To reduce the disadvantages of the crude RACP formula, the Dutch government introduced partial 
capitation into the public health insurance system. In 1995, the sick funds were responsible for 
about 3% of the difference between their actual expenses and the risk-adjusted predicted expenses. 
This leads to a blended payment system, wherein, the weight on current expenditures is 97% and 
the weight on age-gender predicted expenditures is 3%. Although the blended payment system 
removes nearly all cream-skimming incentives, it also removes efficiency and cost containment 
incentives. To increase the latter incentives the Dutch government intends to increase the weight on 
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predicted costs to 100% and simultaneously improve the RACP formula (van Barnevald et al. 
1996). (As of 1999, the weight on predicted costs is about 40%--personal communication, Wynand 
van de Ven.) 
 

III. The Underlying Theoretical Model and Its Empirical 
Specification 

 
Economic research, which has focused on risk-adjustment, includes two streams of research. One 
provides theoretical analysis of the managed care market for health insurance and services and 
looks for an optimal regulation of the health plans to achieve efficiency and to prevent selection 
(see Newhouse (1996) for a recent review). The second aims at developing an empirical capitation 
formula, namely, to identify the “optimal” set of “risk adjusters” for a given reimbursement scheme. 
By “optimal” we mean a classification of insurees based on measurable characteristics so that the 
variance in the cost of medical care is maximized across groups and minimized within groups. In 
other words, we aim at defining population groups which are homogenous, with respect to expected 
medical care costs (the “risk”). A reimbursement based on that classification will leave the health 
plan indifferent between different individuals; if they belong to the same group they are truly 
identical, and if they belong to different groups, the plan is reimbursed according to their different 
levels of expected medical care costs.  
 
Typically, the empirical estimation of a capitation formula is done by estimating a regression 
equation of the form: C = ( + R ( + X ( + u; where C is the individual’s medical care cost during a 
specified time-period (usually a year); R is a vector of risk adjusters; ( is a vector of parameters 
indicating the marginal effects of the risk adjusters on the cost; X is a set of other explanatory 
variables not serving as risk adjusters with marginal effects denoted by (; and u is a random error. 
No risk adjustment (( =0), results in defining a fixed per-capita reimbursement as the mean 
spending in the population ((+X (). The search for an “optimal” formula thus attempts to minimize 
the unexplained variance of u, or to maximize the variance of medical care costs explained by the 
risk adjusters (R) and the other characteristics (X). Although this process seems simple and 
straightforward, this practice involves several conceptual issues, which deserve discussion. 
 
A. The Factors Affecting Observed Medical Care Cost 
Traditionally, the factors affecting the consumption of any good are divided into demand-side and 
supply-side factors. 
 
1. Demand-side Factors 
Demand-side factors include all personal characteristics that may affect the level of consumption. In 
the case of medical care consumption, as was detailed in the literature review, the most appealing 
characteristics are those reflecting health-state, such as chronic conditions, functional limitations, 
etc. The second group of factors includes demographic characteristics such as age and sex. The 
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third group includes socio-economic characteristics, such as education, ethnic origin, income and 
other SES measures. Characteristics other than health affect the propensity to seek medical care and 
its level on economic or psycho-social grounds, holding health constant. 
 
The theoretical foundation of the effects of these characteristics on the level of consumption 
originates from the classical “production of health” approach (Grossman, 1972; Wagstaff, 1986), 
where individuals derive utility from the commodity “health”, which is “produced” by the 
households. The “production function” – a technical term used by economists to describe the 
transformation of inputs into outputs – uses households’ and markets’ inputs to produce health. The 
main external (“market”) input is medical care, the demand for which is derived from the demand 
for health. The demand-side factors influencing the level of consumption operate through their 
effects on the demand for care itself and/or through their direct effect on the production of health. 
Education, for example, is related to efficiency in production. Individuals with higher education 
may derive higher health-benefit from a visit to a physician because of a better understanding of the 
health problem, its causes and possible solutions, leading to higher compliance. On the other hand, 
the broader information available to individuals with higher education may lead them to demand 
more (or more expensive) care. Finally, with more awareness of preventive measures, individuals 
with higher education are relatively healthier on average to begin with.  
 
2. Supply-side Factors 
Supply-side factors affecting the level of consumption of medical care include several distinct 
components. 
 
The full price of care. The full price of medical care faced by individuals seeking medical care 
includes, first of all, the monetary unit price of care. Under health insurance, the monetary price is 
usually low, and consists of copayments made at the point of delivery. It is determined not in the 
market for medical care (as is the case of the price (the fee) in a private market for medical services 
without insurance), but within the broader activities of the health plan and in the market for health 
insurance. However, this is not the only “price of medical care” borne by the individual; waiting 
times (both between contacting the provider and the actual time of the appointment, and waiting 
time in the clinic), transportation time and costs, lost working time (both at home or in the market), 
and discomfort and “side-effects” associated with medical treatments should all be considered 
components of the nonmonetary (implicit) price of medical care. Obviously, as with monetary price, 
the higher the full price, the lower the demand for services. 
  
The implicit price is largely determined by supply-side considerations. Availability of and 
accessibility to providers determine waiting times and transportation time and costs. Naturally, a 
higher rate of physicians per capita, for example, leads to lower physician work loads in general, 
resulting in shorter waiting and transportation times for any particular individual. Higher and more 
convenient access to care (longer reception hours, quick administration of referrals, being able to 
make appointments by phone etc.) clearly lower the opportunity cost and the full price of medical 
care. 
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The variation in these factors, which is needed in order to estimate their effects on the level of 
consumption, is usually obtained by focusing on geographical variation. Geographic districts 
typically differ in the supply of care, and introducing district fixed effects in the model may allow 
the identification of the influence of these supply-side factors on individuals’ cost of medical care. 
Geographic differences in the supply of care originate from different sets of input prices, leading to 
different local production technologies.  
 
Suppliers’ induced demand (SID). Induced demand is the use of services that would be avoided had 
the patients had the clinical information available to the supplier. Examples of possible SID might 
be found in invitations to repeat visits and referrals to other services. It is traditionally related to 
financial considerations of the suppliers (see below). The level of induced demand depends 
naturally on the payment method, and differences in local markets may result in different levels of 
induced demand and in observed utilization. The classical evidence with this respect indicated that 
in areas with higher rates of primary or secondary physicians per capita, utilization per capita is 
higher, since physicians try to maintain a target income by inducing demand for their own services. 
 
Small-Area Variation (SAV) and practice style. The term Small-Area Variation (SAV) is reserved 
for the large differences in the rates of use of medical services between geographical regions, found 
repeatedly in medical research comparing the use across countries, states, provinces or regions. 
Some of the causes of SAV were discussed above. There remains, however, one important factor 
that is the focus of SAV research: the different medical practice styles and the lack of consensus on 
the treatment of many conditions. The variation in clinical decisions naturally causes variation in 
medical services use. An unanswered question in this line of research is why particular practice 
styles should cluster across geographic areas, rather than being randomly distributed. 
 
Moral hazard and managed care. Moral hazard refers to an insurance effect on demand, whereby 
individuals, facing a zero price of care under full insurance, will tend to increase their demand for 
services. Copayments constitute a means to reduce demand by setting higher-than-zero monetary 
price. The development of “managed care” during the last decade adds administrative barriers and 
controls, which are intended by the plans to reduce demand through increasing the full price of 
medical care. Since the reliance on both copayments and managed care tools are specific to 
individual health plans, introducing a health plan’s fixed effect in the model will capture, in part, 
the effects of such measures on utilization.  
 
However, this interpretation of plan effects may be confounded by two factors. First, health plans 
may differ in the full price of care they provide. If membership in health plans is not random, but is 
determined by both consumers’ adverse selection and the plans’ risk selection, then membership is 
endogenous and the estimation of the plans’ fixed effects should reflect that endogeneity. Second, 
health plans may differ in their production efficiency, perhaps because of their internal organization 
and incentive structures. Health plan fixed effects would also capture these differences, if they exist. 
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Competition and payment methods. It is generally accepted that providers’ decisions concerning the 
quantity (and quality) of care are shaped by the way they are paid. For example, physicians who are 
paid fee-for-service will tend to increase the amount of care provided. On the other hand, hospitals, 
which are paid by a prospective payment system, will invest fewer resources in inpatient care than 
hospitals that are reimbursed retrospectively on the basis of their costs. A similar reasoning applies 
to the level of local competition in the industry. It is clear, therefore, that the level of competition 
and the nature of contracts by which the providers are paid have an independent effect on the level 
of individuals’ use and cost of medical care. In practice, it is difficult – if not impossible – to 
control for these factors on an individual basis. The variety of contracts within plans is no smaller 
than the variety across plans, so that health plans’ fixed effects will be insufficient. Interactions 
between health plans’ effects and geographical districts may prove useful in that respect.  
 
B. Needs Versus Utilization 
The difference between the concepts of “need” and “demand” (or “use”) have always posed a 
difficulty to economists and other social policy analysts. It is generally agreed that capitation rates 
should provide incentives for appropriate care, and should be based on “needs”. There are, however, 
several competing definitions of the “need for medical care”. One definition focuses on the 
marginal benefit of care: an individual “needs” medical care if such care has a positive marginal 
benefit to the individual. Another definition, which is more comprehensive and in line with 
traditional economic reasoning, postulates that “needed” care is cost-effective care. Furthermore, 
even if a definition of “need” is accepted, its measurement is complex and impratically expensive.  
 
As was described in the literature review, all empirical investigations in the field of risk adjustment 
have used actual utilization instead of “need”. The appropriateness of such practice depends on the 
hypothesized difference between the two. That difference depends on the demand-side and supply-
side factors discussed above. In communities where there is a significant latent need - namely, 
where individuals are not aware of risk-factors (such as high blood pressure) or even if aware, do 
not seek treatment – utilization will understate needs. Similarly, if the full price of care is high and 
individuals refrain from using services, use will understate needs.  
 
On the other hand, if there is a serious moral hazard problem, use may overstate needs. When 
providers are constrained in their clinical decisions by administrative regulations, the amount of 
care actually provided may understate needs as well. If, however, providers, led by economic 
considerations (such as FFS), over-prescribe care, utilization will overstate needs. Finally, even 
with economic-neutral behavior, if providers do not practice evidence-based or cost-effective 
medicines, use may differ from need.  
 
We follow the practice of most other researchers in the field in employing actual use of services to 
derive the capitation rates. Historically, the Israeli health care system has been characterized by 
relatively weak barriers to obtaining care (broad insurance coverage; low copayments; generous 
benefit package; relatively high ratios of physicians and inpatient beds per capita) and a western 
(modern) practice style. Thus, it is reasonable to assume that in general, utilization reflects actual 
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needs. At least we see no reason to suspect that the difference between needs and utilization varies 
among population groups which will eventually define the capitation rates.           
 

IV. Survey Data Sources 
 
A. The 1993 and 1997 Use of Health Services Survey (UHSS) 
As stated by the CBS, the purpose of the UHSS is “…to obtain information which could contribute 
to the planning of health services and preparing programs for advancing health in Israel.” It was 
implemented as a supplement to the CBS’s Labor Force Survey of families. It was last fielded in 
1997 with a sample size of about 30,000 people, and is representative of the entire population of 
Israel. The survey is conducted by drawing a stratified random sample of households and selecting a 
random adult in the household to report for all household members. Answers are self-reported and 
not verified. (The 1993 survey had a sample size of approximately 20,000 people, and was fielded 
over a single calendar quarter, rather than over an entire year.) 
 
Information on health is limited to questions about chronic conditions (six in 1993 and eight in 
1997). Health services use is also self-reported. Questions ask about the number of hospitalizations 
in the last six months, the nature of the most recent hospital stay, physician use (by type of 
physician and setting) in the last two weeks. The 1993 survey also included questions about nurse 
visits in the last two weeks, and any use of physical therapy, laboratory, and imaging services in the 
last two weeks. 
 
B.The 1997 Elderly Survey 
The 1997 Elderly Survey (formally, the Survey of Persons aged 60 and older) was conducted by the 
Central Bureau of Statistics in collaboration with the JDC-Brookdale Institute. Face to face 
interviews were carried out with a national representative sample of approximately 5,000 persons 
over age 60 and living in the community. Answers are self-reported and not verified. Proxies served 
as respondents in X% of the cases. The survey period was …. to …. 
 
The survey contains extensive batteries of questions regarding health status, health care utilization, 
and socio-demographic status. The health status battery includes questions on activities of daily 
living, mobility, the presence of a long list of chronic conditions, and self-rates of overall health 
status. The utilization battery includes questions on hospital use, visits to physicians and other 
health professionals, and visits to emergency rooms. 
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V. Statistical Methods 
 
A. Variables 
This section of the report describes how the variables suggested by the underlying theoretical 
considerations were constructed in the various data sets used. The first subsection describes the 
computation of the index of annual medical care use. The second subsection details the construction 
of the health measures, and the third subsection describes the socio-economic variables used in the 
preliminary analyses. 
 
1. Index of Annual Medical Care Use 
The dependent variable in our analyses is an index of annual medical care costs. The index is 
calculated from survey questions on the use of particular services over specified periods of time. 
Construction of the index is a two-step process that first converts the survey questions to annual 
estimates and then combines them into an index using service-specific unit cost estimates as 
weights. 
 
a. Survey Questions 
Each of the three surveys employed in our analysis has slightly different questions on the use of 
medical care. (See Appendix 2 for copies of the exact questions.)  
The 1993 UHSS asked the following sequence of questions: 
number of hospitalizations in the last six months; 
- the ward for the last hospital stay (surgery, orthopedics, ENT, ophthalmology, gynecology, 

pediatrics, internal medicine, emergency, or other); 
- number of visits to a primary care physician (general practitioner, internist, family physician, 

or pediatrician) in the last two weeks; 
- number of visits to a specialist in the last two weeks and the location (hospital clinic or 

community clinic) of the last visit 
- number of visits to a nurse in the last two weeks; and 
- whether the person received any of the following services in the last two weeks: laboratory 

tests, imaging procedures (such as x-rays, C.T., mammography, ultrasound, ECG, EEG), or 
physical therapy sessions. 

 
The 1997 UHSS modified several of these questions. The list of wards was changed and a question 
was added on the number of nights in the hospital during the most recent hospitalization. The 
question asking about the location of the most recent visit to a specialist was dropped, as were the 
questions asking about the use of laboratory tests, imaging procedures, physical therapy sessions, 
and visits to nurses. However, visits to several different categories of specialists were asked 
separately, with an expanded list of options describing the location of the visit. 
 
The 1997 Elderly Survey (ES) asked the number of hospital stays in the last six months and the 
number of nights in the hospital during the last stay, but not the ward in which the person was 
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hospitalized. Questions asked whether the person saw a nurse, family physician, or specialist in the 
last two weeks, but did not ask the number of visits or the place of the visit. However, if the person 
had not made a visit in the last two weeks, follow-up questions asked whether there had been a visit 
in the last six months, or in the last year. Questions about visits to a nurse, lab tests, and 
physiotherapy services were asked in the same way. 
 
The common elements in the three surveys are the questions on hospital stays and physician visits, 
although there are slight differences in how information is obtained about the number of nights in 
the hospital, the location of the physician visits, and the number of physician visits. The 1993 
UHSS also differs in that it asks an expanded list of questions about the use of other services. These 
differences make it difficult to compare levels of service use across the three surveys.  
 
However, measurement errors of this type are less problematic in regression analyses, since these 
errors occur in the dependent variable. Such errors affect the amount of variance explained by the 
model, but do not necessarily cause parameter estimates to be biased. This is especially important 
since the ultimate goal of the analysis is to determine relative rates of medical care use among 
different population groups, which can then be used to construct risk-adjusted relative capitation 
rates. 
 
b. Estimates of Annual Service Use 
Annual hospital days. Since most hospital stays in Israel are reimbursed on a per diem basis, it was 
decided to measure hospital use in terms of annual days and then to weight the days by an estimate 
of the average cost of a day of hospital care. In the 1993 UHSS, the length of stay for the most 
recent hospital stay was estimated by assigning the average length of stay for the ward in which the 
person was hospitalized, which was obtained from the 1993 Statistics of Hospitalizations (MOH). 
(See Table 1) If the person had more than one hospital stay in the previous six months, an average 
length of stay was assigned based on the person’s age and gender, obtained from the 1990 
Diagnostic Statistics of Hospitalizations (Central Bureau of Statistics, 1997). The estimated number 
of days over six months was then multiplied by two to construct the annual estimate. 
 
In the 1997 UHSS and the 1997 ES, the number of nights in the hospital for the most recent stay 
was obtained directly from the survey question. Other stays during the six-month period were 
assigned the same number of nights as reported for the most recent stay. The same process was used 
for people who reported more than one hospitalization on the 1997 ES. 
 
Annual physician visits. In the 1993 and 1997 UHSSs, the annual number of visits to family 
physicians was obtained by multiplying the estimate reported for the last two weeks by 26. (Visits 
to emergency rooms and well-child visits were explicitly excluded in 1997.) The annual number of 
specialist visits was constructed differently in the two surveys. In 1993, separate estimates were 
made for specialist visits in hospital clinics and community clinics by multiplying each two-week 
estimate by 26. In 1997, there was no distinction by place of visit (other than exclusion of 
emergency room visits), and the visits to the six different specialty categories were added together 
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to create a single estimate for visits to specialists. As with primary care physicians, the two-week 
estimate was multiplied by 26 to create the annual estimate. 
 
The 1997 ES does not report the number of visits in the two-week reference period, but whether a 
person had a visit to a family physician or to a specialist in either the last two weeks, the last six 
months, or the six months before that. These responses were multiplied by 26, 19.5, or 13, 
respectively, to reflect the number of two-week periods in a year, three-quarters of a year, or half-
year. 
 
Other services. In the 1993 UHSS, the annual estimate of nurse visits was obtained by multiplying 
the number reported for the two-week reference period by 26. People who reported a lab test, an 
imaging service, or a physiotherapy service were assigned a value of 26 for each service reported, 
since the number of services in the reference period was not asked. The procedure for the 1997 ES, 
which asked about nurse visits, lab tests, and physiotherapy services, was identical to the method 
used to estimate annual visits to family physicians and specialists. There were no questions about 
other services on the 1997 UHSS. 
 
c. Cost Weights Used to Construct the Index 
Under ideal circumstances, the various estimates of annual service use would be combined into a 
single measure of the cost of medical care used by weighting each service by its true economic cost. 
By “true economic cost” we mean the value of the goods and services that are given up by devoting 
resources, people and capital, to the production of medical care. Economic cost is often referred to 
as “opportunity cost,” since it tries to capture what is given up in order to provide any particular 
good. This concept is quite distinct from either the prices that health plans “charge” for these 
services, the amounts they might pay to providers of the services, or the amount they are reimbursed 
by the government. Charges, prices, and reimbursement amounts often reflect monopoly power or 
other policy goals in addition to the value of the resources used.  
  
Unfortunately, this ideal cannot be realized, for two reasons. First, the methodology for deriving the 
economic costs of various services from accounting data is not very well developed. Second, even if 
there were an accepted methodology, the necessary data do not currently exist in Israel. (This 
problem exists in other countries as well.) 
 
Consequently, the weights used to combine the services are a combination of the average amount 
paid by the government for a day of hospital care and estimates of the unit cost of other services 
provided by one of the health plans. These weights are reported in Table 2. Due to data limitations, 
we use the same weights in 1993 as in 1997. Also, in 1997 specialist visits are valued at the 
weighted average of the amounts used to value visits to specialists in hospital and community 
clinics. The weights reflect the fact that approximately three-fourths of visits to specialists occur in 
community clinics. 
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The lack of better data on the costs of various services is clearly a potential limitation of the 
analysis. However, as noted above, the resulting errors in measurement may not be critical because 
they occur in the dependent variable for the regression models, and because the goal of the analysis 
is to explore relative (as opposed to absolute) capitation weights. Nevertheless, we are careful to 
refer to our measure as an index of annual medical care use rather than as an estimate of the annual 
cost of medical care.  
 
2. Measures of Health 
Health is a broad, multi-dimensional concept with both short- and long-term dimensions, physical 
and psychological components, and objective and subjective elements. Its measurement is 
extremely complex, with approaches ranging from a simple self-reported four-point scale 
(excellent, good, fair, poor), to lengthy batteries of questions combined into continuous scales, to 
the observation/measurement of a person’s clinical characteristics. In spite of this complexity, there 
is broad agreement that measures of differences in long-term health states are more relevant for 
risk-adjustment than the incidence of short-term acute conditions, which in many cases are largely 
unpredictable and, therefore, not relevant to the goal of adjusting capitation rates for systematic 
differences in people’s health states. 
 
To a large extent, the specific health measures we use are limited by the information available on 
the surveys available for analysis. These include the self-reported presence of chronic conditions 
and, in the 1997 ES, several measures of mobility and functional status, as well as general, overall 
health status. The 1993 and 1997 UHSSs asked respondents (in slightly different ways) if they had 
any of several specific chronic conditions. In 1993, respondents were asked if they currently suffer 
from diabetes mellitus, hypertension, heart disease, renal disease, stomach ulcer, or asthma, and if 
they responded affirmatively, whether they used medications prescribed by a doctor. The 1997 
instrument followed a slightly different format, asking people whether a doctor had ever told them 
that they had a particular condition, and used a longer and different list of chronic conditions. 
Diabetes, hypertension, and asthma were asked again; the heart disease question was replaced by 
the more specific question of whether the person had a myocardial infarction (heart attack); and 
added to the list were cancer, stroke, cataracts, glaucoma, and disk (back) problems.  
 
The 1997 ES also asks about chronic conditions, but only whether the person was ever diagnosed 
by a physician as having a particular condition, not whether the person is currently using a 
prescription medication. The specific conditions listed include hypertension, heart attack, stroke, 
diabetes, asthma, ruptured disk, cataract, glaucoma, cancer, fractured hip or pelvis, Alzheimer’s 
disease, osteoporosis, and Parkinson’s disease. 
  
These responses were used to construct sets of dichotomous variables indicating whether the person 
reported having the particular chronic condition. Table 3 summarizes the proportions of people 
reporting chronic conditions on the three data sets. 
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None of the surveys attempts to measure time of onset or severity, other than whether the person 
takes a prescription medication. Nor do the surveys ask whether people have any chronic conditions 
other than those listed. Finally, all responses are self-reported (by the proxy respondent for other 
household members in the UHSS) and not verified by any objective clinical information. Although 
these are limitations that should be addressed in the future, even this small number of health 
measures enables an investigation of the effects of using chronic disease information on the 
construction of age-based capitation rates.  
 
In addition to chronic condition questions, the 1997 ES also asked questions about physical 
condition (pulling, bending, lifting), mobility (walking and climbing stairs), activities of daily living 
(dressing, bathing, transferring from a bed or chair, and eating), and general health status. 
Responses to these questions (See Appendix 3.) were used to construct a series of categorical 
variables which indicate whether the person has difficulty or is unable to perform the specified 
activity. The percentages of people reporting the specific limitations are reported in Table 4. 
 
3. Demand and Supply Characteristics 
Demand and supply variables are included in the model to control for factors other than health and 
age that might influence service use. Although risk-adjusted capitation does not usually incorporate 
such factors directly into the capitation formula, it is important to include them in the regression 
model in order to avoid biasing the estimated effects of the age and health variables. Education, 
income, availability of doctors, religion, immigration status, family size, etc. may all influence 
people’s use of services through their effects on attitudes about medical care use, the convenience 
of obtaining care, or out-of-pocket or incidental expenditures a person may incur.  
  
The specific variables used were drawn from the 1993 UHSS for the purpose of preliminary 
analyses, since this data set was the first to be available. Unfortunately, this survey does not include 
information on income. Therefore, we developed two indirect measures, education and the average 
number of people per room in the household, to capture possible variations in income and wealth. 
Education may also have a direct effect on use of medical care by affecting people’s attitudes and 
knowledge of the benefits of medical care. We created three categorical variables to measure the 
last school attended for people over the age of 25—less than high school (elementary or middle 
school), high school (occupational high school, academic high school), and post high school 
(teachers seminary, yeshiva, engineering, other technical, university, other). Living density was 
measured by two categorical variables for “more than 1 and up to 2 persons per room” and “2 or 
more persons per room”, relative to 1 or fewer persons per room. 
 
Other factors that might affect attitudes toward medical care or people’s ability to obtain care are: 
religion (Jewish vs other religion), immigrant status (immigrated within last 10 years relative to all 
other), marital status (single, divorced/separated, relative to married), number of children (1-3, 4 or 
more, relative to none), and gender. 
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Lastly, we constructed two variables to capture the effects of provider availability on both the 
convenience of using medical care as well as possible supply-induced demand. These variables are 
limited in scope because we are able to identify a person’s geographic location only to the regional 
level. Data on doctors and population were obtained from other sources to calculate the number of 
doctors per 1000 people. For people not living in the same city as a hospital, we calculated the 
distance to the nearest hospital based on the latitudes and longitudes of the population centroid of 
the person’s community compared to the latitudes and longitudes of Israel’s hospitals. Table 5 
reports the mean values of these two geographic availability variables for each of the 19 regions that 
could be identified on the 1993 UHSS. 
 
B. Empirical Estimation 
The primary focus of the empirical analysis in the project’s first year was to explore the effects of 
alternative model specifications, first on the age variables, since they are the current basis of the 
capitation formula, and then on the alternative health measures. A secondary goal was to assess the 
robustness of the principal findings across the different data sets—are the implications similar or 
very different, depending on which data set is used? Accordingly, it was decided to estimate all 
models using ordinary least squares linear regression. 
 
A potential estimation problem is the fact that the distribution of the index of medical use, which is 
the dependent variable in these models, is distinctly non-normal. In general, a high proportion of 
people do not use any medical services in a particular year, so there is a substantial clustering of 
cases at the value of 0. In addition, a small number of people will have substantial medical use, so 
that the tail of the variable is typically very long. At least two alternative estimation strategies will 
be explored in the second year to determine whether the preliminary results are sensitive to the 
method of statistical estimation. 
 
One alternative approach is the so-called “two part estimation method.” In the first part, one 
estimates a logistic regression model to identify the factors that determine whether a person uses 
any services during the year. In the second part, the sample is limited to people who used services, 
and the dependent variable is subjected to a logarithmic transformation in order to more closely 
approximate a normal distribution. Predicted spending is then retransformed back to natural 
numbers (with the appropriate correction for a nonlinear transformation) and combined with the 
probability of use to determine predicted spending for the entire population.  
  
One problem that may arise in the application of this method is the inherent misclassification of 
people in the three surveys into users and nonusers. Neither the hospital nor doctor visit questions 
ask for use over the entire year (except for doctor visits in the 1997 ES). Rather, hospital use is over 
a six months period and doctor use over only the last two weeks. Thus, many people who in fact 
used services are misclassified as nonusers, and the surveys may not provide accurate information 
on the proportion of people who use services in a given year. These issues will be explored during 
the project’s second year. 
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A second alternative estimation approach is tobit regression analysis. This statistical procedure is 
specifically designed to account for the clustering of a large number of observations at either a 
lower or upper boundary in the data. While tobit has been shown to correct for bias due to 
clustering, it is not clear whether the inherent limitations in the form of the data can be addressed by 
this method.  
 
C.Model Evaluation  
Alternative models will be evaluated using several criteria. The first is the percentage of variation 
(R2) explained by the model. To what extent do additional variables increase the models’ 
explanatory power? As discussed in the literature review, the maximum variance one can typically 
hope to explain is 20-25%. However, that benchmark may not be entirely comparable because most 
other studies of risk-adjustment have used actual expenditures as the dependent variable, rather than 
an index of medical care use. Therefore, it is more appropriate to focus on the additional variance 
explained by added sets of variables, than on the absolute value of the R2. 
 
Two other criteria for evaluating the models are the stability of their parameter estimates and their 
predictive power or accuracy. In other words, do the parameters change very much when estimated 
from alternative samples, and how well does a model predict service use from one population to 
another? The first question can be addressed by comparing the parameters of similar models 
estimated from the three different data sets we have available.  
 
In addition, we will use the 1993 UHSS and the 1997 ES to estimate models on repeated, randomly 
drawn half-samples. This will be done by drawing repeated random samples of approximately half 
the total sample of the UHSS, or approximately 10,000 cases. The models will be estimated with 
data for the half sample, and then the parameters will be used to predict service use for the 
remaining half-sample. The models’ predictive power will be measured by their mean absolute error 
(the absolute value of the difference between the predicted and the actual values of the index of 
medical care use). Over several iterations, we can also use this approach to compute means and 
ranges of the regression parameters as well.  
 
D.Simulations of Redistributive Effects 
We will conduct simulations of the payments made under alternative models in order to assess the 
redistributive affects of including health factors in the capitation formula. The baseline for the 
simulations will be the distributions of payments made by a model that bases payments only on age, 
as is the case with the current capitation formula. This baseline distribution will be compared to 
distributions that take into account, in turn, various measures of health and demand/supply factors. 
Comparisons will be made across health plans.  
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VI. Results 
 
A.Tabular Comparisons - The Distribution of Health Risks 
In this section, we examine how health risks are distributed by age, across chronic conditions, and 
across health plans. We also compare data for 1993 and 1997 as a preliminary assessment of 
whether the implementation of the age-based capitation formula and other reforms instituted by the 
1995 health care reform law influenced the distribution of health risks. Table 6 shows how medical 
care use varied by age group and by the presence of chronic conditions in 1993. From this table, it 
is clear that health risk, as approximated by the index of medical use, clearly increases with age. 
Average use per person under age 55 is about 1,300 NIS; for people between the ages of 55 and 64, 
average use is about 3,400 NIS, and for those over 65, the average is approximately 5,500 NIS, or 
over four times the average for those under age 55. The impact of having a chronic condition is also 
substantial, especially for people under age 35. Within age categories, people with one of the six 
chronic conditions (high blood pressure, asthma, heart disease, kidney disease, ulcer, or diabetes) 
identified by the survey use from about 2 to 4.8 times more medical care than people without those 
conditions. (The ratio declines with age, probably due to the fact that the prevalence of other, 
unmeasured chronic conditions increases with age.) 
 
Given the strong relationships between medical care use, age, and the presence of chronic 
conditions, what were the distributions of the population by age group and the presence of chronic 
conditions within each health plan in 1993 and 1997? Table 7 shows the distributions by three age 
categories. In 1993, 90.2 percent of the total population was under the age of 65, 6.0 percent were 
between 65 and 74, and 3.8 percent were 75 or older. The population enrolled in Clalit was clearly 
older, with 7.3 percent between 65 and 74, and 4.8 percent 75+, in some cases more than three 
times larger than the proportions of the other health plans’ enrollments in the two older age 
categories. Although the absolute percentage differences appear to be small, they can have a 
substantial effect on medical costs, since these two oldest age groups, which account for 9.8 percent 
of the population, are responsible for approximately 30 percent of all medical care use. 
 
The age distributions for 1997 show virtually no changes across the health plans. Clalit’s enrollment 
was stisignificantly older than the enrollments of the other health plans, with 12.1 percent of its 
enrollment aged 65 or older - exactly the same percentage it had in 1993. Similarly, the three other 
health plans had nearly identical age distributions in 1997 as in 1993. 
  
Table 8 provides information on the distributions of people with chronic conditions across the 
health plans. As discussed in the previous chapter, there were nine chronic conditions reported in 
1997 compared to six in 1993, and only three of the conditions were asked in both years. However, 
due to differences in how the questions were asked, it is not possible to make direct comparisons of 
the prevalence of the chronic conditions between the two years.  
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In 1993, 13.2 percent of the entire population reported having one of the six identified chronic 
conditions, and 3.8 percent had two or more chronic conditions. Higher proportions of Clalit’s 
enrollment had any one of the six conditions or two or more conditions. In contrast, the proportions 
of Maccabi and Meuhedet members with any or multiple chronic conditions was from 30 to 54 
percent as large, while the proportions for Leumit were from 63 to 76 percent as large. 
   
Although the data for 1997 are not directly comparable to those for 1993, it appears that Clalit 
continued to have a disproportionate share of people with chronic conditions. In particular, the 
proportion of people with two or more chronic conditions in Clalit was from two to three times 
greater than in the other health plans. However, there may have been some movement of people 
with two or more chronic conditions. These proportions increased in Maccabi and Meuhedet, and 
decreased in Clalit and Leumit. Since the movements were in opposite directions in the two pairs of 
plans, they are probably not due just to the changes in the wording and format of the chronic 
condition questions. 
   
Based on the data in Tables 7 and 8, it would appear that Clalit had a disproportionate share of the 
health risks, both in 1993 prior to health insurance reform, and in 1997, two years after reform was 
implemented. However, since these are snapshots from only two points in time, we cannot tell 
whether the 1997 data reflect a steady-state situation, or whether they represent an improvement 
relative an even greater imbalance between Clalit and the other health plans in the years between 
1993 and 1997.  
  
B.Model Specification - The 1993 UHSS 
1. Parameter Estimates 
In this section we report and compare alternative model specifications estimated using data from the 
1993 UHSS. The sample used in these estimations is limited to people who were enrolled in one of 
the four health plans, since under current law enrollment is essentially universal. All models are 
estimated using ordinary least squares regression. The criteria for evaluating a model are the 
percentage of variation explained (based on the adjusted R-squared), the model’s predictive 
accuracy, and its simplicity, i.e., the ease with which it could be applied to constructing the 
capitation formula. 
 
Table 9 shows the mean values of the variables used in the regression models, both for the full 
sample and by health plans. As summarized in Tables 7 and 8, Clalit has a distinctly older 
population with a higher prevalence of chronic diseases than any of the other health plans. Maccabi 
and Meuhedet have the youngest and healthiest populations, while Leumit’s enrollment falls 
between Clalit and Maccabi/Meuhedet in terms of age and chronic disease distributions. Clalit’s 
enrollment is also the least educated and has a high proportion, along with Leumit, of people living 
in relatively crowded conditions (2 or more people per room). These characteristics are consistent 
with the description of Clalit’s enrollees being poorer and less educated than the members of the 
other health plans. 
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Clalit also has the highest proportion of non-Jewish enrollees, 17.9 percent, especially compared to 
Maccabi, which had only 2.2 percent non-Jewish members. However, Clalit has the smallest 
proportion of members who are recent immigrants, 8.2 percent, compared to 10.5 to 16.7 percent 
for the other health plans. The distributions of members by marital status and number of children 
are generally similar.  
 
Lastly, there appear to be some distinct differences in the geographic distributions of plans’ 
members. Meuhedet draws an especially large proportion, over 25 percent, of its members from 
Jerusalem, and relatively few, along with Maccabi, from the North, about 5 percent. On the other 
hand, about 20 percent of Clalit’s and Leumit’s enrollments are in the North. Maccabi and Leumit 
are underrepresented in the South.  
   
In Table 10, we report the coefficient estimates and values of the adjusted R-squareds for several 
alternative specifications. Model 1 includes only dummy variables corresponding to the age 
categories used by the current capitation formula. Model 2 adds dummy variables for each of the six 
chronic diseases recorded by the survey. In model 3, a set of socioeconomic indicators are added. In 
model 4, the chronic disease variables are replaced by a set of variables which are interactions 
between age category and chronic disease. (Because of the large number of age-chronic disease 
variables, they are not reported, but are available on request.) Model 5 adds the same set of 
socioeconomic indicators as were included in model 3. 
 
Models 6 and 7 add variables reflecting geographic factors. In Model 6, access to doctors and 
hospitals is reflected by measures of the numbers of doctors per 1,000 population and the distance 
to the nearest hospital. However, this model was estimated with approximately 16 percent fewer 
cases because of imprecise survey information for the locations of people who live in small 
communities. Therefore, in Model 7 geographic factors are represented by a set of variables 
indicating major cities or regions of the country. The coefficients of these variables measure 
differences in medical care use relative to people who live in Tel Aviv. 
  
Model 1 simply reflects the average levels of use by people in each age group. (See Table 7 above.) 
The age variables explain 4.6 percent of the variation in use. This figure is somewhat higher than 
would be expected based on other research that used age (and gender) to explain variations in use. 
However, this is probably due to the fact that the dependent variable is an index of use based on 
recall rather than actual spending as recorded on administrative data. As a result, there is probably 
less variability in the index than there is in the unobserved, true underlying spending.  
  
A more important question to ask is how well capitation weights built from the regression model 
and the survey data reflect the current capitation weights. As shown in Table 11, the estimated 
weights are a reasonably close approximation to those currently used by the capitation formula. The 
average discrepancy across the nine age groups is 12 percent. The match is especially good for the 
four oldest age groups, where the estimated weights are within three percent of the actual weights 
for 55-64 and 65-74 year olds, and 8-11 percent greater for the 45-54 and 75 and older age groups. 
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The poorer match for the younger groups may reflect the fact that medical care use, especially 
hospital use, is much less common for these age groups. Therefore, survey estimates of use may be 
more prone to sampling errors for these age groups. Given that there is no “gold standard” for 
gauging the accuracy of either set of weights, it is reasonable to conclude that the survey data 
provide an acceptable approximation for the purpose of exploring the effects of adding health 
measures to the formula. 
 
Adding dummy variables for six chronic diseases (model 2) has two significant effects. First, the 
amount of variation explained by the model doubles, from 4.6 to 9.1 percent. All of the chronic 
disease effects are statistically significant and, except for high blood pressure, quantitatively large 
in magnitude. People with heart disease or kidney disease use from three to four times as many 
services as the average person. Note also that these differences in use vary across the chronic 
conditions, from 751 for high blood pressure and 1,375 for ulcers, to 5,377 for heart disease and 
6,821 for kidney disease. This highlights the importance of distinguishing among various chronic 
diseases in a capitation formula. 
 
Second, the coefficients of the age variables decline in magnitude, substantially so for the older age 
groups. For the age groups under the age of 45, the average decline in the age coefficients is 11.4 
percent, compared to an average decrease of 41 percent for the four oldest age groups. This, of 
course, is not surprising, since the prevalence of these chronic conditions generally increases with 
age. The change in the coefficients also provides clear evidence of the potential gains from risk-
selection based on the absence of chronic conditions in the elderly, since the differences in 
estimated use between people with and without these conditions can be large. 
 
Model 3 adds person-level socio-economic variables, to capture demand-side effects, and model 7 
also adds dummy variables for geographic region, to capture supply-side effects. Although a 
number of these variables are individually statistically significant, as a group they add very little to 
the amount of variance explained by the model. The R-squared increases from 9.1 percent to only 
9.3 percent and the F-statistic is quite low, albeit statistically significant because of the very large 
sample size. The geographic variables are not statistically significant as a group, and their addition 
does not increase the R-squared at all (relative to model 3).  
  
Adding the socio-economic variables has a substantial effect on differences in use associated with 
age. Except for the 5-14 year old group, the other age coefficients suggest that there is no 
meaningful difference in use associated with ages below 55 when these socio-economic 
characteristics are taken into account. People who are recent immigrants (within the last ten years), 
who are not Jewish, or who live in relatively crowded dwellings or come from relatively large 
families all use significantly fewer services than their corresponding reference groups. In addition, 
adults who have a post-secondary education or are single also use fewer services, while those who 
are divorced or separated use more services. There are no differences associated with gender, being 
a widow, or having less than a secondary school education. These estimates suggest that a health 
plan could use such characteristics to engage in risk selection, e.g., by trying to encourage 
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enrollment by single people and discouraging those who are divorced. However, the magnitudes of 
their coefficients also suggest that the potential gain is relatively small compared to risk selection 
based on the presence of chronic conditions. 
 
The dummy variables for geographic region in model 7 indicate essentially no significant 
differences in use. In model 6, we employ an alternative approach to capturing supply-side effects 
by including direct measures of the availability of doctors relative to population and the travel 
distance to the nearest hospital. (Unfortunately, incomplete information on places of residence and 
inadequate data on the locations of doctors results in losing approximately 16 percent of the sample. 
Thus, these estimates are not directly comparable to those of the other models.) The coefficient 
signs of both of the supply-side variables are consistent with hypothesized effects—the availability 
of more doctors increases use, while greater travel distance to a hospital decreases use. Although 
the doctor variable is not statistically significant, the two variables together suggest that people 
living in relatively more remote areas use fewer services.  
  
Lastly, models 4 and 6 examine the effects of accounting for combinations of chronic diseases and 
interactions between the chronic disease variables and the age categories. Greater recognition of 
these effects increases the amount of variance explained from 9.3 to 11.3 percent. Although the 
magnitudes of some of the individual age-chronic disease coefficients are substantial, the numbers 
of cases with particular combinations of diseases and by age-disease categories is often quite small, 
which suggests a high variability in the precision of these estimates. 
 
One final observation on the parameters reported in Table 10 is the remarkable stability of the 
chronic disease coefficients in models 2, 3, 6, and 7. The addition of the socio-economic and 
geographic variables has relatively little impact on the magnitudes of the estimated extra use 
associated with the presence of chronic conditions. We can infer from this result that the socio-
economic and geographic variables are not highly correlated with the chronic disease variables. 
Therefore, they can be interpreted as measuring the effects of factors other than unobserved health 
on the use of medical care. Conversely, the parameters of the age variables do appear to be 
relatively sensitive to the inclusion of the socio-economic variables. 
 
2. Simulations of Distributional Effects 
In order to gauge the distributional implications of expanding the capitation formula to include 
health and possibly other measures, we simulated the implications of basing payments to the health 
plans on alternative models reported in Table 10. The baseline for the simulations is the model with 
only the age categories as independent variables. We use its coefficients to construct the distribution 
of payments corresponding to a capitation formula adjusted only for variations in age. We then 
compare this distribution to two alternative distributions: one based on the model that adds the six 
chronic diseases to the model, and the other on the model that allows for combinations of chronic 
diseases and age-disease interactions.  
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We do not consider further the models that include socio-economic and geographic variables on two 
grounds. One is their negligible effects on the amount of variation explained by the model. The 
other is the likely political decision, given their small statistical impact, to exclude such factors 
from explicit incorporation into an expanded capitation formula. 
  
In Table 12, we show both per capita estimated payments based on the alternative models, and the 
distributions of the estimated payments across the four health plans. Column 1 shows what the 
payment per person would be if the capitation formula were adjusted only for the effects of the age 
categories used in the regression model presented above. The difference between the largest and 
smallest payment per capita range from 1,505 to 1,929 (28 percent). Adding chronic conditions to 
the capitation formula increases this difference by raising the per head payment to Clalit, which has 
disproportionate shares of people with chronic conditions, and lowering the per capita payments 
received by Maccabi and Meuhedet. Adding in the effects of age-chronic disease interactions 
(column 3) has negligible effects on the payments per person and the distribution of total payments. 
These variations affect the distributions of payments under the alternative capitation formulas, but 
the magnitudes of the redistribution are not as large as might be expected. Adding chronic 
conditions to the capitation formula increases the share of payments going to Clalit by 1.1 
percentage points, from 70.9 to 72.0 percent of total payments. Clalit’s increase is offset by 
reductions of approximately 0.7 percentage points for Maccabi and 0.4 percentage points for 
Meuhedet, with Leumit’s share essentially unchanged.  
 
3. Predictive Power and Parameter Stability 
A potentially important issue in the use of survey data is the stability of the coefficient estimates 
over alternative samples of people, and the ability of the model to predict medical care use to 
populations other than the one from which the model’s parameters were estimated. Following 
Hornbrook and Goodman (1996), we use the technique of dividing our sample into a series of 
randomly-drawn half-samples, using one half to estimate the model’s parameters and the other half 
to evaluate it’s predictive power. 
  
We measure predictive power by the average absolute value of the difference between predicted and 
actual use in the “prediction” sample, in order to give equal weight to under- and over-predictions. 
We also calculate the simple mean difference between predicted and actual use, which serves as an 
indicator of expected “profit” per enrollee for people with particular characteristics. 
  
For both measures, a value closer to 0 indicates better predictive power. An absolute value of 0 
corresponds to perfect predictions at the individual person level. On the other hand, a model may 
have substantial under and over-predictions, but if the two offset each other, then the simple 
average difference may still be close to 0. 
 
Table 13 shows the results for five iterations of drawing a random half-sample and estimating three 
models with age only, age plus dummy variables for chronic conditions, and age plus age-chronic 
condition interactions as independent variables. The first and second panels show the percentage of 
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variation (r-squared) explained by each model in each sample, and the coefficients of the age 
variables from the model which includes only age groups as independent variables. The third and 
fourth panels assess the accuracy of using the models’ coefficients to predict use for the other 
random half-sample of cases. The third panel reports the average absolute difference between actual 
and predicted use, as a percentage of average use per person; and the fourth panel reports the simple 
average difference between actual and predicted use. 
 
The ranking of the models in terms of r-squareds is identical in all five iterations. The age-only 
models explain the least amount of variance, while the model with age-chronic condition 
interactions explains about 2.5 times more of the variation. However, it also clear that the 
coefficient estimates vary from sample to sample. Even though each of the age-model explains 
essentially the same amount of variance in each sample, the coefficients of that model can vary 
substantially from sample to sample. For example the implied weight for the oldest age group 
ranges from a low of 2.96 to a high of 3.85. The average over the five models, however, is very 
similar to the weight computed from the full sample, 3.46 compared to 3.38.  
 
The estimates of predictive accuracy (panel three) suggest that none of the models does a very good 
job of predicting use to a separate sample—the average absolute prediction error is about 45 percent 
greater than the average actual use per person. However, the age-only model generally does the 
worst, although the other models’ gains in accuracy do not seem large, only about 5-6 percent. 
Moreover the simpler model, which just adds dummy variables for individuals with self-reported 
chronic conditions, does slightly better than the more complex model with interactions between age 
and chronic conditions.  
  
The simple average differences between predicted and actual use (panel 4) are much smaller, 
roughly 3-6 percent of average use, which suggests that the large predictive errors tend to offset 
each other. Surprisingly, the age-only model has the smallest simple average error, even though it 
also had the largest absolute value of the difference between predicted and average cost. 
 
Although the average predictive power of the models appears problematic, Table 13a shows the 
potential importance of adding health measures to the prediction model by looking at estimates of 
predicted use for particular categories of people. In this table, we compare the difference between 
actual and predicted use for people with heart disease, high blood pressure, or kidney disease, and 
people in the two oldest age groups who have no chronic conditions. The numbers in the table show 
the average under- or overestimate as a percentage of the average level of use for people in that 
group - a positive number is an underestimate, i.e., predicted use is less than actual use, while a 
negative number is an overestimate.  
  
Adding the chronic condition variables to the prediction formula has a substantial effect in terms of 
reducing the average size of both the under- and over estimates. For people with chronic conditions, 
the age-only model substantially underestimates actual use (creates a large potential financial loss), 
while adding the chronic conditions either eliminates the underestimate and in some sample, results 
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in estimated use exceeding actual use. Conversely, for elderly people with no chronic conditions, 
the age-only model substantially overestimates predicted use, while the age+chronic models 
substantially reduce the overestimates—to essentially zero for the very oldest age category. 
Together, Tables 13 and 13a indicate that although the average predictive power of any of the 
models is not very high, including variables for chronic conditions in the formula can substantially 
reduce the potential payoff from cream skimming—either from avoiding people with chronic 
conditions or seeking elderly people who are in good health. 
 
C.Replicating the Model - THE 1997 UHSS 
Based on the results of the preceding section, it appears that a model which simply adds dummy 
variables for individual chronic conditions performs about as well as a model with complete 
interactions between chronic conditions and age categories. However, as information about the 
number of chronic conditions increases with future surveys, estimating and implementing models 
with complete interactions will become increasingly more cumbersome, and potentially less reliable 
because of high variances around estimates associated with combinations with only a very few 
people in them. Given these considerations, in this section we assess the stability of the two basic 
regression models (age categories only and age categories plus dummy variables for individual 
chronic conditions) across two data sets, the 1993 and 1997 UHSS. 
 
Table 14 reports the parameter estimates for similarly defined models estimated with the two data 
sets. The first two columns show the specification which uses only age categories, and the second 
two columns compare the corresponding capitation weights constructed from the models’ 
parameters. Overall service use appears to have declined by 6.7 percent (although this is probably 
an artifact of the changes in question structure). However, this decline was not distributed uniformly 
across the age groups. Based on the parameter estimates, it appears that most of the decline, roughly 
11 to 19 percent per person, was concentrated in the age groups from 35 to 74. As a result, the 
relative weights for those groups (and for young children, though by a lesser amount) declined 
between the two surveys, while those for the other age groups increased. 
 
It is difficult to assess whether these differences, which may appear large to some, are due to 
instability in the underlying method, or to any of several other factors that changed between the two 
time periods. First, there were several major structural changes between the two surveys. The most 
important, as noted above, are in the way the service use questions were asked and the 
corresponding imputations made to develop the index of service use. These include asking a direct 
question about nights in the hospital in 1997, but not in 1993; asking separate questions for visits to 
several specific medical specialists in 1997, as opposed to all specialists as a group; and dropping 
the distinction in 1997 between visits to specialists in hospitals as opposed to clinics. Another 
potentially important difference is the concentration of the 1993 survey in one calendar quarter 
(winter), as opposed to its distribution throughout the entire year in 1997. 
 
In addition to survey method changes, it is also certainly possible that the changes observed were 
due to the major policy changes between the two years. The two most important were extending 
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insurance coverage to previously uncovered people, who on average tended to be low users of 
services; and capping the payments to the health plans through the adoption of the capitation 
formula. Both of these changes would tend to reduce service us. The apparent reductions in use by 
the older age groups coupled with increased use by younger age groups may also reflect the health 
plans’ conscious efforts to reduce use among the heavy users of services, and to encourage 
enrollment by younger groups by making access to services easier for them. 
 
The next two pairs of columns compare the models that add the chronic disease dummy variables. 
Unfortunately, only three conditions were asked in both years (cols. 5 and 6). The last two columns 
compare the models with all of the chronic condition variables, albeit with different conditions and 
different formats for question wording in the two years. Adding the chronic disease variables has 
the same qualitative effects in both samples - the coefficients of the age variables decline in 
magnitude, especially for the older age groups - and the amount of variation explained more than 
doubles. 
 
The estimates of extra use associated with the chronic conditions is relatively similar for two of the 
three common conditions, high blood pressure and diabetes, and for the two measures of heart 
conditions, although one is more narrowly defined (myocardial infarction as opposed to any heart 
disease). The use associated with asthma is about one-third lower in 1997, which in part is probably 
due to the change in question wording. In 1997 people were asked if they were ever told by a doctor 
that they had asthma, which presumably would identify many people who had childhood asthma 
which they “outgrew.” The 1993 question was more likely to identify people currently suffering 
from asthma, since it also asked if they were currently taking medication for the condition. The 
additional chronic conditions added in 1997 imply that people with cancer have substantially higher 
use. 
  
In results not shown, we also estimated models with each year of data of age categories plus dummy 
variables for each health plan. As suggested in the conceptual framework, differences in use per 
person across the health plans reflect a combination of differences in efficiency as well as 
differences in the distribution of health risks. In 1993, compared to Clalit, use per person was 
significantly lower in Meuhedet (-505) and Maccabi (-330), while Leumit was not significantly 
different. In 1997, the differences across the health plans were smaller. Only Maccabi was still 
significantly lower than Clalit, and the difference had narrowed by about one-third, to -203. This 
evidence is consistent with both an evening-out of health risks and greater increases in efficiency in 
Clalit. 
 
Table 14a shows the results of simulations to assess the distributional consequences of adding 
chronic conditions to the formula. Compared to the simulations using 1993 data (Table 12), the 
1997 data show that Clalit’s overall share of payments declined between the two years, from 70.9 
percent of the baseline distribution to 66.1 percent, with almost all of the decline absorbed by 
Maccabi and Meuhedet. However, the change in the distribution of payments in 1997 is virtually 
the same as with the 1993 data. Adding chronic conditions to the formula increases Clalit’s share by 
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0.9 percent, compared to a 1.1 percent increase in 1993. (Aside from methodological effects, it is 
possible that the somewhat smaller increase in Clalit's share in 1997 is due to some redistribution of 
health risks between 1993 and 1997.) Considering the changes that occurred both in the health 
system and in the structure of the survey, it seems reasonable to infer that the underlying 
methodology for estimating the effects of health on service use is relatively stable, and produces 
similar implications across the two surveys. 
 
D.Exploration of Alternative Health Measures - The 1997 

Elderly Survey (ES) 
A critical issue in using health measures to improve the risk-adjustment of the capitation formula is 
how to measure health. The UHSS offers only one option for measuring health - the presence or 
absence of a relatively small list of chronic conditions. In the year 2000 version of the UHSS, the 
list will be expanded and people will also be given the opportunity to report any other chronic 
conditions for which they take a prescription medication. Other approaches to measuring health 
include self-reported general health status, various functional limitations, and scales constructed 
from batteries of health-related questions, such as the SF-36. (The 2000 UHSS may also include 
one or two of these alternatives.) 
  
The 1997 ES provides an opportunity to explore the implications of alternative approaches to 
measuring health in terms of proportion of variation explained by a model and distributional 
consequences. It is apparent from the analyses reported above that health-based risk adjustment has 
its greatest impact on the age-based capitation weights for the elderly. Since the elderly have the 
greatest prevalence of chronic conditions and limitations, an analysis of a sample limited to the 
elderly may be very useful in understanding the implications of different approaches to measuring 
health. 
 
The 1997 ES allows us to compare three approaches to measuring health: the presence of chronic 
conditions, measures of functional limitations, and self-reported general health status, and, of 
course, combinations of these measures. There are, however, two important differences that limit 
the ability to compare the ES and the UHSS. One is that the ES asks people whether a doctor had 
ever told them that they have a particular condition, not whether they are currently taking 
medication. Thus, the prevalence of chronic conditions is likely to be much higher in the ES than in 
the UHSS. Second, the ES is less precise in its questions about visits to physicians, asking only 
whether a person had made a visit in either the last two weeks, or the last six months, or the six 
months before that. Accordingly, we will not make any comparisons between the ES and the UHSS, 
but instead will focus on the implications within the ES data set of using alternative health 
measures. 
 
Comparing models 2-4 reported in Table 15 suggests that the chronic disease dummies explain 
more variation than either of the other two approaches. Model 2, which adds chronic diseases to 
age, explains 7.3 percent of the variation, compared to 5-5.2 percent for models 3 and 4, which 
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combine either the functional limitations or general health with age. Adding functional limitation 
(model 5) or general health status (model 6) measures to the model with chronic disease dummies 
increases the variation explained by about the same amount, roughly two percent, to 9.3-9.4 
percent. Not surprisingly, all three measures together (model 8) explain the most variation, but the 
marginal increase is relatively small. 
 
The magnitudes and significance levels of the coefficients also suggest the following. First, age 
becomes relatively unimportant when the measures of activity limitations are included in the model. 
Second, a number of the coefficient estimates are quite unstable, depending on what other health 
measures are included. This is not at all surprising, since it is very likely that there is substantial 
overlap in what these variables measure. For example, the coefficients of POOR (poor general 
health) and NSGOOD (general health not so good) decline in magnitude by between 60 and 70 
percent from Model 4 and Model 8, which adds the dummy variables for chronic conditions and 
physical/activity limitations. 
 
Third, a number of the variables have negative signs, which are sometimes quite large in magnitude. 
While this is quite plausible in a multivariate model such as this, because of underlying interactions 
among the variables and the fact that people can have multiple conditions and limitations, it strains 
the face validity of the model. Finally, Models 5, 6, and 8 explain essentially the same amount of 
variation in total use. However, Model 6 has two advantages. 1) Since it does not include the 
questions on limitations, the burden on the underlying survey is much smaller. 2) By including the 
measures of general health as well as the specific chronic conditions, the implicit reference group 
becomes people between the of 60 and 64 who are in excellent health and do not have any of the 
specified chronic conditions. This latter result shows up in the magnitude of the constant, which 
indicates that the level of use for the reference group in this model is lower than that implied by any 
of the other models. 
 
In Table 16, we present several alternative specifications of the model that attempt to address some 
of the undesirable characteristics of the models in Table 15. In particular, the list of explicitly-
identified chronic conditions is limited to the conditions that imply a level of use significantly 
greater than the reference population. The other chronic conditions are collapsed into alternative 
summary variables that count the number of the other chronic conditions a person has: model 1 – a 
count of the number of other chronic conditions; model 2 – separate dummy variables for 1, 2, 3, 
and 4 or more chronic conditions; and model 4 – separate dummy variables for 1 and 2 or more 
chronic conditions. In a second set of alternative models, the number of age categories is refined 
from two to five, by breaking age into 5-year intervals up to age 85.  
 
Lastly, we examine two alternative approaches to including limitations in mobility and activities. 
One creates dummy variables for the number of limitations, regardless of type: 1-2 limitations (21 
percent of the sample), 3-5 limitations (33 percent), and 6 or more limitations (17 percent). The 
other approach captures interactions between the presence of chronic conditions and limitations in 
mobility, strength, and daily activities with a set of variables that assign people to unique 
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combinations of the numbers of chronic conditions and the extent of limitations (model 10). (Table 
17 shows the distribution of cases across the various combinations. Note that the regression model 
collapses two pairs of cells with very few observations: people with 0 or 1 chronic condition and 
severe limitations; and people with 4-5 or more chronic conditions and no limitations.)  
 
From Table 16 we see that rearranging the chronic disease variables improves the face validity of 
the model by reducing the number of coefficients that are negative. The count of the number of 
other chronic conditions is positive, suggesting that each additional condition increases use by 
NIS537 (model 1). However, the coefficient for the variable indicating a person has four or more 
chronic conditions, other than those measured explicitly, is still negative. The negative coefficient is 
eliminated when the dummy variables for additional conditions are collapsed into a variable 
measuring two or more additional chronic conditions (model 4). 
 
Adding the general health status variables (models 3, 7 and 9) increases the variation explained and 
reduces the magnitudes of most of the chronic disease variables’ coefficients, especially diabetes, 
stroke, and having either three or four other conditions. The coefficient for the amount of extra use 
associated with the number of chronic conditions (OTHCHRON) decreases from 537 to 64.  
  
Decomposing age into smaller, presumably more homogeneous groups of five-year intervals 
suggests that only the very old - those 85 and older - use significantly more services than other 
elderly people. When the general health variables are in the model, the effects of age become 
smaller and show a distinct U-shaped pattern—use declines for 75-to-84 year olds relative to those 
between 65 and 74, and then increases substantially for those 85 and older (models 7 and 9). When 
general health is excluded, the pattern of use associated with age is very flat up to 85 and older, 
where it increases nearly fourfold. However, these changes do not increase the amount of variation 
explained or the coefficients of the health variables in the models. 
 
Models 4, 5, and 6 collapse the number of additional chronic conditions into only two dummy 
variables (model 4), add the variables for the number of limitations (model 5), and then add the 
general health status measures (model 6). All of the health variables in these three models have 
positive coefficients, satisfying the face validity criterion. Including the limitation variables and the 
general health status variables both increase the amount of variation explained, from 7.3 to 9.1 and 
9.7 percent, respectively. Models 5 and 6 also suggest that when the limitation variables are 
included, the effects of age become insignificant and quantitatively small. In other words, service 
use does not vary with age among the elderly who do not have any of the chronic diseases or 
limitations. (Although this represents only about ten percent of the elderly sample.)  
 
Including limitations and general health also reduces the estimates of extra use associated with the 
chronic conditions. For example, the coefficient of STROKE falls from 11,058 (model 1) to 6,945 
(model 6), and the effects of having additional chronic conditions (OTH1 AND OTH2PL) become 
small and insignificant. Similarly, the extra use associated with poor and not so good general health 
also decline in model 6 relative to models 2 and 4. 
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The last column of Table 16 (model 10) shows the results of a more generic approach to measuring 
health states. Rather than identifying specific chronic conditions and limitations, as in the models in 
Table 15, people are grouped into categories on the basis of the number of chronic conditions and 
the number of limitations, regardless of their specific identity (Table 17). The reference group for 
this set of variables is people with no chronic conditions and no limitations, who comprise about ten 
percent of the total sample. The coefficients have excellent face validity. They suggest that holding 
the number of chronic conditions fixed, an increase in the number of limitations increases medical 
care use. Similarly, an increase in the number of chronic conditions for a given level of limitations 
is also associated with greater use. Surprisingly, however, this model does not explain as much 
variation as the other models reported in Table 15. 
 
In Table 18, we examine whether there are differences in distributional consequences associated 
with the different approaches. In the baseline model, which simulates payments based on age 
categories only, Clalit receives 75.3 percent of the payments, Maccabi 12.5 percent, Leumit 7.8 
percent, and Meuhedet 4.4 percent. Adding the chronic disease dummy variables to the formula 
increases Clalit’s share of the payments to 76.2 percent, primarily at the expense of Maccabi, which 
falls to 11.8 percent. Adding in various combinations of the other health measures increases Clalit’s 
share even further, to between 76.8 and 77.0 percent. However, the particular specification of the 
additional health measures obviously makes very little difference. The only exception is the share 
received by Meuhedet, which falls from 4.2 to 3.9 percent when health status is measured by unique 
combinations of the numbers of chronic diseases and numbers of limitations (row 7). 
  
The last two rows of Table 18 simulate the distributional consequences of models 5 and 6 from 
table 16. These models, which have excellent face validity and are relatively parsimonious, include 
variables for the numbers of limitations and general health status, and detailed age categories. They 
suggest that including detailed age and the limitation variables produces the greatest amount of 
redistribution, with Clalit’s share increasing to 77.6 percent and Maccabi falling to 10.9 percent. In 
addition, the two sets of simulations suggest that adding the general health status variables does not 
have any further distributional consequences, even though it increases the explained variation by a 
slight amount. 
 
Table 19 shows the assessment of the different models’ predictive power. This was done by 
estimating five alternative sets of models on five different, randomly-drawn half sample of the ES, 
and then using the models’ parameters to predict medical care use to the remaining random half-
sample. Panel 1 reports the r-squareds; panel 2 shows the mean absolute error as a percentage of 
mean use per person; panel 3 shows the mean profit or loss per person, defined as the simple 
average of the difference between predicted and actual use; and panel 4 shows the estimated 
coefficients of several key variables across the five samples. In general, these simulations show that 
model 4, which has the most detailed and complete specification of variables, has the best 
predictive power, by all three measures. Models 5 and 6, which include summary measures for 
chronic conditions and numbers of limitation, do not predict as well as models 3 and 4, but have the 
potentially important advantages of greater face validity and better implementation potential. 
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Finally, the last panel shows that specific parameter estimates can vary substantially from sample to 
sample. For example, the estimates of extra use for people who reported having had a stroke ranges 
from 4,702 to 11,205. This variation illustrates the sensitivity of the estimates to both sample size 
and the prevalence of the specific condition - half of the elderly survey is less than 3,000 people, 
and stroke is a relatively uncommon condition, affecting about five percent of the cases. In spite of 
this fairly extreme example, however, the averages of the parameters across the five random half-
samples are reasonably similar to the estimates from the full sample.  
 
The primary conclusions from analyzing the 1997 ES are threefold. First, additional health 
information in the form of a longer list of explicitly-identified chronic conditions, questions about 
various limitations, and self-reported general health all improve the ability to predict medical care 
use. Second, collapsing detailed categories of chronic conditions and limitations into summary 
groups improves both the face validity of the model and its potential for implementation. Third, the 
role of age, at least among the elderly, becomes much less important as additional health measures 
are added to the model. 
 

VII. Implementation of the Risk-Adjustment Formula: 
from Regression Coefficients to Capitation Weights 

 
Introducing health status into the mechanism for distributing NHI monies among health plans raises 
a variety of operational and implementation issues. Should payments to the kupot be calculated 
from a multi-dimensional rate table or a simple additive formula? What should be the source of 
periodic updates on the distribution of ages and health states across health plans? Should the change 
be phased-in over a period of time? How can the integrity of the information obtained by survey be 
checked or maintained? 
 
A. Multi-Dimensional Rate Table or Simple Additive Formula? 
In the current capitation formula, the number of age-adjusted persons is calculated as the weighted 
sum of the number of members in each of nine age groups, using the current capitation weights 
reported in Table 11. This format has proven to be clear and comprehensible for policymakers, 
health plan managers and even the general public. The fact that the rates are higher for the very 
young and the elderly has a great deal of face validity. 
 
The addition of health status parameters raises the question of whether and how to incorporate 
interaction effects between health status and age, and/or between the various dimensions of health 
status. Our view is that if these interaction effects are not very large, they should be left out of the 
formula, at least initially. If possible, it is important to preserve the relative simplicity of the current 
arrangement. Policymakers, managers and the public should be able to assimilate a move from an 
additive formula with nine categories to an additive formula with 15-20 arguments. 
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Table 20 illustrates what such an additive formula would look like with additional categories for the 
six chronic conditions identified by the 1993 UHSS. (A future survey designed to construct the 
health weights would presumably add from ten to fifteen health measures, as suggested by the 
analysis of the 1997 Elderly Survey.) Each plan’s age- and health-adjusted share of the health 
budget would be calculated by multiplying the number of people in each category by the 
appropriate weight, summing over the categories, and dividing the total age-health-adjusted number 
of people in the entire system. 
 
The age-health-adjusted formula has pretty much the same “shape” and “feel” as the current 
formula. The fact that there are additional payments for poor health also has a simple rationale and 
face validity. Note also that the age-based payments are lower and have a flatter gradient from 
younger to older ages, reflecting the fact that these weights represent average use by people in 
relatively good health. 
 
If future data and analysis indicate that interaction effects between age and health or among health 
categories add significantly to the ability of the formula to predict variations in service use, our 
recommendation is to do this at a second stage. In deciding between rate tables and formulas with 
interaction terms, one important consideration should be the intelligibility to the three target 
audiences: policymakers, health plan managers and the general public. The two formulations should 
be shown to representatives of each of these three groups to see which “works best” for them. 
 
B. The Source of Information for Periodic Updates of 

Distribution of Health States and Ages 
Information on the distribution of health states and ages across health plans needs to be updated 
regularly (and more frequently than the coefficients in the formula). In the absence of reliable and 
comparable administrative data on health states across sick funds, we recommend using the CBS 
Health Survey as the primary source of this information. The survey would be used to develop plan-
specific estimates of the number of people in each of the formula’s health categories. The survey 
could also be used to produce estimates of the distribution of ages across health plans, but the NHI 
data base of the National Insurance Institute is clearly the better source of information on this issue. 
We do not see any serious problems with taking the age information from one source and the health 
status information from another source. 
 
C. Phase-in Period 
There are several reasons to consider a gradual phasing-in of health status considerations in the 
allocation of monies across health plans. These include: 
Giving those health plans which will lose money from the change, time to adjust to the new system. 
Giving health plans time to adjust to the new incentives and be more energetic in providing high-
quality services to seriously ill persons and reaching out to them. 
Providing time for methodological refinements and improvements in the raw data before giving full 
weight to the new parameters. 
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It should be possible to incorporate health status into the allocation of monies beginning by early to 
mid-year 2001, if the data from the 1999-2000 CBS health survey will be available by the Fall of 
2000. (It should be possible to estimate the new weights as well as the distributions of health state 
within six months of the end of the data collection period.) 
  
A two- to four-year phase-in period should satisfy the concerns raised about transition difficulties. 
To illustrate how this would work, we take the example of a three-year phase-in period. Under this 
assumption, in each of the first three years, the Ministry of Health would calculate for each health 
plan the amounts of money it would receive under (a) the current age-only formula and (b) the 
modified formula with health status adjustments. The actual payment would be a weighted average 
of the two amounts, with the age-only amount receiving a weight of 2/3 in the first year, 1/3 in the 
second year, and 0 in the third year. In the third year (and beyond), the full payment would be based 
on the health-adjusted formula. 
 
D. Opportunities for Manipulation 
Since the health categories in the formula will be known in advance of the survey, an obvious 
concern is that health plans will suddenly identify many new cases of people with chronic 
conditions. (This concern is less of an issue with regard to functional and activity limitations, since 
these do not involve clinical diagnoses and are self-determined by individual respondents.) This 
concern can be addressed in several ways. First, most of the explicitly identified chronic diseases 
are likely to be major conditions, such as heart disease, cancer, diabetes, and stroke. It will be 
important to mount an educational campaign reminding physicians of their ethical obligations to the 
patient and commitment to proper diagnosis, and of the potentially substantial emotional and 
physical harm that patients may experience from being misdiagnosed.  
 
Second, survey questions regarding chronic conditions should ask when the person was first told 
they had the condition and whether they are receiving treatment (prescription medication or other 
services provided by the health plan) for the condition. The latter question can be used to screen 
responses, and the former can be used to analyze whether the incidence of newly diagnosed cases 
varies across health plans. If it does not, then there should be little affect on the calculation of 
payment shares. 
 
Third, the relative weights assigned to the various health categories could be recalibrated more 
frequently in the first few years. If plans’ physicians do tell healthy people that they have particular 
chronic conditions without increasing services used correspondingly, then the capitation weights 
associated with those conditions will become smaller. Knowing that the formula will be adjusted 
should reduce the incentive to engage in this type of manipulation. 
 
Lastly, since the survey will be administered to a small and randomly selected proportion of each 
plan’s members, plans’ efforts to manipulate survey responses would have to be very broad-based 
to be effective. The Health Ministry could conduct separate surveys or interviews with patients and 
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physicians to investigate whether patients were being “coached” about how to respond to the survey 
or whether the possibility of being a part of the health survey was discussed.  
 

VIII. Limitations and Outstanding Issues 
 
This paper does not address the issue of the reliability of self-reports of health status. It is restricted 
to an exploration of whether and how self-reported data on health status could be used to improve 
upon the existing Israeli capitation formula, if such data are reliable. It leaves to other studies and 
researchers the empirical assessment of the degree of reliability of self-reported health status, 
particularly in the Israeli context. 
 
The study found that formulas based on the 1993 and 1997 surveys were limited somewhat by the 
fact that those surveys did not include sufficient detail on key components of health service 
utilization. In addition, those surveys, did not include questions on functional and activity 
limitations and self-assessed general health status. Analysis of the 1997 Elderly Survey 
demonstrated that those variables can contribute significantly to the explanatory power of a 
capitation formula. As a result of the early dissemination of this finding, the year 2000 round of the 
Health Survey was refined and expanded to include more detailed questions on health service 
utilization as well as questions on functional and activity limitations. 
 
One of the main objections to the use of survey data as the basis for including health status in the 
capitation formula is that respondents’self-reports of health status may not be sufficiently reliable. 
Reliable data on health status are needed both to calculate the health status-health care expenditure 
relationship, and to estimate the distribution of health states across health plans. However, some 
respondents may be unaware of their health status (e.g., they may not be aware that they have 
diabetes or other chronic conditions), while others may purposely choose not to report certain 
conditions which carry a stigma or otherwise make them feel uncomfortable in an interview 
situation. Moreover, once health plans know that patients’ self-reports of health status will be used 
to determine health plan revenues’, the health plans could have an incentive to try to influence those 
self reports1.  
 
This paper does not address the issue of the reliability of self-reports of health status. Instead, it 
explores whether and how self-reported data on health status could be used to improve upon the 
existing Israeli capitation formula, if such data were reliable. It leaves to other studies and 
researchers the empirical assessment of the degree of reliability of self-reported health status, 
particularly in the Israeli context. 
 

                                                 
1 This need not entail encouraging patients to lie or other illegal/immoral actions. Instead, health plans might 

simply encourage affiliated physicians to be more “generous” in informing patients of the presence of 
chronic conditions in those cases where the symptoms indicate a borderline situation. 
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Another concern which is sometimes raised is that health status is a multi-dimensional concept, 
while survey data cannot (or, usually does not) capture all the relevant dimensions. We consider this 
to be less of a problem than the reliability issue noted above. First of all, we note that in this paper 
we explored the relationship between health expenditures and several dimensions of health status 
(self-assessed general health status, functional ability, and chronic disease prevalence) and that the 
2001 Health Survey will include data on all three of these dimensions. Second, we contend that 
even if available data sets cover only some of the dimensions of health status (e.g. functional ability 
but not chronic disease prevalence), making use of the existing health status data is likely to lead to 
a fairer and more efficient capitation formula than would ignoring the existing data. At the same 
time, if data on additional, important dimensions are lacking in current data sets, efforts should be 
undertaken to add those dimensions to subsequent rounds of data collection. 
 

IX. Conclusions and Implications 
 
This paper does not address the issue of the reliability of self-reports of health status. Instead, it 
explores whether and how self-reported data on health status could be used to improve upon the 
existing Israeli capitation formula, if such data are reliable. It leaves to other studies and 
researchers the empirical assessment of the degree of reliability of self-reported health status, 
particularly in the Israeli context. 
 
The basic methodology of using survey data to estimate a regression model appears to be a feasible 
method of incorporating health status into the capitation formula. The results are plausible, stable, 
and not overly disruptive of the existing distribution of payments. The study also demonstrates how 
data from those surveys can be used to develop capitation formulas which do a better job of 
explaining variation in health service utilization than do formulas based on age alone. 
 
The substantial level of higher use associated with particular chronic conditions (heart disease, 
stroke, cancer, diabetes) suggests that these people may be at substantial liability for both cream-
skimming strategies and possible underprovision of services by financially-pressed health plans or 
provider units within a health plan. Thus, even if adjusting the capitation formula for variations in 
health does not create a major redistribution of resources, it should help protect vulnerable people 
(those with selected chronic conditions) from constraints on their access to services. 
 
Information on socio-economic characteristics of the population and conditions of geographic 
access adds little to the explanatory ability of the models. However, the information available, 
especially at the geographic level, is quite limited. Developing better measures of access (distance, 
travel time) to various types of providers and variations in provider costs across geographic areas 
should be a priority for further research. 
 
It appears that the best strategy for collecting information about health is a combination of specific 
questions about the presence of chronic conditions, limitations of activity, and a question about 



 

 39

general health status. General health status can be obtained by asking only one additional question, 
as opposed to the batteries of questions needed to measure limitations. However, it explains the 
same amount of extra variation and has the same effect on the distribution of payments as models 
that combine chronic diseases with measures of limitations. An unresolved issue, however, is the 
quality of a general health status question answered by a proxy-reporter. 
 
Questions on limitations of activity also perform well when the number of limitations is collapsed 
into distinct groupings. However, asking the complete battery of questions may impose a significant 
amount of burden on survey respondents. On the other hand, it appears that the combination of 
chronic disease and limitation variables eliminates the need to ask about general health status. This 
may be an advantage from an implementation perspective, since general health status is subjective, 
while reporting the longer lists of chronic diseases and limitations may be both more objective, less 
subject to reporting manipulation, and also potentially more verifiable than either self-reports or 
proxy-reports of general health status.  
 
In short, the study found that formulas based on the 1993 and 1997 surveys were limited somewhat 
by the fact that those surveys did not include sufficient detail on key components of health service 
utilization. In addition, those surveys, did not include questions on functional and activity 
limitations and self-assessed general health status. Analysis of the 1997 Elderly Survey 
demonstrated that those variables can contribute significantly to the explanatory power of a 
capitation formula. As a result of the early dissemination of this finding, the year 2000 round of the 
Health Survey was refined and expanded to include more detailed questions on health service 
utilization as well as questions on functional and activity limitations. This is extremely desirable 
because it will (a) allow a more accurate identification of people who have no chronic conditions, 
(b) permit the identification and grouping of chronic conditions that have similar implications for 
the level of service use, and (c) allow a more precise estimate of health care expenditures. 
 
A potential problem with the general health status question is the potential for gaming. All health 
plans might tell their enrollees that they are sicker than they really are. If all plans do this to the 
same extent, then the distributional consequences should be minimal. Also, if the distribution of 
people across health states changes suspiciously from year to year, then the weights associated with 
general health states can be altered. 
 
The large variations in expected use associated with specific chronic conditions suggest that it is 
important to measure chronic conditions explicitly. Our analysis suggests that people with a number 
of chronic conditions can be combined into relatively homogeneous categories based on the number 
of conditions reported. However, for those individual conditions that have high levels of expected 
use associated with them, consideration should be given to the feasibility of developing an 
administrative system by which the health plans identify people who have selected and or multiple 
chronic conditions. To the extent that health measures become an increasingly important part of the 
capitation formula, the accuracy of the estimates of the distribution of health states across the health 
plans becomes critical. Israel’s relatively small population makes the idea of a computerized 
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registry of people with specific health conditions a potentially feasible long run objective. Moving 
in this direction can be seen as an expansion of the current policy of “carving out” people with any 
of five selected conditions (Note that the Medicare program maintains active, monthly enrollment 
data on almost 40 million people.) 
 
More effort should be made to measure service use as accurately as possible. A special study should 
be conducted to test the accuracy of alternative survey questions on hospital stays, visits to 
physicians of different specialties, and the use of other services by comparing them to 
administrative records maintained by the health plans. 
 
More research is needed on developing the weights for combining the use of individual services 
into an index of overall service use. Ideally, these weights should reflect the true resource costs 
(opportunity costs) of providing different types of services. 
 
Additional research is also needed on the degree of reliability of self-reported health status, 
particularly in the Israeli context. 
 
It is important to note that the institutionalized population was not included in any of the surveys we 
analyzed. Consideration should be given to either creating a separate category for the 
institutionalized population and/or developing survey methods to obtain information about the 
health states and service use of this population. 
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Appendix 1: Background and Literature Review 
 
A. Introduction 
Health status, which is usually described by some combination of patients’ sociodemographic 
status, clinical history and previous use of medical services, is one of the major determinants of 
medical service utilization. “Risk assessment” methods use some combination of data on patients’ 
characteristics to assess their association with the expected use of medical services. “Risk 
adjustment” converts these risk assessment classes into insurance premium dollars for an insured 
group (Weiner et al. 1996).  
 
Capitated payment provides incentives for plans to minimize medical costs by enrolling the 
healthiest people within any particular group or risk category. Improved risk-assessment models 
address three major policy concerns: (1) misspecified rate-setting models may result in windfall 
revenues for health plans that skim healthier members; (2) health plans may fail because their 
premiums do not reflect adverse selection; and (3) rate-setting models containing implicit cross-
subsidization arising from differences in the relative cost structures among health plans may create 
financial incentives to alter access and treatment across patient subgroups in arbitrary ways 
(Hornbrook and Goodman, 1996). 
 
The two major strategies for improving risk-adjusted capitation systems involve the use of either 
administrative data or survey data. The first strategy relies primarily on diagnostic information from 
previous utilization of services (Ash, Porell, Gruenberg, et al., 1986, 1989; Ellis and Ash, 1995; 
Lamers and van Vliet, 1996; Ellis, Pope, Iezzoni, et al., 1996). The essence of such models lies in 
the allocation of people to a restricted number of groups according to the diseases diagnosed during 
prior hospitalizations. This information is incorporated into the capitation payment model as a risk 
adjuster. The percentage of variance in per-person expenditures in the next year that is predicted by 
such models is substantially higher than that predicted by the demographic predictors only. 
(Lamers, 1999). 
 
The second method of extending the set of risk adjusters relies on measures of perceived health 
status, functional health status, and chronic conditions (Epstein and Cumella 1988). These health 
status indicators have also improved the predictive accuracy of demographic capitation models 
(Thomas and Lichtenstein 1986; Newhouse et al. 1989; Van Vliet and Van de ven 1992; Hornbrook 
and Goodman 1995, 1996). Such data are typically collected by surveys. 
 
The U. S. Health Care Financing Administration (HCFA), which administers the Medicare 
program, has had a long-term interest in risk adjusters and risk adjusted payment systems, most of it 
relating specifically to the Medicare Managed Care program. Prior to the Balanced Budget Act 
(BBA) of 1997, Medicare risk payments to managed care plans were based on actuarial estimates of 
per capita Medicare fee-for-service costs in each county for the aged and disabled groups. These 
payments were adjusted for the demographic composition of the county so they represented the cost 
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of the national-average Medicare beneficiary. The product was the "Adjusted Average Per Capita 
Cost" (AAPCC) methodology: 
 
Payment = (0.95) x (County per capita costs/Avg. County Demographic factor) x Enrollee 
Demographic Factor 
 
Many criticisms have been made of the AAPCC payment system, ultimately compelling HCFA to 
sponsor research to develop improved risk-adjusters for Medicare managed care payment. The 
earliest risk-adjustment work was based on prior use of services, because the diagnosis coding of 
claims was incomplete. The implementation of prospective payment for hospitals vastly improved 
the diagnostic information available on hospital bills. As a result, the next phase of work focused on 
inpatient diagnoses as predictors of future health status.  
 
Diagnostic Cost Group Models (DCG) models were developed on the premise that, when combined 
with demographic factors, predictable health expenditures were related to hospitalizations (Ellis and 
Ash 1988, 1989). The next generation of risk adjustment research took the logical step of 
combining both ambulatory and inpatient service use information in order to improve explanatory 
power in predicting total expenditures. The research also focused on systems that avoid direct 
measures of prior utilization, expenditures, or procedures, because risk adjustment systems based on 
measures of prior use may create undesirable incentives for increased utilization or particular modes 
of practice. 
  
By 1991, HCFA had begun receiving reliable diagnoses on physician claims and as a result, risk 
adjustment development work was vigorously pursued. Two main directions were taken: models 
based on DCG methodologies and models based on Ambulatory Care Groups (ACGs) systems. In 
the case of DCG-based models, the major challenge was the incorporation of outpatient and 
physician services into the original inpatient-based methodology. Conversely, the ACG models 
required integration of in-patient services to the original ambulatory care basis of the method. 
 
Research to refine the original DCG-based risk adjustment model was also conducted by the 
Boston/HER/Harvard consortium. This latest DCG risk adjuster is referred to as the Principal In-
Patient (PIP) DCG risk adjuster. Parallel development research to expand ACG-based risk adjusters 
was also funded by HCFA to JHU and Lewin, who created two new versions from the original 
ACG model: (1) the ADG-HosDom model, which uses ambulatory care and hospital diagnoses as 
well as a category of diagnoses with over 50% hospital admission rates; (2) the ADG-MDC model, 
which uses ambulatory diagnoses and a count of hospital admissions by their major diagnostic 
categories. 
 
According to Greenwald et al. (1998), use of the PIP DCG model is by far the most probable 
approach for implementing risk adjustment in 2000. The main difference with the former DCG 
model is a more refined sorting algorithm using a wider range of diagnoses to predict 1996 actual 
Medicare expenditures. Under PIP DCG, plans submit hospital encounter data; HCFA will use this 
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information along with its records on fee-for-service use to determine the appropriate risk cell for 
each beneficiary. The model also includes a variable based on Medicaid eligibility and adjustments 
for the working aged and institutional status.  
 
Although the refined DCG and ACG-based models are theoretically promising and significant 
improvements, these models require full encounter data, available as an administrative by-product 
from Medicare fee-for-service claims, but completely absent for Medicare beneficiaries enrolled in 
the fully capitated risk program. Since encounter data from managed care plans will be costly to 
obtain and of uncertain reliability and accuracy, HCFA has also sponsored research on survey based 
risk adjusters. These models are based on research demonstrating that an individual’s perception of 
his or her own health, estimates of their functional status, and limited self-reported clinical 
diagnoses are highly predictive of future health care expenditures. Though not relying on encounter 
data, individuals must be surveyed, which is also costly (Greenwald et al. 1998). 
 
Research on the relative advantages and disadvantages of these two approaches to constructing risk 
adjusters is ongoing. In the following sections of this chapter, we review research studies grouped 
by whether they rely primarily on administrative or survey data to construct risk adjusters. In a final 
subsection, we review a substantial body of research, conducted in The Netherlands, that combines 
both administrative and survey approaches. 
  
B. Risk Adjusters Based on Administrative Data  
1. DCGs  
The DCG model has been developed to create appropriate incentives for health plans to enroll high-
cost individuals. Creation of a DCG model takes place in four stages. The first stage is to map the 
ICD-9-CM diagnostic codes into DXGROUPs. The second stage is to run the DXGROUPs through 
a sorting algorithm that places each in a relatively homogenous cost group or DCG, ranked by mean 
expenditures. A third stage is to use clinical judgment to reclassify poorly grouped DXGROUPs 
into DCGs. The final stage is to calibrate payment parameters through estimation of a multiple 
regression equation (Ellis et al. 1996).  
 
To incorporate diagnostic information into the model as a predictor of future hospital costs, a 
standardized grouping of the principal diagnosis for hospital admissions was developed. After 
determining the diagnoses that were to be eliminated because of concerns about discretion, Ellis and 
Ash (1996) adopted the procedure used in Ash et al. (1986) for forming DCGs. The DCG model 
coefficients were contrasted with estimated coefficients from a regression model based only on age, 
sex, and Medicaid status. On the large sample sizes, regression coefficients are all highly significant 
and indicate that age and sex groups have an important effect, independent of the DCGs diagnostic 
information. 
 
With respect to every performance measure considered, the DCG model performs better than the 
AAPCC. The DCG model extends the existing AAPCC, which uses only demographic information 
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for setting HMO premiums, by using diagnostic information from the previous year’s 
hospitalizations among an HMO’s existing enrollees to calculate Medicare premiums. The 
predictive power of the DCG model is far superior to the existing AAPCC formula, in the elderly 
Medicare sample. However, using only the first nine, instead of all twelve months in the base year 
to predict subsequent year costs resulted in a large decline in predictive power and is not 
recommended as a way to deal with data lags. 
 
Ellis et al. (1996) developed, estimated, and evaluated risk adjustment models that utilize diagnostic 
information from both inpatient and ambulatory claims to adjust payments for aged and disabled 
Medicare enrollees. The authors presented two DCG model variants that differ in the type of 
information used to predict payments. The principal inpatient DCG (PIDCG) model classifies 
people according to their single highest cost principal inpatient diagnosis. The benefit is that it can 
be implemented knowing only each patient’s principal inpatient diagnosis. This is an important 
advantage in cases where ambulatory or secondary inpatient diagnoses are unevenly available or 
inaccurate. However, as a payment system the model encourages incentives to hospitalize enrollees 
because only inpatient diagnoses are used to classify individuals. Furthermore, it excludes the 80% 
of beneficiaries not hospitalized each year. 
 
The second DCG model is the all-diagnoses DCG (ADDCG) model, which adds secondary 
inpatient, hospital outpatient, and physician diagnoses to the principal diagnosis, and classifies 
people based on their single highest predicted cost diagnosis, with no distinction made as to the 
source of the diagnosis. Focusing on the single highest cost diagnosis has several virtues: 
simplicity, less sensitive to incomplete diagnostic coding, and not rewarding proliferation of 
diagnostic coding by health plans. However, a single diagnosis can describe a person’s health status 
only partially, especially among the elderly and disabled with multiple health problems.  
 
2. Coexisting Conditions 
Because most administrative data sets contain information coded at the time of hospital discharge, 
they include diagnoses representing non-primary conditions that the patient had at the time of 
admission, as well as complications arising during the course of treatment. A condition that exists 
before a patient's admission to the hospital, is not related to the principal reason of hospitalization, 
and is likely to be a significant factor influencing mortality and resource use of the hospital, 
comprise Elixhauser et al's (1998) definition of a comorbidity.  
 
Elixhauser et al. (1998) attempted to develop a comprehensive set of comorbidity measures for use 
with large administrative inpatient data sets. The comorbidities were associated with substantial 
increases in length of stay, hospital charges, and mortality for all disease groups. The authors, 
therefore, conclude that the comorbidities had independent effects on outcomes and should not be 
simplified as an index because they affect outcomes differently among different patient groups.  
 
In contrast with DCG models, HCC models characterize health status with multiple coexisting 
medical conditions. Rather than focusing on the highest cost condition, HCC models sum the 
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incremental predicted cost (payment) for each condition to arrive at the total predicted cost 
(payment). HCC models will predict a different level of expenditures for a person living with lung 
cancer as opposed to a person living with lung cancer and diabetes. 
 
Ellis et al. (1996) found that HCC models achieve greater explanatory power than DCG models. A 
capitation system would be more difficult to implement than the HCC model because, to measure 
costs, it requires comprehensive service utilization data from HMOs, plus agreement on an 
algorithm to assign costs to utilization. In contrast, the HCC model requires only demographic and 
diagnostic information. The HCC model, therefore, provides the best combination of ability to 
predict enrollee costs, incentives for appropriate care, resistance to manipulation by providers, cost 
effectiveness, and administrative feasibility. 
 
Iezzoni et al. (1995) and Wray et al. (1997) provide us with a paradigm of case-mix adjustment 
using administrative databases. These authors claim that risk adjustment systems based on 
administrative data are not inherently inferior to systems that depend on primary data collection. 
They state that the recent proliferation of efforts to produce comparative information about 
providers based on administrative data has led to questions about the validity of such data. These 
questions focus on two issues of quality assessment: data quality and risk adjustment. Although 
both issues are critical, data quality is a more fundamental problem than risk adjustment because the 
competence of any risk adjustment methodology depends on the accuracy and completeness of the 
data. Even if the quality of the data is acceptable, the techniques used to apply those data to the task 
of risk adjustment may be unacceptable (Wray et al. 1997). 
  
Whether administrative databases can provide enough information about the status of patients to 
distinguish patient variation from medical care variation, depends on the accuracy and adequacy of 
patient-specific data in the databases. These data are necessarily subject to the weaknesses of the 
ICD-9 classification scheme. The deficiencies of the ICD-9 include: a lack of specificity in many 
diagnostic areas; incomplete coding for secondary diagnosis, and an overall structural deficiency for 
volume utilization as well as linkage, in cases such as rehospitalization. There is, however, 
mounting evidence that when attention is focused on discharge databases, whether for 
reimbursement or regulatory purposes, the quality of the data improves. It is important to indicate, 
that even if administrative databases achieved 100 percent coding accuracy and overcame the 
above-mentioned structural problems, their adequacy for risk adjustment could be questioned 
because they lack many important clinical variables that have been shown to be predictive of 
outcomes (Wray et al. 1997). 
 
If risk adjustment based on primary data collection could improve the accuracy of measurement or 
provide information of increased usefulness to decision makers, the increased cost could be 
warranted. Wray et al. (1997), however, claim that the disadvantages of commercial risk adjustment 
products outweigh their advantages for health services research. One major disadvantage is that 
they do not vary by the outcome of interest. For example, almost all commercial products were 
developed on cost or mortality, but other important outcomes, such as complications, have not been 
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evaluated. The second major disadvantage of commercial products is their "black box" nature, 
which precludes the user from assessing the reliability and validity of the risk adjustment models. A 
third major disadvantage is the expenditure required for use of commercial software. Wray et al. 
(1997), therefore, argue for the creation of disease/outcome-specific-risk-adjusted models that can 
then be employed in assessing variation in outcomes.  
 
3. Ambulatory Care Groups 
Weiner et al.’s (1996) integrated two diagnostic risk-assessment /risk-adjustment systems 
previously developed by JHU researchers. The first group, the Ambulatory Care Group (ACG) 
case-mix measure, was designed primarily as an ambulatory case-mix measure for concurrent and 
retrospective use among the non-aged population. The second risk-adjustment model, the Payment 
Amount for Capitated System (PACS), was funded by HCFA and designed as a prospective, in-
patient oriented risk adjuster for the Medicare aged population. Both models incorporate 
Ambulatory Diagnosis Groups (ADGs), which are the basic morbidity classification system of 
ACGs. The new model derives from PACs the use of three demographic risk assessors (age, sex, 
and prior disability status) and an impatient measure based on the Major Diagnostic Category 
associated with a patient’s prior-year hospital admissions (Weiner et al. 1996). 
 
The main advantage of the AAPCC payment system is resistance gaming – health plans cannot 
change the age, sex, nor likely the nursing home or welfare status of their enrollees. Diagnostic 
based risk-adjuster models are susceptible to gaming through excessive coding, uncoding, and 
reclassifying of diagnoses. However, several factors limit gaming under the two models discussed 
here; First, health plans would need time to identify the best options and model variables for 
gaming and even more time to acquire or purchase the data collection and manipulation skills 
necessary for successful upcoding; Second, HCFA could adopt auditing and enforcement 
procedures designed to identify the most obvious examples of code gaming. 
  
Another gaming concern is whether health plans can exploit informational advantages to risk select 
against a risk-adjusted capitation payment system. The results of selection in a risk-adjusted 
environment could differ markedly from that of the current environment. It may indeed be 
profitable to enroll people with poor health status if the system does not underpay. 
 
Several administrative issues would need to be addressed in order to develop a comprehensive, risk-
adjusted capitated payment system. First, although all the data required by the two models are 
available in most existing health plan claims, encounter and enrollment databases, a significant 
minority of health plans does not yet connect the diagnostic data required to assign ADGs and 
MDCs. Second, a method to annually update payment weights would be needed in order to account 
for inflation, advances in the state of care, and the aging of the population. Third, a 2- to 3- year lag 
could exist between when a full year of claims data would be available for assigning ADGs and 
MDCs and the year in which capitated payments would be made to plans. 
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Overall, diagnosis-based risk-adjuster models have considerable promise to improve current 
methods of calculating risk adjusted, or capitated premiums for HMOs and other MCOs. One of the 
most important strengths of the models is their clinical foundation. The diagnosis based variables 
incorporated into the Medicare risk-adjuster models are epidemiological based. In addition, the 
ADGs and MDCs used in the models are already widely used and accepted by clinicians, HMOs 
and researchers. 
 
By incorporating diagnostic information, the models are better able to predict future medical 
expenditures than demographic risk-adjuster models such as the AAPCC, for both randomly 
selected and non-randomly selected individuals and groups. In particular, however, the models 
better predicted the expenditures of non-random groups. 
 
One of the most important findings was the ability of both models to predict the year 2 medical 
expenditures of the groups that either used few medical services or a great deal of medical services 
in year 1. This finding indicates that the rewards of cream-skimming plans are greatly reduced 
under either Medicare risk-adjuster model relative to the AAPCC. 
 
The incorporation of diagnostic information, however, comes at some cost due to gaming. 
Furthermore, the models do not explicitly address or exclude “discretionary” hospital admissions or 
diagnoses. JHU clinicians could not identify any ICD-9 codes for which hospital admissions were 
always discretionary. In addition, claims data do not currently contain the detailed clinical 
information required to determine whether a patient’s diagnosis or hospital admission is 
discretionary. 
 
To limit discretionary hospital admissions, one model uses the Hodsom marker variable, thus 
avoiding increases in capitation payment directly related to hospital admissions. This is perhaps its 
main advantage over the second model. However, the Hodsom model does increase second-year 
capitation payments as a result of explicit hospital admissions during the prior year. This could 
induce some plans to admit beneficiaries to hospitals who otherwise might be treated in the 
ambulatory setting. However, the relatively low year 2 payments that plans would receive for a year 
1 admission, as well as the chance that beneficiaries admitted might not be enrolled in year 2, limits 
the incentives for plans to increase discretionary hospital admissions. The main advantage of the 
Hodsom model, therefore, is that for some very high use patient groups, this model’s predictive 
power is somewhat higher (Weiner et al. 1996). 
 
C. Risk Adjusters Using Survey Data 
By assigning a higher capitation payment for nursing home as opposed to community residents, the 
AAPCC formula creates an incentive counter to HMO goals, which seek to maintain frail 
individuals in the community with the aid of community support services. To address this problem 
a simple modification of the AAPCC was adopted: Frail community residents who were classified 
as "nursing home certifiable" (NHC) were assigned the same payment rate as for individuals 



 

 51

residing in nursing homes. As data became available from the National Long-Term Care Survey, an 
improved model was developed and implemented with payment rates associated with an NHC 
subgroup based on an analysis of Medicare claims (Gruenberg, Kaganova, Hornbrook, 1996). 
 
Gruenberg's, Kaganova's, and Hornbrook's (1996) study validated that direct health-status measures 
(diagnoses, perceived health status, and functional level) and indirect health-status measures 
(demographic characteristics) all make independent contributions to forecasting health care costs, to 
a significant degree. It was recommended that these factors be incorporated in the payment formula 
and be considered for inclusion in the AAPCC to improve the currently inadequate risk-adjustment 
model. Individual items are not substitute measures of risk, rather, they are complementary because 
they are all needed to capture the underlying structure of risk in the heterogeneous population of 
Medicare aged beneficiaries. It is especially important to note the critical contribution of disability 
in accounting for Medicare costs, especially for the oldest old. The study’s analysis suggests that 
revisions to the AAPCC based on diagnostic measures alone are not likely to be satisfactory 
(Gruenberg, Kaganova, Hornbrook, 1996). 
 
Although biases exist, in terms of social survey techniques to collect data, these biases must be 
weighed against alternative approaches. It is believed that current biases in AAPCC are more 
serious than those that could occur if a self-report-based model were implemented. In addition, 
alternative morbidity-based AAPCC models that are under consideration would rely on medical 
records data. These alternatives are also subject to the potential for gaming, because the data 
required to implement them would be under the direct control of the HMO. Moreover, a morbidity-
based model using ambulatory care records would fail to account for unmet need. 
 
The Medical Outcomes 36-Item Short-Form Health Survey has rapidly become the functional 
health status measure of choice in some studies. Because the SF-36 has generally been limited to 
young, healthy, and socio-economically advantaged populations, its appropriateness in populations 
troubled by significant comorbidities is not well-established. No studies have adequately assessed 
the SF-36 using techniques (such as confirmatory factor analysis [CFA]) that take into account the 
measurement difficulties inherent in such multidimensional measures, and provide the flexibility 
needed to formally test the underlying measurement model. Wolinsky and Stump (1996), therefore, 
set out to report the results of a CFA analysis, of factorial validity of the SF-36 in a clinical sample 
of disadvantaged, older adults.  
 
Wolinsky and Stump (1996) found that the only gender difference is that women perceive their 
health to be better than men do. Meanwhile, there is a consistent pattern of race differences, 
wherein blacks report being better off in terms of physical function, pain, perceived health, vitality, 
social functioning, and mental health subscales than do whites. Therefore, either blacks are 
overstating their health or whites are understating theirs. Furthermore, disease and socioeconomic 
status are profoundly related to health. 
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Upon inspecting their results, the authors conclude that the modification indices and standardized 
factor loadings suggested that a nine factor measurement model was warranted, allowing for a 
health optimism factor separate from that of general health. The relevance of the health optimism 
factor increased directly with the proximity to death among these subgroups. The authors state that 
although continued use of the SF-36 in older, disadvantaged, clinical samples is appropriate, further 
assessment of the underlying measurement model in other samples using confirmatory factor 
analytic techniques is needed to resolve the issue of correlated error structures and the existence of 
the health optimism (Wolinsky and Stump, 1996). 
 
Risk adjusters based on survey information are currently inappropriate for many countries due to 
the fact that not all sick funds collect such information. Furthermore, using self-report health 
surveys for risk adjustment may entail high administrative costs and could lead to gaming. 
However, health survey information can be used to evaluate the predictive accuracy of capitation 
models. Leida Lamers (1999) evaluated the predictive accuracy of DCG models using health survey 
data.  
 
Lamers and Van Vliet (1996) determined that diagnostic data from hospitalizations the proceeding 
three years, in the form of Ash's’ DCGs, predict future health care expenses better than DCGs 
limited to the proceeding year. Newhouse et al. (1989) and Van Vliet and Van de Van (1992) 
determined that the maximum predictable portion of medical expenditure variation is estimated at 
about 20 percent. The three year DCG model, however, only explains about 9 percent of the 
differences among individuals in health care expenditures. Therefore, either some groups of people 
within the predictably high expenditures have no hospital admissions within the three years or that 
the DCG classification needs further refinement (Lamers, 1999). 
 
Lamers (1999) identified subgroups based on health survey data, for which the three-year DCG 
model is able to accurately predict costs. Furthermore, she extended a demographic and the DCG 
models with the relevant survey information and studied the effect of predictive accuracy of the 
models. The study concluded that the addition of eight survey variables improved the predictive 
accuracy of the model. The selected variables were perceived health, having functional disabilities, 
consultation with the GP, use of home nursing, number of prescribed drugs used, having cancer, 
having diabetes, and use of medicine for rheumatoid arthritis. The accuracy improved further when 
the demographic data was supplemented with diagnostic information from prior hospitalizations. 
  
Lamers (1999) found that the predictable profits and losses based on survey information for the one 
year DCG model are smaller than for the demographic model. However, predictable losses are still 
substantial for the three year DCG model, suggesting that the DCGs and the survey information are 
complementary to a certain extent in their ability to predict future health care expenditures. The 
survey information seems to capture the predictable high costs of persons in poor health without a 
hospital admission during the preceding years. 
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Lamers (1999) selected survey variables that could improve the predictive accuracy of the three-
year DCG model. This suggests that diagnostic information from previous outpatient health care 
utilization, such as ambulatory diagnostic groups (Weiner et al., 1996) or the use of prescribed 
drugs for chronic conditions (Clark, Von Korff, Saunders, et al. 1995) will be complementary to 
DCGs in predicting future health care expenditures. The use of diagnostic information from prior 
hospitalizations appears to show promise as an option for improving the capitation payment 
formula. A combination of diagnoses from both inpatient and outpatient health care utilization 
might be even better. 
  
Excellent measures of specific health of risk status which have received very little attention in 
health services research as potential health status adjusters for capitation payments are the major 
risk factors for chronic disease, such as cigarette smoking, blood pressure, cholesterol, FVC, and 
blood glucose. Schauffler, Howland, and Cobb’s (1992) research was conducted to determine the 
extent to which risk factors for chronic disease predict and explain variation in health care costs in 
an elderly population. 
 
The findings confirm previously demonstrated relationships of prior utilization and disability with 
Medicare payments, and demonstrate, for the first time, a strong and independent association of risk 
factors for chronic disease and subsequent total Medicare payments for two years. Each of the 
potential adjusters to AAPCC measures a different aspect of health status, which independently 
contributes to a greater understanding of health services utilization and expenditures for the elderly 
Medicare beneficiaries. 
 
Hornbrook and Goodman (1996) tested the contribution of chronic diseases, self-reported health 
status, and demographics to predicting medical expense risk using a rigorous non-parametric 
validation methodology with data from a large, prepaid group practice HMO. They tested three 
hypotheses. First, a self-reported chronic disease checklist by itself provides significant and useful 
information for predicting future per capita expense. Second, diseases still add important prediction 
information even when functional health status, perceived health status, and demographic factors 
have been included in the model. Finally, functional/perceived health status and disease interact in 
predicting future per capita expense. 
 
To predict future utilization patterns produced by efficient physicians and health care systems, risk 
models should also incorporate a diagnostic framework, with special emphasis on chronic diseases. 
Chronic diseases forecast risk because they persist and may require continued use of medical care. 
Acute diseases are relevant if they carry higher likelihood of complications that require care or their 
future incidence is systematically related to other characteristics of individuals or population 
groups, or both. To develop good risk-assessment models, we need to know which diseases occur 
with sufficient frequency. Here, it is assumed that functional impairment and perceptions of disease 
states are important predisposing and need factors within diseases. Also, function and disease will 
interact in predicting risk (Hornbrook and Goodman, 1996). 
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The self-administered survey identifies diseases by asking whether “a doctor has ever told” an 
individual that he or she has one of the specified conditions. Medical care utilization profiles were 
created for each respondent for a one-year period prior to the survey and through a one-year period 
after. Data were collected from existing automated management information systems in the study 
HMO: ambulatory visits, inpatient discharges, same-day surgical procedures, outside claims and 
referrals, and hospital-based emergency department visits. Real total annual expenses for medical 
care were then developed on the basis of this profile for each survey respondent. Linear regression 
to estimate single-equation, empirical, risk-assessment models of enrollee’s total health care 
expenses in year t as a function of health status and propensity to consume health services in year   
t-1 was employed (Hornbrook and Goodman, 1996). 
 
Hornbrook and Goodman (1996) previously demonstrated that an individual-level demographic 
model explains, on average, only about 1% of the variance in annual per capita expense, and the 
nine RAND-36 health status scales account for about 4% of the variance. Four scales are 
consistently significant and in the expected direction – physical function, role-physical, social 
function, and perceived health- with a fifth scale, perceived change in health, suggestive of an 
association with future expense (Hornbrook and Goodman, 1996). 
 
The study confirmed the first hypothesis: that information on chronic disease status is important for 
assessing risk, even when obtained only from adult respondents. Regarding the second hypothesis, 
functional/perceived health status and demographic measures captured a portion of the variance 
associated with selected chronic health problems; when all were entered into the model, heart 
disease, diabetes, depression, and asthma remained important risk factors. Functional/perceived 
health status scales measure different dimensions of risk within each disease. 
 
It was determined that the brief medical history contained on the survey instrument was not 
developed for the purpose of risk assessment and does not provide sufficient coverage of disease 
incidence and severity. Research should test a wide range of diseases and alternative disease 
groupings to improve model performance of future models on global populations, ranging from the 
very young to the very old, not just workers and their families. In the future, medical history 
questions should be carefully worded to solicit valid information. Future risk models should use 
diagnostic data from automated clinical information systems to reduce measurement and recall error 
associated with patient self-report. 
 
Within a given disease, functional and perceived health affect future use of medical care, but this 
relationship differs across diseases. Strengths of the social survey approach to risk assessment are 
(1) uniformity across health plans; (2) measurement of untreated health problems before they are 
registered by diagnostic information associated with prior use; (3) measurement of consumer 
perceptions of need and anticipated use; (4) definition of medical need on the basis of functional 
impairments and reduced well-being that do not require established access to medical care; and (5) 
measurement of risk factors when other data are not available, as may occur with new enrollees. 
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Consumers’ perceptions of their health status, therefore, can be assessed directly, without 
confounding by provider preferences and practice styles. 
 
However, such surveys may be costly to mount and, furthermore, they yield data only on those who 
respond. Response rates can be unacceptably low and correlated with medical risk. Respondents, 
typically, can not distinguish between self-limiting symptoms and problems requiring aggressive 
intervention. A brief medical history and simple demographic variables to improve prediction 
performance should accompany the health survey (Hornbrook and Goodman, 1996). 
 
Using morbidity risk-adjustment models leads to concern about the accuracy of diagnostic data in 
automated data systems. Measurement errors in diagnostic data may not seriously undermine risk-
assessment efforts: (1) measurement error tends to be randomly distributed, lending to slight overall 
effect; (2) if error is significant, payers can modify the risk models to invoke more rigorous criteria 
for counting a diagnosis; (3) systematic errors can be minimized by using data systems that are used 
for other purposes; (4) the evolution of morbidity-based risk models will create pressures to 
improve the quality of diagnostic data because their use will have an effect on the financial status of 
HMOs and their medical group; and (5) actual experience with risk models employing data from 
multiple sources will help identify the quality lapses and suggest ways to revise the models to 
counteract the effects of bad data. Hornbrook and Goodman recommend implementing improved 
risk-adjustment models, rather than waiting for perfection. 
 
D. Research from the Netherlands 
According to reform proposals in many countries, insurers will receive a risk-adjusted capitation 
payment (RACP) from a regulatory agency, such as a central fund, for each of their members. The 
RACPs may either form the total revenues for the insurers, as is the case in Israel, or may be 
supplemented by other premiums. For example, in the Netherlands, insurers are allowed to charge a 
community-related premium in addition to the RACP. 
 
The health care reform currently under discussion in the Netherlands can best be described as 
compulsory health insurance for the entire country based on regulated competition. All individuals 
will receive a subsidy towards their compulsory health insurance premiums from one of the 
competing insurers. The subsidy will come from a central Fund, which will be filled with 
mandatory income-dependant contributions paid through taxation. The subsidy per person is an 
RACP that does not vary by insurer. The RACP will be equal to predicted per capita costs within 
the risk group to which the insured person belongs, minus a fixed amount. The fixed amount is the 
same for all persons and will be at least 10% of the average predicted per capita costs of the 
compulsory health insurance. The deficit is paid by the insured to the insurer, implying that an 
insurer is obliged to quote the same premium. However, each insurer can set its their own premium. 
 
The main purpose of health reforms taking place in the Netherlands since 1988, is to increase 
insurers’ incentives for efficiency and cost containment that were virtually lacking in the past. 
Beginning in 1993, sick funds were transformed from administrative bodies to risk-bearing 
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enterprises, although their risk is still restricted. From 1993 to 1994 the RACPs were based solely 
on age and sex. However, if insurers were fully at risk for the differences between their actual costs 
and their age/sex predicted costs, they would have great incentive for cream skimming. Therefore, 
in 1995 the government introduced two additional risk-adjusters: a regional health index and 
disability. 
  
To reduce the disadvantages of the crude RACP formula, the Dutch government introduced partial 
capitation into the public health insurance system. In 1995, the sickness funds were responsible for 
about 3% of the difference between their actual expenses and the risk-adjusted predicted expenses. 
This leads to a blended payment system, wherein, the weight on current expenditures is 97% and 
the weight on age-gender predicted expenditures is 3%. Although the blended payment system 
removes nearly all cream-skimming incentives, it also removes efficiency and cost containment 
incentives. To increase the latter incentives the Dutch government intends to increase the weight on 
predicted costs to 100% and simultaneously improve the RACP formula (Van Barnevald, Van Vliet 
and Van de Ven, 1996). 
 
Diagnostic Information Related to Prior Utilization 
Van Vliet and Van de Ven (1992) found comparable results to Ash et al.'s (1986) purely 65+ 
Medicare study, after applying DCGs to Dutch individuals of all ages. The addition of DCG-
adjusters to an age-gender based RACP model, is a clear improvement. Although the DCG-
adjusters tend to substantially diminish predictable profits and losses, these are not reduced to zero.  
 
Recipients of Disability Benefits 
If the RACPs are based solely on age and gender, it is very profitable for an insurer to have as few 
members receiving disability benefits as possible. Van Vliet and Van de Ven (1992) found that 
future losses for disabled persons are about 71% of the predicted expenditures based on age, gender, 
and region. Several other studies found even higher percentages. Results from US studies indicate 
that disabled and functionally impaired people have roughly twice the health care expenditures of 
those who are unimpaired. Therefore, since 1995, disability has been included in the formula to 
calculate the RACPs for Dutch sickness funds. 
 
Self-reported Chronic Conditions 
Adding self-reported chronic conditions to the basic RACP model, explained approximately 4% of 
the variance of the imputed health care costs of individuals. The number increased to 8% when the 
number of physical impairments and self-rated general health status were added. Although self-
reported chronic conditions and perceived health status are powerful predictors of health 
expenditures, they might not be ideal risk-adjusters as they are vulnerable to manipulation. 
 
Region and Zip Code 
When considering region or zip code as a potential risk-adjuster, for which risk factors should the 
RACP ideally adjust - for differences in health status only, or for other cost-determining factors 
such as the price and supply of health care? The adjusted cost per capita fee-for-service cost 
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(AAPCC) capitation payment that the US HMOs receive for Medicare patients is designed to 
represent the local per capita fee-for-service costs that would have been spent had the Medicare 
recipient remained in that sector. In this case an index of the regional health expenditure level is a 
good risk-adjuster. However, health reforms in the Netherlands only take health status into account, 
leaving price and supply of health care to be reflected in premiums. 
 
Consumer Choice of High or Low Option Plan 
Health reforms in the Netherlands and US Medicare provide consumers with the choice between 
high and low option health insurance policies. In the case of a low option plan the consumer has a 
(higher) deductible and pays a lower premium as compared with a high option plan. The consumer 
choice may result in adverse selection, leaving the RACPs to overcompensate insurers for 
consumers choosing the low option and undercompensate for those choosing the high option plan. 
However, Newhouse et al. (1989) concluded that given an appropriate set of adjusters there need 
not be any substantial over or undercompensating. 
 
Mortality and Probability of Dying 
The Dutch government considered mortality (at the insurer’s level) and probability of dying (at the 
individual level) to improve the RACP. Nooren and Van Vliet (1994) found that the expenditures 
on hospital and specialist care for those who died were ten-fold in the calendar year of their death. 
The problem is measuring “the probability of dying.” Age and gender were found to be the best 
health indicators for determining this probability. However, probability of death is quite politically 
and socially unacceptable as a risk-adjuster. 
 
From the above empirical research Van de Ven et al. (1998) conclude that along with age and 
gender, the most promising risk-adjusters are: diagnostic cost groups (based on prior 
hospitalization), disability, and a regional health index (based on survey data). 
 
Multi-year Diagnostic Cost Groups 
Van de Ven et al. (1998) concluded that a major weakness was the high losses for the small group 
of persons with the highest outpatient care in the base year. They hypothesized that this group 
contains a relatively large proportion of chronically ill who have had no hospitalization in the base 
year. One way to capture this group is to look at diagnostic information related to other forms of 
prior utilization. Multi-year DCG adjusters are a new approach, wherein weights are assigned for 
upcoming years. The rationale is first, a serious hospitalization in a given year may induce 
predictability above average expenditures not only in the year directly following but possibly even 
in the years after; second, by giving higher RACPs for people hospitalized during one of the 
previous years, the probability that an insurer will receive an appropriate RACP for chronically ill 
patients is increased. 
 
Mandatory High Risk Pooling 
DCG-adjusters’ weakness is the large loss for the small proportion of high risk individuals. Under 
mandatory high risk pooling (MHRP) each insurer would be obliged to pool expenditures of a 
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specified percentage of its insured persons and to pay the pool a premium that depends only on the 
size of its portfolio. In advance of each year the insurer informs the pool which of its insured will be 
pooled that year. The group of pooled members may change every year. The major difference 
between MHRP and high-risk pools in the US are that under MHRP the pooled members pay the 
same premium as others, they have the same benefits package, and they are even unaware that their 
insurer has put them up in the pool.  
 
Van Barneveld, Van Vliet and Van de Ven (1996), therefore, analyzed a proposed MHRP system, 
wherein, each insurer would be allowed to periodically designate a small fraction of members 
whose costs would be partially pooled. Although pooling can be limited to costs above a certain 
threshold and can apply to a certain percentage of the costs involved, the MHRP system proposed 
concentrates on 100% of all costs of a pooled member. While this is the easiest variant to 
implement, a consequence is that if a pooled member’s actual costs are lower than predicted, the 
pool takes the difference. Under MHRP, before the start of each year, insurers inform the pooling 
organization, which of their members will be pooled that year. The group of pooled members may 
change every year. To finance the pool, each insurer has to pay a mandatory, flat-rate contribution 
per member. 
  
The usefulness of MHRP depends on if insurers can identify members for whom they are underpaid 
given the RACPs and regulations for additional premiums. Given an age/sex based RACP formula, 
insurers can easily do this by using claims history of their members. With MHRP for a specified 
fraction of members as a supplement to a crude RACP formula, it will become more difficult for 
insurers to select members for whom they expect to be underpaid and predictable losses will 
decrease. Therefore, given the number of pooled members, and improvement of the RACP formula 
will lead to a reduction of the monetary size of the pool. Such a reduction might signal the regulator 
that pooling can be reduced. The better the RACPs, the less need for MHRP. 
 
Van Barnevald, Van Vliet and Van de Ven (1996) study shows that without MHRP, the maximum 
predictable losses per member for the analyzed subgroups with at least 1% of the members was 
about Dfl 14,000. MHRP for 2% and 4% of the members reduced this loss by 67% and 80%, 
respectively. This implies a substantial reduction in the insurers’ incentive for cream skimming. 
 
Results show that insurers with a relatively large number of high risk members benefit most from 
MHRP. A promising variant has the percentage of members that an insurer is allowed to pool 
increase with its average loss per member - before MHRP - in a preceding year. The rationale is 
that, especially with crude RACPs, losses are caused mainly by the inability of such RACPs to 
adequately compensate for health status. The reduction of cream skimming incentives does not 
accompany reduced incentives for efficiency and cost containment, as an insurer remains at risk for 
the costs of persons with unpredictable high expenditures - which compromise the majority of all 
high costs - and the group of pooled members is small. (Van Berneveld, Van Vliet, Van de Ven, 
1996). 
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Catastrophic Risks 
By offering a benefits package including catastrophic risks, insurance companies are financed via 
risk-adjusted capitation payments (RACPs). It was previously concluded that there are two strong 
arguments to exclude some catastrophic risks from the proposed competitive health insurance 
market, at least during the implementation process of the reform. First, the prospects for a workable 
system of sufficiently refined RACPs are more favorable for non-catastrophic risks than for 
catastrophic risks. Second, even with a workable system of RACPs, the problem of quality 
skimping may be relevant for some catastrophic risks but not for non-catastrophic risks (van 
Berneveld, van Vliet, van de Ven, 1996). 
 
An improvement of the RACP formula might be found by the inclusion of some straightforward 
indicators like “being mentally or physically handicapped”. This provides a strong argument for 
having different regulatory regimes for non-catastrophic and catastrophic risks. Another strong 
reason for having different regulatory regimes is that even in the case of perfect RACPs the problem 
of quality skimping may be relevant (van Berneveld, van Vliet, van de Ven, 1996). 
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Table 1: Average Length of Stay, by Ward, Gender and Age 
 Average Length of Stay (days) 
Ward  
Surgery/orthopedics 3.7 
Ear, nose, throat, eye 2.9 
Gynecology 2.9 
Pediatrics 4.3 
Int. med/intensive care 4.7 
Heart/cardiology 5.9 
Urology 4.4 
Neurology 7.4 
  
Gender and Age  

Males  
Infants 6.8 
1-14 3.7 
15-44 4.3 
45-64 5.8 
65+ 6.9 
  
Females  
Infants 7.6 
1-14 4.1 
15-44 3.9 
45-64 5.9 
65+ 7.2 
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Table 2: Cost Weights Used to Construct Index of Medical Care Use 
Service Weight (NIS) 
  
Hospital day 1300 
Primary care physician visit 75 
Visit to specialist-community 100 
Visit to specialist-hospital clinic 450 
Nurse visit 25 
Lab test 70 
Imaging service 150 
Physiotherapy service 80 



 

 62

Table 3: People with Selected Chronic Conditions, by Survey and Age Group (Percentages) 
 1993 UHSS   1997 UHSS    1997 ES 
Condition  All 60+  All 60+  60+ 

 
Hypertension 

  
5.0 

 
29.6 

  
6.4 

 
32.6 

  
46.4 

Diabetes  1.3 13.8  2.5 11.9  19.2 
Asthma  1.9 5.2  2.6 4.7  9.5 
Heart disease  2.0 20.7      
Heart attack (mi)     2.6 12.3  19.0 
Kidney disease  0.7 2.9      
Ulcer  2.4 8.4      
Cancer     0.4 1.8  5.3 
Stroke     0.4 2.2  5.1 
Cataract        29.7 
Glaucoma     0.5 3.3  8.8 
Disk (back)     1.8 5.0  18.9 
Hip/pelvis fracture        4.8 
Alzheimers        0.8 
Parkinsons        2.2 
Osteoporosis        14.8 
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Table 4: People with Strength, Mobility, and ADL Limitations, 1997 ES (Percentages) 
Physical Condition  
Pull/push large objects  
      difficult 26.9 
      unable 34.6 
Bending  
      difficult 30.6 
      unable 31.6 
Lift 5 kg  
      difficult 25.4 
      unable 32.3 
  
Mobility  
Walk 400 meters  
      difficult 11.6 
      unable 10.7 
Climb stairs  
      difficult 10.4 
      unable 8.6 
  
Daily Activities  
Dressing  
      difficult 11.9 
      unable 4.9 
Bathing  
      difficult 11.2 
      unable 8.3 
Rise from chair  
      difficult 12.0 
      unable 3.1 
Get into/out of bed  
      difficult 11.7 
      unable 3.0 
Eating  
      difficult 4.4 
      unable 1.9 
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Table 5: Doctors Per Population and Distance to the Nearest Hospital, by Area 
Geographic Area Doctors per 1000 Distance to hospital (Km) 
Jerusalem city 7.04 1.64 
Other Jerusalem district 3.41 na 
Afula-Nazareth 3.41 4.13 
Zfat 6.00 13.54 
Kineret 3.58 8.0 
Acre 3.66 12.15 
Other north district 1.35 na 
Haifa 5.61 3.74 
Hadera 4.18 7.85 
Other Haifa district 2.32 na 
Sharon 3.73 2.74 
Petach Tikva 5.89 1.48 
Ramle 3.39 6.86 
Rehovot 4.66 0.95 
Other center district 2.20 na 
Tel Aviv 4.40 1.14 
Other Tel Aviv district 1.97 na 
Ashkelon 4.35 11.37 
Beer Sheva 5.64 10.94 
Other south district 2.32 na 
Yehuda-Shomron 0.00 16.48 
 
Note: na - not available 
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Table 6: Index of Service Use, by Age and Chronic Conditions, 1993 (in NIS) 
Age All No chronic condition Any chronic condition 
    
0-4 1796 1627 7889 
5-14 703 646 3013 
15-24 631 597 1938 
25-34 1149 1002 4769 
35-44 1632 1376 4204 
45-54 1959 1381 4270 
55-64 3412 1851 5709 
65-74 5198 3040 6816 
75+ 5998 4073 7679 
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Table 7: Age Distribution, by Health Plan and Year (Percentages) 
Health Plan and Age Group 1993 1997 
Clalit   
0-64 87.9 87.9 
65-74 7.3 7.6 
75+ 4.8 4.5 
   
Maccabi   
0-64 94.9 94.7 
65-74 3.3 3.4 
75+ 1.9 1.9 
   
Meuhedet   
0-64 95.2 95.3 
65-74 3.2 3.0 
75+ 1.6 1.7 
   
Leumit   
0-64 92.6 92.8 
65-74 4.8 4.7 
75+ 2.6 2.5 
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Table 8: People with Chronic Conditions, by Health Plan and Year (Percentages) 
 1993 1997 
Clalit   
Any chronic condition 15.7 19.6 
2+ chronic conditions 4.9 4.3 
3 common chronic conditions 9.7 11.9 
   
Maccabi   
Any chronic condition 8.5 12.6 
2+ chronic conditions 1.6 1.8 
3 common chronic conditions 5.7 6.9 
   
Meuhedet   
Any chronic condition 6.4 12.3 
2+ chronic conditions 1.9 2.0 
3 common chronic conditions 3.8 6.7 
   
Leumit   
Any chronic condition 12.0 15.1 
2+ chronic conditions 3.1 2.4 
3 common chronic conditions 7.5 9.0 
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Table 9: Means of Independent Variables, by Health Plan, 1993 UHSS (Percentages) 
Variable All Clalit Maccabi Leumit Meuhedet 
Age group      
 0-4 8.2 7.4 10.0 9.1 10.9 
 5-14 20.7 20.6 18.8 23.4 22.4 
15-24 16.6 16.2 17.7 16.4 17.2 
25-34 13.8 12.0 19.8 14.1 17.6 
35-44 13.8 13.1 15.6 15.1 14.7 
45-54 9.4 9.8 8.8 8.3 8.6 
55-64 7.5 8.8 4.3 6.1 3.8 
65-74 6.1 7.3 3.2 4.8 3.2 
75+ 3.9 4.8 1.9 2.5 1.6 

 
Chronic disease      
asthma 2.6 2.7 2.4 2.7 1.5 
diabetes 3.0 3.5 1.6 2.3 1.4 
hypertension 6.0 7.2 3.1 5.0 2.5 
heart disease 3.9 4.7 1.7 2.9 2.0 
kidney disease 0.8 1.0 0.3 0.6 0.4 
ulcer 2.4 2.8 1.5 2.4 1.0 

 
Female 49.1 49.2 48.5 48.8 49.3 
Education      
less than high school 12.4 15.2 5.1 9.2 5.5 
high school (ref)      
post high school 21.7 18.0 32.4 22.8 31.4 

 
Persons per room      
less than 1 (ref)      
1 to 2 49.6 49.6 46.6 54.7 49.8 
2 or more 9.9 11.2 4.4 12.2 7.1 

 
Recent immigrant 9.6 8.2 10.5 16.7 11.8 

 
Non Jewish religion  14.5 17.9 2.2 15.0 8.7 

 
Marital status      
married (ref)      
divorced/separated 2.5 2.5 2.3 2.3 2.3 
widow 4.5 5.3 2.3 4.1 2.1 
single 18.7 18.4 21.0 17.4 19.2 

 
Number of children      
none (ref)      
1 to 3 31.0 29.8 35.1 29.4 35.1 
4 or more 4.8 5.1 2.3 5.8 5.4 

 
Geographic district      
Tel Aviv (ref)      
Jerusalem 8.7 7.6 5.1 7.8 27.9 
North 17.0 20.6 5.9 19.8 4.8 
Haifa 13.4 14.9 11.2 8.0 11.6 
Center 23.9 24.1 24.0 22.5 23.4 
South 11.1 12.6 6.0 8.6 10.7 
Yehuda-Shomron 2.4 1.0 1.8 11.6 6.6 
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Table 10: Coefficient Estimates of Alternative Models, 1993 UHSS 
 Model 
Variable  1 2 3 4 5 6 7 
Constant  1207 1078 1950 1067 1936 2110 2040 
Age 0-4  646 691 202c 611 141c 188c 213c 
Age 5-14  -487 -434 -905 -401 -850 -1013 -885 
Age 15-24  -536 -490 -303c -430 -272c -445 -278c 
Age 35-44  463 310b 298b 361 360 329c 309b 
Age 45-54  772 265c 13c 274c 59c -112c 15c 
Age 55-64  2254 935 416b 1098 639 281c 411b 
Age 65-74  4004 1869 1303 2040 1544 1025 1307 
Age 75-99  4930 2861 2331 3355 2844 2060 2340 
Asthma   3157 3153 a A 3451 3157 
Diabetes   2076 1962 a A 1871 1963 
High blood pressure   751 725 a A 790 727 
Heart disease   5377 5406 a A 5422 5410 
Kidney disease   6821 6782 a A 7569 6773 
Ulcer   1375 1342 a A 993 1355 
Female    -79c  -105c -121c -78c 
Less than high school    69c  12c 74c 67c 
Post high school    -449  -458 -666 -442 
1-2 people per room    -352  -351 -389 -369 
2+ people per room    -320b  -316b -379b -385 
Recent immigrant    -342  -337 -295b -330 
Non Jewish religion    -316  -331 -136c -241c 
Divorce/separated    583b  512b 689 567b 
Widow    -70c  -101c 29c -82c 
Single    -563  -508 -523 -580 
1-3 children    -335  -316 -319 -323 
4+ children    -582  -559 -423c -578 
Doctor per pop        8c  
       -15b  
Distance to hospital         
Jerusalem        34c 
North        -126c 
Haifa        -286b 
Center        -171c 
South        68c 
Yehuda-Shomron        -424c 
         
ADJ R-SQ  0.046 0.091 0.093 0.11 0.113 0.095 0.093 
F-STAT   71.0 6.5 193.3 0.8 0.9 0.9 
 
Notes: 
a- replaced by age-chronic interactions; see appendix table for detailed coefficients 
b- .05<p<.1 
c- not significant, p>.10 
all other coefficients significant p<.05, unless otherwise noted  
F- statistic tests for joint significance of additional variables 
 
model 1: age dummies only 
model 2: age + chronic dummies 
model 3: age + chronic dummies + ses 
model 4: age + age/chronic interactions 
model 5: age + age/chronic interactions + ses 
model 6: age + chronic dummies + ses + geo variables (16% cases lost) 
model 7: age + chronic dummies + ses + region dummies 
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Table 11: Comparison of Estimated and Actual Age Weights 
 
Age 

Estimated 
usea 

Estimated 
capitation weightb 

Current capitation 
weight 

Ratio: current to 
estimated 

     
0-4 1853 1.02 1.20 1.18 
5-14 720 0.40 0.48 1.20 
15-24 671 0.37 0.42 1.14 
25-34 1207 0.67 0.58 0.87 
35-44 1670 0.92 0.74 0.8 
45-54 1972 1.09 1.21 1.11 
55-64 3461 1.91 1.86 0.97 
65-74 5211 2.87 2.90 1.01 
75+ 6137 3.38 3.64 1.08 
 
 
Notes: 
a- from regression coefficient 
b- ratio estimated use to grand mean of 1,813 
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Table 12: Simulations of Predicted Payment and Distributional Effects, by Health Plan 
 Modela 
 
Health Plan 

 
Age only (1) 

 
Age+chronic (2) 

Age+chronic 
Interaction (4) 

  
Predicted payment per capita (NIS) 

Clalit 1,929 1,956 1,960 
Maccabi 1,545 1,467 1,484 
Leumit 1,656 1,652 1,650 
Meuhedet 1,505 1,422 1,431 
    
 Percentage distributions 
Clalit 70.9 72.0 71.9 
Maccabi 14.3 13.6 13.7 
Leumit 8.2 8.1 8.1 
Meuhedet 6.7 6.3 6.3 

 
 
 Note: Models 1,2 and 4 from Table 10 
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Table 13: Assessment of Models’ Predictive Power, Five Random Half-Samples 
 Sample Number 
 r-squared       
Modela 1 2 3 4 5 Average full sample 
age only 0.049 0.051 0.051 0.049 0.049 0.050 0.046 
age+chronic 0.083 0.090 0.093 0.093 0.083 0.088 0.091 
age+age/chronic 
interactions 

0.111 0.113 0.120 0.153 0.115 0.122 0.111 

 age-only coefficients     
Age group        
constant 1301 1355 1275 1068 1110 1222 1207 
0-4 505 427 503 754 653 568 646 
5-14 -682 -720 -611 -479 -295 -557 -487 
15-24 -518 -625 -659 -463 -455 -544 -536 
35-44 575 508 378 873 411 549 463 
45-54 574 526 628 1012 543 657 772 
55-64 2217 2052 2129 2555 2248 2240 2254 
65-74 3857 3783 4454 5309 4131 4307 4004 
75+ 5526 5672 4925 4222 5010 5071 4930 
 mean absolute error as a percentage of average use per person 
Modela        
age only 150 148 145 148 148 148  
age+chronic 143 141 140 143 142 142  
age+age/chronic 
interactions 

144 142 142 149 138 143  

 mean profit or loss per person 
Modela        
age only -106 -59 -6 -76 125 -24.4  
age+chronic -69 -55 -35 -104 112 -30.2  
age+age/chronic 
interactions 

-75 -55 -16 -137 110 -34.6  

 
Note: a- Models 1,2 and 4 from Table 10 
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Table 13a: Average Under/Overestimate of Use, by Condition and Sample 
condition+modela 1 2 3 4 5 average 
Heart       
age only 0.52 0.52 0.48 0.5 0.57 0.520 
age+chronic 0.02 -0.05 -0.13 0.04 0.14 0.004 
High bp       
age only 0.26 0.25 0.24 0.17 0.37 0.26 
age+chronic 0.02 -0.003 -0.01 -0.13 0.18 0.01 
Kidney       
age only 3.55 3.55 3.59 0.62 3.58 2.98 
age+chronic 1.09 1.07 1.10 -0.39 1.12 0.80 
Age 65-74 - no chronic       
age only -0.67 -0.86 -1.26 -2.21 -1.41 -1.28 
age+chronic 0.01 -0.16 -0.42 -1.15 -0.6 -0.46 
Age 75+ - no chronic       
age only -0.83 -0.68 -0.66 -0.06 -0.08 -0.46 
age+chronic -0.31 -0.08 -0.07 0.41 0.23 0.04 
 
 
Note: a- models 1 and 2 from Table 10 



 

 74

Table 14: Comparison of 1993 and 1997 Models 
 Model and Year 
  1997-1 1993-1 WGTd 

1997 
WGTd 
1993a 

1997-2 1993-2 1997-3 1993-3 

Mean use NIS 1397  NIS 1497        
Variable         
Constant 1012 947 0.72 0.63 956 882 939 836 
Age 0-4 521 705 1.10 1.10 515 709 533 743 
Age 5-14 -362 -360 0.46 0.39 -355 -353 -338 -318 
Age 15-24 -349 -408 0.47 0.36 -334 -403 -329 -370 
Age 35-44 59c 347 0.77 0.86 10c 289b -59c 214c 
Age 45-54 408 692 1.01 1.09 180 431 -15c 251c 
Age 55-64 1381 1844 1.71 1.86 801 1168 331 692 
Age 65-74 2543 3450 2.54 2.93 1720 2513 1035 1562 
Age 75-99 4408 4391 3.88 3.57 3597 3666 2454 2537 
High blood 
pressure 

    1304 1516 832 632 

Diabetes     2725 2106 2074 1643 
Asthma     1985 3033 1820 2757 
Heart attack       5345  
Stroke       3002  
Disk       1547  
Glaucoma       1576  
Cancer       10426  
Heart        5026 
Kidney        6027 
Ulcer        1020 
         
ADJ. R-SQ 0.05 0.04   0.067 0.052 0.116 0.081 

Notes:  
a- Capitation weight computed from columns 1 and 2 
b- .05<p≤.10 
c- p>.10 
d- Capitation weights  
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Table 14a: Simulation of Predicted Payments and Distributional Effects, by Health Plan, 1997 
 Model 
Health Plan Age onlya Age+chronicb 
  

Predicted payment per capita (NIS) 
Clalit 1,507 1,533 
Maccabi 1,224 1,172 
Leumit 1,295 1,331 
Meuhedet 1,175 1,150 
   
 Percentage distributions 
Clalit 66.1% 67.0% 
Maccabi 18.2 17.4 
Leumit 8.1 8.2 
Meuhedet 7.6 7.4 
   

 
 
Notes: a. Table 14, col. 1. 
          b. Table 14, col. 7. 
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 Table 15: Coefficient Estimates from 1997 ES Modelsa 
Model 1 2 3 4 5 6 7 8 
         
R-square 0.006 0.073 0.050 0.052 0.094 0.093 0.063 0.102 
         
Constant 8869 6073 6684 4206 5341 4019 4447 4237 
Age 65-74 2317 1196b 926c 1612 468c 1063b 1071 640c 
Age 75 4064 1760 113c 1842 -317c 791c 375c -259c 
High blood pressure  603c   457c 308c  199c 
Heart attack  7185   6654 6537  6241 
Asthma  3223   2462 2072  1874 
Diabetes  3730   2547 2189  2134 
Stroke  11186   7492 7615  7277 
Back problem  -404c   -942c -787c  -992c 
Cataract  1023b   98c 648c  429c 
Glaucoma  644c   -1014c 61c  -816c 
Cancer  6693   6307 5927  6042 
Hip/knee replacement  2890   1547c 2212b  1901 
Alzheimer’s  -744c   -4285c -2200c  -3521c 
Parkinson’s  -323c   -106c -840c  -425c 
Osteoporosis  1939c   -525c 286c  -566c 
Pulling difficult   1629  1199c  1470b 1275 
Unable to pull   3652  2723  2802 2299 
Bending difficult   822c  582c  381c 402c 
Unable to bend   186c  95c  -367c -131c 
Lifting difficult   -174c  -217c  -504c -367c 
Unable to lift   1112c  725c  365c 238c 
Walking difficult   717c  423c  92c -189c 
Unable to walk   1756c  1623c  1398c 1402c 
Stairs difficult   2530  2359  3092 3041 
Unable to climb stairs   1931c  1353c  1070c 695c 
Dressing difficult   -849c  -368c  -596c 3c 
Unable to dress   -873c  -1251c  -1010c -989c 
Bathing difficult   3106  2151b  1704c 971c 
Unable to bathe   2254c  1470c  1772c 747c 
Rising difficult   1101c  117c  416c 805c 
Unable to get up   8050b  11106  8572b 11243 
Getting out of bed difficult   -1357c  -1932c  -1622c -2229 
Unable to get out of bed   -1261c  -5075c  -5441c -90001
Eating difficult   4210  4574  4296 4907 
Unable to feed oneself   280c  -1218c  5403c 3039c 
Good general health    2565  1513c 2106b 1214c 
General health not so good    5210  3117 3057 1468 
Poor general health    14130  9929 8912 5987 

 
Notes: 
a- Coefficient without a b or c superscript are statistically significant, p≤.05 
b- .05< p≤.10 
c- p>.10 
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Table 16: Estimates of Alternative Models, 1997 ES 
Model 1 2 3 4 5 6 7 8 9  10 
ADJ R-SQ 0.072 0.073 0.093 0.073 0.091 0.097 0.092 0.074 0.093  0.069 
Constant 6003 5812 3864 5832 4972 3977 3966 5814 3895 constant 4549 
Age 65-74 1219b 1150b 1034b       age 65-74 938c 
Age 75 1950 1885 952c       age 75 -38c 
Age 65-69    1306b 1052c 998c 1133c 1279b 1046c   
Age 70-74    1039c 477c 794c 1126c 1032c 1035c   
Age 75-79    1278c 171c 67c 688c 1295c 597c   
Age 80-84    1174c -1001c -583c 581c 1191c 441c   
Age 85+    4246 840c 913c 2762 4287 2683   
Heart attack 7395 7436 6843 7373 6705 6621 6776 7429 6837 CL02a 2065b 
Asthma 3167 3170 2014 3220 2374 1903 2087 3239 2081 CL03 4757 
Diabetes 3708 3744 2243 3749 3011 2151 2261 3812 2300 CL11 2463 
Stroke 11058 10999 7497 10921 8862 6945 7551 10919 7474 CL12 3498 
Cancer 6672 6685 5941 6693 6178 5976 5987 6718 5992 CL13 10747 
Hip/knee replacement 2686 2780 2051b 2490 1465c 1403c 1854c 2600 1941c CL14 12851 
No.other chronic  537b      64c   CL21 3142 
One other chronic  810c 308c 802c 306c 219c  790c 290c CL22 5150 
Two other chronic  1964 1402b     1931 1383 CL23 7709 
2+ other chronic    1665 200c 404c      
Three other chronic  1348c -101c     1286c -160c CL24 17699 
4+ other chronic  -1467c -4763b     -1560c -4841c CL31 5842 
1-2 limitations     726c 512c      
3-5 limitations     3311 2166      
6+ limitations     8510 5277      
Good general health   1438c   1212c 1551c  1402c CL32 8404 
General health not so good   2842   1375c 2983  2815 CL33 8711 
Poor general health   9625   6404 9611  9548 CL34 22370 
          CL451 9281 
          CL42 8130 
          CL43 11398 
          CL44 17347 
          CL52 8695 
          CL53 16780 
          CL55 20717 
Notes:  
a- CL - Chronic condition and number of limitations (see Table 17) 
b- .05<0=.10 
c- p>.10 
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Table 17: Distribution of People by Numbers of Chronic Conditions and Limitations 
(Percentages) 

Number of Chronic  Number of Limitations 
Conditions  none 1-7 8-14 15-21 
      
None  9.9 8.5 1.6 0.3 
One  10.5 12.7 2.8 1.5 
Two  4.7 12.4 4.3 1.7 
Three  2.1 8.0 3.2 1.8 
Four  0.6 3.7 2.3 1.6 
Five or more  0.2 1.7 2.2 1.8 
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Table 18: Distributional Effects of Alternative Models, 1997 Elderly Survey 
 Clalit Maccabi Meuhedet Leumit 
     
Model specificationa     
(15.1) Age only 75.3% 12.5% 4.4% 7.8% 
(15.2) Age+chronic 76.2 11.8 4.2 7.7 
(15.5) Age+chronic+ LIMS 76.8 11.5 4.1 7.6 
(15.6) Age+chronic+GHb 76.8 11.4 4.2 7.6 
(16.3) Age+REV. Chron +GHc 76.9 11.3 4.2 7.6 
(16.9) Det.agef+REV. Chron +GH 76.9 11.3 4.2 7.6 
(16.10) Age+chronic- LIM comb 76.9 11.5 3.9 7.7 
(15.8) Age+chronic+ LIMS +GHd 77.0 11.3 4.2 7.5 
(16.5) det.age+ NUMCHR +NUMLIMe 77.6 10.9 4.1 7.4 
(16.6) det. age+ NUMCHR +NUMLIM +GH 77.6 10.9 4.1 7.4 
     
 
Notes:  
a- Numbers in parentheses refer to the table and model used in the simulation 
b- GH - general health status 
c- REV. Chron - revised chronic condition variable 
d- LIMS - individual limitation variable 
e- NUMCHR+NUMLIM - number of chronic conditions and number of limitations 
f- Det. Age - detailed age categories 
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Table 19: Assessment of Models’ Predictive Power, 1997 Elderly Survey, Five Random Half- Samples 
  Sample number Average Full Sample 
  r-squared       
Model  1 2 3 4 5   
Age onlya  0.006 0.004 0.006 0.006 0.013 0.007 0.006 
Age+chronb  0.057 0.052 0.071 0.111 0.111 0.08 0.073 
Age+chron+limc  0.085 0.079 0.111 0.145 0.136 0.111 0.094 
Age+chron+lim+ghd  0.091 0.084 0.128 0.153 0.146 0.120 0.102 
Age+sum.e  0.078 0.072 0.095 0.126 0.130 0.10 0.091 
Age+sum.+ghf  0.076 0.073 0.114 0.133 0.129 0.105 0.097 
  mean absolute error as a percentage of average use per person 
Age onlya  77 77 77 75 83 77.8  
Age+chronb  74 73 74 74 79 74.8  
Age+chron+limc  70 70 70 70 76 71.2  
Age+chron+lim+ghd  68 68 68 68 74 69.2  
Age+sum.e  75 74 76 74 80 75.9  
Age+sum.+ghf  70 69 72 70 76 71.4  
  mean profit or loss per person  
Age onlya  395 186 505 1165 817 614  
Age+chronb  369 173 440 1223 711 583  
Age+chron+limc  349 337 3.2 1136 624 490  
Age+chron+lim+ghd  357 412 -85 1064 752 500  
Age+sum.e  398 266 456 1340 655 623  
Age+sum.+ghf  381 219 312 1306 657 575  
Key parameters         
Constant  3983 3820 4209 3178 3831 3804 3977 
Heart attack  4706 5194 5291 7163 6698 5810 6621 
Stroke  5435 4702 6309 6299 11205 6790 6945 
Cancer  8567 9493 7607 6614 6595 7775 5976 
3-5 limitations   2863 2677 1772 1620 2292 2245 2166 
6+ limitations  5717 6202 3488 3929 4853 4839 5277 
Poor  4575 5091 8245 4651 6571 5827 6404 
Notes:  
a- Table 15, model 1     
b- Table 15, model 2     
c- Table 15, model 5 
d- Table 15, model 8 
e- Table 16, model 5 
f- Table 16, model 6 
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Table 20: Current and Health - Adjusted Capitation Formula 
Age and Chronic  
Condition Categories 

 
Current Weights 

 
Health - Adjusted Weightsa 

   
 0-4 1.20 1.02 
 5-14 0.48 0.37 
15-24 0.42 0.34 
25-34 0.58 0.62 
35-44 0.74 0.80 
45-54 1.21 0.78 
55-64 1.86 1.16 
65-74 2.90 1.71 
75+ 3.64 2.28 
Asthma  1.83 
Diabetes  1.20 
High blood pressure  0.43 
Heart disease  3.11 
Kidney disease  3.95 
Ulcer  0.80 

 
 
Note: a- Computed from the regression coefficient in Table 10, model 2 
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Chart 1: Market Shares of Israeli Health Plans, 1994 (%) 
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Chart 2: Members Over Age 65, 1994 (%) 
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Chart 3: Average Monthly Income of Sick Fund Members, 1994 (NIS) 
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Chart 4: Current Capitation Formula: The Age Weights 
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Chart 5: Growth in Number of Members, 1991-94 (%) 
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Chart 6: Growth in Number of Members, 1994-97 (%) 
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Chart 7: Age-Adjusted Per Capita Spending, 1992 and 1996 (In 12/96 Prices) 
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Chart 8: Age-Adjusted Percentage of Members Suffering From at Least One Chronic Illness 
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