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Executive Summary

The paper, part of a series of papers commissioned by the DMAA, is designed to help answer the question 
about value of a disease management intervention. Its purpose is to provide recommendations regarding 
strategies for assessing causality of disease management (DM) programs. The recommendations are as 
follows: 

1) The DM program must explicitly state the intervention pathway. This would include thee metrics used 
to measure the actual intervention (“cause”) as well as the proximate and ultimate outcomes that are 
hypothesized to result from that intervention (“effect”).

2) The DM program metrics must be compared to metrics from an independent source, broadly defi ned 
as a “reference population.” At a minimum, this referent metric should be based on benchmark values 
from commonly accepted practice guidelines.

3) Statements that the DM program “caused” specifi c outcomes (e.g. economic, health, or satisfaction) 
must be based on investigations that have adopted study designs more rigorous than that of a post-
only study design. The evaluators of the DM program should acknowledge other factors that may have 
impacted the outcome (so called “confounding factors) and, when possible, “control” for them. In 
addition, write-ups should acknowledge the potential strengths and weaknesses of their approach.

4) It is unlikely that one study will provide defi nitive proof of the value of a specifi c DM program, thus, 
we recommend that studies be on-going, at multiple points in time, and at multiple sites. Moreover, if 
feasible, more than one kind of study design should be used.

5) Finally, all studies purporting to show the value of DM interventions should be capable of passing 
expert review such as through a submission to a peer-reviewed journal or an outcomes validation 
program. 
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The paper goes into some detail about methods available to conduct a credible analysis of DM programs. 
It begins with a discussion of importance of identifying the criteria by which the patient population is 
selected. This includes, among other issues, the need to explicitly state the differences, if any, between 
those individuals who subsequently participate compared to those who do not, both at baseline and 
follow-up periods.  

A second area of discussion revolves around the need to clearly state the path the program takes from the 
DM intervention, to the intermediate outcome, to the ultimate outcome. How exactly does a phone call, 
for example, lead to a doctor’s visit, and subsequently, to lower costs?  The paper discusses three different 
categories of metrics: Type I, II, and III. Type I metrics refer to a measurement of the actual intervention 
initiated by the DM program. Type II metrics are intermediate or proximate factors that are directly caused 
by the DM program (e.g., higher level of adherence to medication orders) and, in turn, lead to a greater 
probability of the improvement in an “ultimate” or Type III metric (e.g., fewer inpatient admissions, lower 
costs). These categories of metrics should make up the intervention pathway and the intervention pathway 
should be explicitly stated.

The remainder of the paper deals with methods of dealing with the very signifi cant issues of taking into 
account factors that could be related to the outcome in the absence of the DM program.  These include a 
discussion of mathematical adjustments to “control for” include “confounding factors” such as economic 
infl ation. Additional areas of discussion include the need to use the appropriate “test” to examine the 
“statistical signifi cance” of age differences, for example, between participants and non-participants in a 
DM program. 

Most importantly, since all “confounding variables” cannot be measured, let alone anticipated, 
sophisticated study designs that include a reference population are discussed. This reference population 
is used to better understand the trends that DM program participants would likely have had in the 
absence of a DM program. These designs differ in the methods for selecting a reference population that 
is “equivalent” to the DM population in all aspects, ideally, except the DM program.  Seventeen different 
designs are introduced, including two “Post Only” designs, three “Benchmark” Designs, three “Quasi-
Experimental” designs, one “Ecological” design, two “cross-sectional” designs, one “Case-Control” design” 
and fi ve “Follow-up” designs. Four of the fi ve follow-up designs are variations of randomized trials (either 
fi eld level or individual level). The authors state that all except the two “post only” designs can be very 
useful to better understand the effectiveness of a DM program.

The establishment of any degree of methodological sophistication will greatly enhance the reputation of 
the important and growing efforts in disease management.  This paper is far from defi nitive; it is only an 
introduction to some of the issues involved in assessing causality and value of a DM program.  We strongly 
urge the readers to consult experts in epidemiology and statistics as well as textbooks and articles on the 
methods discussed here.
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(A) INTRODUCTION

This paper is an introduction to the principles 
and methods of determining the impact – health 
(clinical and humanistic), economic, and satisfaction 
– of disease management programs. It is designed 
to be a practical and useful introduction to assist 
in conducting a credible evaluation of disease 
management programs and assessing the integrity 
of evaluation done by others. “Outcomes” are not 
enough; hypotheses that outcomes are “caused” by 
the DM program must be articulated and tested. 

“Outcomes” are not enough; hypotheses

that outcomes are “caused” by the DM

program must be articulated and tested.

Disease management (DM) programs are facing 
scrutiny from increasingly well informed and 
analytically prepared customer groups including 
managed care organizations, self-insured employers 
or government organizations. All want a credible 
answer to the ultimate question: “How well did 
the DM program work?”  Several issues need to 
be addressed to enable us to answer this question. 
First are the metrics themselves; there have been 
and continue to be numerous efforts to standardize 
clinical process and outcome metrics. The pioneering 
work of NCQA’s HEDIS metrics applied across 
numerous conditions is a case in point, measuring 
the right things in the right ways are essential 
prerequisites for assessing the effectiveness of any 
health or disease management program.  

The second issue is related to the methods used to 
determine the exact “effect” the DM operations 
have on clinical and fi nancial outcome metrics. 
If we really knew that a disease management 
program had an effect of some magnitude 
on hospitalization rates and some known 
effect on emergency department (ED) visits, 
then, by knowing the cost of a typical asthma 
hospitalization or ED visit one could easily calculate 
the exact or specifi c assessment of the fi nancial 
impact of the program. Thus, a rather precise 
determination of fi nancial outcome, for example, 

return on investment (ROI), could be determined. 

But, unless we study these programs with rigor, 
we really do not know exactly what “effect” a 
DM intervention truly has on a population of 
enrollees. Certainly, many patients improve, but to 
what extent did the DM intervention “cause” that 
improvement? After all, other external factors could 
have been partially responsible. These uncertainties 
about cause-effect are well known in the medical 
research fi eld and extraordinary thought and 
efforts have been put into designing methods and 
tools to increase the probability that decisions 
regarding resource allocation – clinical and fi nancial 
– are as accurate and ethical as possible. 

The credible assessment of the effect of DM on 
clinical, fi nancial, and other outcomes is probably 
the most important issue facing DM today. This 
document seeks to acknowledge the reality of 
doing program evaluation, i.e. causality assessment, 
in a real world setting.  We acknowledge that in 
many cases DM programs are multidimensional 
and can bring perceived value to a managed care 
organization, employer, providers, and patients 
even in the absence of a study that shows cause 
and effect. This paper, however, is only focused on 
one dimension, that is, on some of the methods 
available to measure and assess a direct relationship 
between a DM program and some desired outcome.

The central organizing theme is that the 
evaluation of disease management (DM) impact 
— the determination of causality – is impossible 
without the explicit use of a population that can 
be compared to the DM population. As will be 
discussed in the paper, this “reference population” 
can appear in numerous forms. However, in 
whatever form it appears its purpose is the same—
to provide an answer to this key question:

What would the outcome have been in the 
DM population in the absence of DM?

The metrics derived from the answers to this 
question are then evaluated against comparablecomparable
metrics that were measured in the DM population. 
Simply put, the difference between the two groups 



DMAA  |  Framework for Assessing Causality in Disease Management Programs6

is a measure of impact of the DM program. Again, 
it is not simply a measure of outcomes, but an 
estimate of the extent to which DM was, at least, 
partially responsible for causing those outcomes.

In this sense, DM program value is based upon 
a key assumption that DM population and the 
reference population(s) are equivalentequivalent, i.e., that equivalent, i.e., that equivalent
bias or confounding between the two is limited. 

Thus, there are three key principles that are 
necessary to consider when assessing causality. 

1)  A reference population (or a benchmark) must 
be used in any study involving disease 
management.

2)  The disease management population and the 
reference population must be equivalent to 
each other.

3)  The metrics methods used in the DM population 
and the reference population must be 
comparablecomparable.

Thus, there are three key principles 

that are necessary to consider when 

assessing causality. 

1)  A reference population (or a 

benchmark) must be used in any 

study involving disease management.

2)  The disease management population 

and the reference population must 

be equivalent to each other.

3)  The metrics methods used in the 

DM population and the reference 

population must be COMPARABLE.

If the populations are equivalentequivalent and metrics 
methods are comparablecomparable, then the comparison 
between the metrics in the DM population and the 
reference population may be valid and credible. 
Thus, the estimate of the difference between the 

metrics can be an estimate of program impact. Such 
a study would have what is called, high “internal 
validity.” Therefore, the results of such a study 
may then be used as a surrogate to impute the 
value of other programs, if these other programs 
are equivalent to the initial program. This latter 
concept is termed “generalizability” or “external 
validity.” 

These points about validity are graphically depicted 
in Figure 1. As can be seen, issues of equivalence and 
comparability are mirror images of each other in 
regards to internal and external validity. It should be 
noted that a study without high internal validity can 
never have high external validity. However, a study 
with high internal validity, for example, a double-
blind, crossover randomized controlled trial, may 
or may not have high external validity. The latter 
can occur, for example, if the sample size was too 
low, the study population was not representative 
of the target population (this is common in some 
randomized control trials due to their strict inclusion/
exclusion criteria) and a whole host of other factors. 
One solution to the problem of low external 
validity in studies with high internal validity is their 
replication at multiple times and in multiple places.

NOTE ON RANDOMIZED CONTROL TRIALS

From the outset, we want to address the “gold 
standard” reference population; i.e. that found 
in the classic double-blind, crossover randomized 
clinical trial (RCT). A classic RCT is the rigorous 
study of willing individuals “blindly” randomized 
to either a placebo or an intervention group.  The 
goal of this rigorous randomization and blinding 
is to create equivalence between the reference 
population and the intervention population at 
the beginning of the study and throughout the 
follow-up period. Even factors that are not known 
risk factors for certain outcomes are, theoretically, 
divided evenly between the intervention and 
reference groups. Thus, this kind of RCT — and 
there others — is the most certain method to 
achieve the goal of equivalence.  In this way, an 
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RCT is not an end in itself; it is a means to an end, 
the end being equivalence. 

Thus, this kind of RCT — and there 
others — is the most certain method 
to achieve the goal of equivalence.  In 
this way, an RCT is not an end in itself; 
it is a means to an end, the end being 
equivalence. 

The classic double-blind, crossover randomized 
trial in DM, or any community-based situation for 
that matter, requires the extremely diffi cult task 
of isolating the DM component(s) in the group 
of individuals randomized to the intervention 
group from infl uencing the group of individuals 
randomized to the control or reference group 
in the follow-up period.  The lack of isolation 
may be a threat to equivalency and therefore 
may bias the results. This can occur, for example, 
when the reference group adopts some or all 
elements of the DM intervention. The assumption 
of equivalence should be addressed at both the 
beginning of an evaluation and at the end. Thus, 
even if equivalence is achieved at the beginning 
of a study between the intervention and reference 
populations there is no guarantee that equivalence 
will occur throughout a follow-up period..

That is not to say that “randomization” cannot 
be used in DM, in fact, as will be seen below the 
technique of randomization of individuals without 
blinding1, random allocation of providers2 or 
hospitals3 over time can be done successfully using 
the general characteristics of the follow-up designs. 
We recommend that randomization be used when 
possible and ethical. However, RCTs are neither 
necessary, nor suffi cient for a credible assessment 
of causality.

RCTs are neither necessary, nor 
suffi cient for a credible assessment 
of causality.

There are also very powerful designs that do 
not use any form of random allocation that can 
be very successful in establishing causality. The 
seminal work, for example, showing a causal 
relationship between smoking and lung cancer is 
a prime example of determining causality in an 
observational setting. Indeed, many factors that 
are thought to be independent risk factors for 
disease, such as neighborhood or family-level social 
support, are virtually impossible to subject to a 
randomized control trial and must be studied using 
observational designs. These designs are “weaker” 
in terms of internal validity from the double blind, 
crossover RCT, but much more realistic in a fi eld 
setting. Bias is in issue in all kinds of studies in 
observational studies and must be dealt with in 
either the selection or analysis stages.

There are also very powerful 

designs that do not use any form of 

random allocation that can be very 

successful in establishing causality. 

The seminal work, for example, 

showing a causal relationship between 

smoking and lung cancer is a prime 

example of determining causality 

in an observational setting. Indeed, 

many factors that are thought to be 

independent risk factors for disease, 

such as neighborhood or family-

level social support, are virtually 

impossible to subject to a randomized 

control trial and must be studied 

using observational designs. These 

designs are “weaker” 

The science of epidemiology is built around these 
kinds of designs as they apply to the health care 
setting.  Thus, the discipline of both authors – 
epidemiology — is very well suited to help evaluate 
the impact of DM in real world settings.
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(B) DM PROGRAM COMPONENTS

One rule of epidemiology is to be precise in the 
defi nition of what is being studied. We start with the 
defi nition of Disease Management from the Disease 
Management Association of America (DMAA): 

 “Disease Management is a system of 
coordinated healthcare interventions and 
communications for populations with 
conditions in which patient self-care efforts are 
signifi cant. Disease management: supports the 
physician or practitioner/patient relationship 
and plan of care, emphasizes prevention of 
exacerbations and complications utilizing 
evidence-based practice guidelines and patient 
empowerment strategies, and evaluates clinical, 
humanistic, and economic outcomes on a going 
basis with the goal of improving overall health. 
Disease Management components include: 

[1] Population Identifi cation processes.

[2] Evidence-based practice guidelines.

[3] Collaborative practice models to include 
physician and support-service providers.

[4] Patient self-management education (may 
include primary prevention, behavior 
modifi cation programs, and compliance/
surveillance).

[5] Process and outcomes measurement, 
evaluation, and management.

[6] Routine reporting/feedback loop (may include 
communication with patient, physician, health 
plan and ancillary providers, and practice 
profi ling.

 Full Service Disease Management Programs 
must include all six components. Programs 
consisting of fewer components are Disease 
Management Support Services.”4

It is important to recognize that measurement 

and evaluation (Component #5) is part and parcel 
of this DM defi nition. The entire industry must be 
commended for following the recommendations of 
clinical experts by “building measurement and data 
collection” into practice.5  Moreover, we appreciate 
the precision of this defi nition and have translated 
it into a “causal pathway” schematic that can 
help us organize our thinking to scientifi cally test 
the ideas of DM program impact. As can be seen 
in Figure 2, components #2 and #6 are the prime 
intervention agents, components #3 and #4 are the 
recipients of the intervention; components #1 and 
especially #5 are the primary topics of this paper.

Programs that have one, a few, or all of these 
components will be considered part of the 
operational defi nition of DM for this paper. Indeed, 
the fact that only one intervention component has 
been implemented on patients but not providers, 
for example, or that one sub-component is done 
in one population and not another, allows for very 
innovative and credible evaluation of DM impact. 
In addition, components not explicitly mentioned 
in the defi nition could be evaluated. For example, 
it has been suggested in the DM literature1 (and 
is well known in other circles6) that the impact 
of DM could be due, in part, to the psycho-social 
support the telephone callers are providing to 
the participants. Studies could be developed to 
evaluate this or other independent risk factors 
for DM outcomes using one of the study designs 
discussed later in this paper. 

(C) POPULATION/PATIENT SELECTION

It is important to note that populations are 
made up of individuals and the criteria by which 
individuals are selected into the population are 
critical to the success of a credible evaluation. 
One must be explicit as to the criteria that was 
used to select patients for the DM program as 
the same criteria can be used to select (or fi nd) 
patient populations to be used for a reference 
population(s).  
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These criteria can be based on factors that 
are defi ned by the DM program leaders or by 
others. An example of the latter is referrals from 
community physicians. Of course, they can also 
be based on factors that are defi ned by those in 
control of the DM program. These criteria could 
then be made available to community physicians by 
the DM program. These would then be used to help 
determine who would be invited to a DM program. 
Better (at least from an evaluation perspective) is 
some standardized algorithm applied equally to 
all potential participants. This standard algorithm 
can be based, for example, on results of a medical-
based survey (e.g. Health Risk Assessment data) 
or on software rules applied to health insurance 
claims data. 

The latter can be very simple or complex. One 
simple example is the identifi cation of an individual 
based upon their reaching some high cost threshold. 
Such a model would be based upon the assumption 
that today’s high cost individuals are tomorrow’s 
high cost individuals, an assumption that may not 
be robust.7  Another example is the identifi cation 
of individuals and subsequent invitation to a 
DM program if they have a certain diagnosis, 
medication use, inpatient admission use, etc. So 
called “predictive modeling” algorithms are the 
state-of-the-art in this kind of patient identifi cation.  
These use historical or concurrent data on diagnostic 
and other criteria (e.g. age, gender) to generate 
statistically derived “weights” that are related to 
high cost cases in the future. These weights are 
then applied to individuals in new populations to 
estimate an individual’s risk of becoming a high cost 
case or a case with an exceptionally high disease 
burden in the future. 8,9,10

Figure 3 is a graphic depiction of equivalence.11 It 
is essential to compare signifi cant “risk factors” in 
the DM population to the same risk factors in the 
selected reference population. The more explicit 
the criteria for population defi nition, the easier it 
is to create (or fi nd) an equivalent population for 
which to compare the metrics. For example, the 
internal validity of predictive modeling algorithms 
is based upon several assumptions, one of them 
being that the new population is equivalent to the 

population from which the weights were derived. 
Another important assumption is that the statistical 
model being “fi t” was appropriate for the data. 
This assumption should be subjected to rigorous 
statistical tests.

A signifi cant bias could result from patients who 
meet the criteria but refuse to participate in the 
DM program, or decide to opt-out of the program. 
Once patients are selected by some criteria, 
the percent of selected patients that agree to 
participate (opt-in vs. opt out) should be reported.  
Also – again related to the reference group issue 
– an assessment of the differences/similarities of 
selected patients that participate vs. those that 
do not participate (also called “non-response” or 
“refusal bias”) must be conducted.  To examine this 
one could compare general characteristics (e.g. age, 
sex, risk factors, claims costs, etc.) of participants to 
non-participants in either a claims data set or by 
selecting a random sample of non-respondents to 
assess this non-response bias. Alternatively, one 
could adjust for differences, for example, using 
direct standardization of other more sophisticated 
statistical tools that are briefl y discussed later. 

There is one key issue that will be discussed at 
this juncture as it is directly related to selection of 
participants for a DM program: Regression-to-the-
mean (RTM). RTM can cause extreme bias, a bias 
that is likely more common in certain selection 
strategies (e.g., selection of the high cost patients) 
than in other selection strategies (e.g. selection of 
the entire population with a certain diagnosis).  

Here is a conceptual example of how RTM works. 
Say you toss a 6-sided die and you roll a “6” on 
your initial roll; the probability that you will roll 
something less than “6” on the next roll is 5/6 or 
83%. Similarly if you roll a “1” on the fi rst roll, 
the probability that on the next roll you will roll 
something greater than a “1” is 5/6 or 83%. These 
are all examples of regression-to-the-mean, a 
phenomenon technically related to randomness. 
The key is to be aware of the natural tendency of 
a population to change over time (e.g., in this case 
the population is a 6 sided die) before one makes 
a judgment that more than 80% of the “6s,” so 
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to speak, improved because of your intervention. 
To put it another way, they would regress to the 
mean, the mean or average in this cases being 3/6. 

In health care, the “6s” are equivalent to the 
highest cost (i.e., top 18%) of patients in a 
population. Thus, if random fl uctuations were 
totally responsible for changes over time we would 
expect that these “Health Care 6s,” so to speak, 
would regress to some mean just like multiple 
throws of the die regress to the average. To put 
it another way, if we chose a threshold value of 
“6”, and we then selected only the die (or patients) 
that were “6s” the fi rst time around 100% of the 
population, by defi nition, would be “6s.” The next 
time we measured these die (patients), only 18% 
(plus or minus some margin of error) would be “6s.”

In health care, results from a population that was a 
non-representative sample (including that chosen 
by referral, predictive modeling, convenience 
sample) will most likely be subjected to regression-
to-the-mean, and therefore, misinterpretation, if 
the sample was biased toward individuals at the 
high (or low) end of a distribution. For example, 
sub-groups formed from a stratifi cation algorithm 
into high, medium, and low risk based upon current 
or prior utilization are subject to RTM. This is most 
evident when the extreme cases are chosen because 
they are extreme. For example, a study presented 
to the AAHP Building Bridges Conference in 2002 
showed dramatic change in six separate conditions 
from the sub-set of the population with the highest 
costs in the fi rst 30 day time segment compared 
to interval between day 31 and day 60.12 Figure 4 
graphically depicts this change. These examples are 
comparable to the second “die” example discussed 
above, a threshold value was selected and the 
percent of individuals above that threshold was 
measured in two time segments. The fi rst measure 
per condition is, by defi nition, always 100%. The 
second, which varies by condition, “regresses to 
the mean.”

It is important to understand that changes seen 
over time in populations could be due to either the 
random effect of “regression-to-the-mean” or non-
random effects. These latter changes are technically 

not regression-to-the-mean. Obviously, there 
are “natural,” non-random impacts on sickness. 
Indeed understanding and treating these non-
random effects are the reason we have a health 
care system.13 An important future question in 
DM would be to separate out classic RTM (random 
error) from changes over time due to the natural 
history of disease and medical interventions.

(D) METRICS

Metrics can be used to measure many things; 
however, in a causal sense we need to be explicit 
about the different kinds of metrics and where they 
fi t in an intervention or causal pathway. We have 
already discussed population risk factor metrics (e.g. 
age, sex, etc.). These are used to help understand 
the equivalence between the DM population and 
the reference population, between the DM “opt-
ins” and the DM “opt-outs,” for example. 

Many important efforts are being made to 
standardize metrics in managed care organizations 
(e.g., HEDIS) 14 and specifi c to certain diseases 
(e.g., American Diabetes Association). These 
laudable efforts are not the subject of this paper.  
From the perspective of determining causality 
what is important is that the metric chosen must 
be calculated correctly and stated precisely. For 
example, any kind of population-level standard 
metric should specify the time period in which it 
was conducted: “X people out of X+Y people with 
diabetes in the year 2002 had an admission to an 
inpatient facility in a certain geographic area” is 
one example of a precise defi nition.

Some numeric measures, for example those used as 
codes for variables (e.g. ICD-9 diagnostic codes), are 
“nominal” and obviously should not be summed 
up or averaged. Other numeric measures, e.g. 
claims dollars, likely have what is called a skewed 
distribution. One way to determine the skewness 
of a distribution is to compare the average with the 
level of the 50th percentile, also called the median.  
If these two numbers are not in close agreement 
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— a very common occurrence in health care 
economic data – the distribution is likely skewed 
and could lead to misinterpretation if averages 
alone are used. As an example, one may report 
that the average monthly cost of a congestive 
heart failure (CHF) patient is $1,000, while the 50th

percentile level is $450. If we were unaware of the 
skewness of the distribution, we may conclude that 
a representative group of people randomly chosen 
from the CHF population would have an average 
cost of $1,000, when in fact, that likely would not 
be the case. In a skewed distribution the average is 
very much infl uenced by a very small percentage of 
the population that were outliers with cost values 
above, for example, $500,000. By removing these 
outliers, we fi nd that the average is only $500, a 
number closer to the median. Thus, in cases like 
this the median or some other percentile level 
may provide a more accurate picture of a 
population’s economic profi le and is used in 
well-done research studies.15

Alternatively, sophisticated methods are available 
to “transform” skewed data into distributions that 
are not skewed: The simplest is to select a “cut-off” 
point in the distribution and assign a “yes” to those 
individuals above this cut-off point and “no” to 
those at or below it. With this “dichotomization,” 
a simple proportion (or percentage) can be 
calculated as a summary measure that will not 
suffer from skewness. This could be expanded 
to multiple cut-off points (this is often done 
when viewing distributions of age groups). Other 
more sophisticated methods are available (e.g., 
logarithmic transformations), however, and experts 
should be consulted prior to conducting these 
transformations.

One more issue that is very important in the 
reporting of summary measures is related to the 
extent to which individuals in the population vary 
from each other. This variation is a key component 
of any method to test statistical signifi cance. It can 
be easily calculated in a simple proportion without 
having access to person-level data, but to calculate 
standard deviations from averages requires 
individual level data. 

Assuming metrics are measured correctly and stated 
precisely, from the perspective of the evaluation 
of a program, it is very important to ensure (or 
validate) that they are measured the same way in 
both the DM and the reference population. This 
concept of comparability is depicted in Figure 5. 
This fi gure also introduces the terminology we 
will use throughout the paper regarding the three 
metrics types.

We defi ne these metric types separately to help 
differentiate where each lies along the intervention 
or causal pathway. 

“Type I” metrics are essentially measures of the 
operation of the DM program. These “program 
process metrics” gauge “What was done?” These 
could include the number of patients enrolled, the 
number of attempted phone calls and completed 
phone calls, the questions that were asked during 
the interview, the number of guidelines sent to 
providers, the number of feedback reports sent to 
providers, and so forth. 

“Type I” metrics are essentially 

measures of the operation of the DM 

program. These “program process 

metrics” gauge “What was done?” 

A “Type II” metric is the proximate reaction or 
response that the patient or provider has to 
the intervention captured by a Type I metric. 
These “proximate outcome” metrics can also be 
a more formal intermediate outcome that may 
be an early indicator of the success of the DM 
program. Examples of these proximate outcomes 
include the measures showing the extent to 
which a patient actually received a recommended 
screening procedure, another would be based upon 
adherence to a medication regimen. In a congestive 
heart failure program, for example, it might be the 
frequency with which a patient weighed himself 
or herself on a daily basis, in a diabetes 
management program it might be the frequency 
with which a self-test of blood glucose was 
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conducted. In essence, a Type II metric is the thing 
which changed which then in turn caused a change 
in the Type III metric.

A “Type II” metric is the proximate 

reaction or response that the patient 

or provider has to the intervention 

captured by a Type I metric. These 

“proximate outcome” metrics can also 

be a more formal intermediate outcome 

that may be an early indicator of the 

success of the DM program. 

“Type III” metrics or ultimate outcome metrics are 
measures of the principle goals of a DM program. 
We have divided these kinds of metrics into three 
broad categories: Health (both clinical and quality 
of life), Economic, and Satisfaction.

“Type III” metrics or ultimate outcome 

metrics are measures of the principle 

goals of a DM program. We have divided 

these kinds of metrics into three 

broad categories: Health (both clinical 

and quality of life), Economic, and 

Satisfaction.

A Type III health metric, again including both 
clinical and quality of life issues, is a very broad 
category and is based on the defi nition of health 
that the World Health Organization proposed in 
1978 in the famous Alma-Ata Declaration:

The [Alma-Ata] Conference strongly affi rms 
that health, which is a state of complete 
physical, mental, and social well-being, and 
not merely the absence of disease or infi rmity, 
is a fundamental human right and that the 
attainment of the highest possible level of 
health is a most important world-wide social 

goal whose realization requires the action 
of many other social and economic sectors in 
addition to the health sector. 16

Thus, in this sense, the broad term health includes 
both clinical and humanistic outcomes. Examples 
of the former are the actual HbA1c level assessed 
during a screening for diabetics or the results 
of a blood pressure test or lipid profi le for 
cardiovascular patients. Numerous other clinical 
metrics are Type III metrics if they are the ultimate 
target of the DM program; they might include 
tumor size, low birth weight babies, incident 
events such as a heart attack or a fall in a nursing 
home, mortality, new co-morbidities, and so 
forth. Examples of humanistic” outcomes included 
functional status, general health-related quality 
of life measures, for example the SF-36 or SF-12 
questionnaire,17 years of life gained18, disability-
adjusted life years (DALYs)19, and quality-adjusted 
life years (QALYs).  QALYs are of special interest as 
they combine mortality related measures (years of 
life gained) and morbidity measures (quality during 
those years of life gained) into one measure. These 
metrics are “a measure of health outcome which 
assigns to each period of time a weight, usually 
ranging from 0 to 1, corresponding to the health-
related quality of life during that period, where a 
weight of 1 corresponds to optimal health, and a 
weight of 0 corresponds to a health state judged 
equivalent to death; these are then aggregated 
across time periods.”20 Proponents argue that 
QALYs can be used to help allocate limited heath 
resources in a rational way, however, it must be 
said, they are not without controversy.21 They have 
been used to assess the value of primary prevention 
in diabetes.22 In addition, the value of medical 
management, for example, in asthma 23 and 
multiple sclerosis24 have been assessed using QALYs.  
We are aware of several groups in the United 
States working to incorporate QALYs into everyday 
population health policy.  Thus, we recommend 
that DM leaders work with experts in developing 
health related quality of life measures, like QALYs, 
and wherever possible to incorporate QALYs into 
DM programs evaluations.

Type III metrics representing economic factors 
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include raw fi nancial information or standard 
utilization data and would include, for example, 
total claims costs during a specifi ed time period, 
number of inpatient admissions during a specifi ed 
time period, return-on-investments metrics, market 
share and so forth. 

The satisfaction Type III metrics are based on the 
results of provider and/or patient satisfaction 
surveys. 25

The Disease Management Association of America 
is very explicit about the need to base any 
DM program intervention on evidence-based 
guidelines. Thus, every attempt should be made 
to include some of the standard metrics that are 
specifi c to the disease of interest. These metrics, 
listed in standard guidelines such as the American 
Diabetic Association (ADA) 26 or the National 
Heart Lung Blood Institute (NHLBI) standards for 
asthma27 should be consulted. We strongly stand 
with the DMAA, that these standard metrics, 
Type II and Type III in our parlance, are always 
monitored in DM programs. This should occur 
even in the absence of a specifi c study to assess 
“cause” and “effect.” These metrics can be part of 
the surveillance effort for quality assurance and 
quality improvement. The classic work of Berwick’s 
Institute of Health Care Improvement is worth 
reviewing in this light.28

As a concluding thought, metrics by themselves are 
not directly related to cause and effect, however, if 
they are compiled incorrectly or otherwise invalid, 
they will undermine any determination of cause-
effect in a formal study.

As a concluding thought, metrics by 

themselves are not directly related 

to cause and effect, however, if they 

are compiled incorrectly or otherwise 

invalid, they will undermine any 

determination of cause-effect in a 

formal study.

(E)  INTERVENTION OR CAUSAL PATHWAY

To evaluate causality in a DM program, it is 
important to clearly spell out the causal pathway. 
Using the nomenclature introduced above, a typical 
hypothesis would be that a Type I metric (DM 
program based on evidence-based guidelines and 
feedback mechanisms to providers and patients) 
leads to a Type II metric (proximate outcome) which 
leads to a Type III metric (ultimate outcome). Thus, 
the hypothesis would be in this form depicted in 
Figure 6.

If we take “components” directly from the DM 
defi nition, we see four basic hypotheses that could 
be tested in a DM program. These hypotheses 
all start with the DM program but arrive at the 
outcome through different “components.” 

The four types are as follows: 

1) DM (Level I) –> Patient –> Patient-based 
outcome (Level II & III: Health, Economic and/or 
Satisfaction).

2) DM (Level I) –> Patient –> Provider – > Patient 
–> Patient-based outcome (Level II & III: Health, 
Economic and/or Satisfaction (e.g. where 
patient informs doctor of symptoms, new 
drugs available, etc., which leads to patient 
behavioral change).

3) DM (Level I) –> Provider –> Patient –> Patient-
based outcome (Level II & III: Health, Economic 
and/or Satisfaction).

4) DM (Level I) –> Provider (Level III: Satisfaction).

Although a “full service” DM program to include 
both patient and provider interventions is ideal, 
it is possible that in certain circumstances both 
components will not have been implemented. From 
the perspective of an evaluation this incomplete 
rollout in a certain market could be very valuable. 
It is akin to a “natural experiment” and this 
population can serve as a reference population for 
the markets where there was complete rollout. So, 
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an understanding of the different ways your DM 
program “hypothetically” reaches desired outcomes 
could be a huge advantage when evaluating impact 
of one or more components or sub-components.

From the perspective of the patient or the purchaser, 
“value” does not necessarily hinge completely on 
the causal determination from these studies. In 
many cases, the existence of a program at all is 
valuable enough to argue for its continuation, thus 
a Type I metric by itself showing that phone calls 
were made may be suffi cient, at least initially, to a 
customer. Similarly, a description of a HEDIS metric 
improving each year (a Type II or Type III metric) 
may be enough to justify a DM program.  That said, 
we believe the long-term viability of a DM program 
will hinge on its ability to suggest “causation.” Any 
analysis of return on investment (ROI), for example, 
should take these concepts of equivalence and 
comparability very seriously or outcome measures 
like ROI will be inaccurate. Indeed, the very existence 
of a paper broadly addressing causality specifi c to 
DM is testimony to the need in population-based 
health care to move toward that ultimate goal. The 
remainder of this paper is focused on that task.

That said, we believe the long-term 

viability of a DM program will hinge on 

its ability to suggest “causation.” Any 

analysis of return on investment (ROI), 

for example, should take these concepts 

of equivalence and comparability very 

seriously or outcome measures like ROI 

will be inaccurate. 

(F) BIAS/CONFOUNDING POTENTIAL

What exactly is bias? Simply stated, it is non-
equivalence between reference and intervention 
population on risk factors or non-comparability in 

metric methods. In the language of evaluation, bias 
is a “threat” to the internal validity of the study. 
This bias can take many forms including selection 
bias, random error bias, and confounding.

Without any comparison to a reference population, 
the “interpretation” of the outcome metrics 
collected to the DM program implemented is more 
and more diffi cult as you go from Type I, Type II, 
and Type III. Not surprisingly, the control the DM 
program managers will decline incrementally as 
one moves down the causal pathway from Type I 
to Type II to Type III metrics, while at the same time 
the degree of potential bias will likely increase.

Metric Type: Type I Type II Type III

Level of Direct
     Control by DM High Middle Low

Level of 
    Potential Bias Low Middle High

Factors that can vary between the reference group 
and the intervention group include:

1. Economic Factors
One solution to this problem is to adjust economic 
variables (e.g., claims payments) for general 
infl ation, based upon a special kind of external 
“reference population,” i.e., the Bureau of Labor 
Statistics. This may not adjust perfectly as infl ation 
could be “disease-specifi c” or could be different in 
one region compared to another. Other economic 
factors to be considered include a restating of all 
future costs and saving in terms of their “present 
value.” 20 We recommend consulting an expert in 
economics or fi nance to help “adjust” for these 
economic factors.

2. Statistical issues (random error)
“Statistical signifi cance” can be dealt with using 
statistical inferential techniques, available in any 
statistics textbook.29  It should be cautioned that a 
“statistically signifi cant p-value” is not related to 
causality by itself, it must be interpreted within the 
framework of the selected study design and other 
biases (i.e., other than random error or “precision” 
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which it is designed to deal with) that will likely be 
found in any study. In addition, different kinds of 
statistical tests are designed from different kinds 
of data (for example, a t-test should not be used 
on data that is highly skewed). We recommend 
consulting an expert in epidemiology or statistics to 
ensure the use of an appropriate statistical test and 
its interpretation.

3. Lost to follow-up
The Consolidated Standards of Reporting Trials 
(CONSORT) check list30 used in scientifi c medical 
research recommends the all trials follow, among 
other things, intent-to-treat methodology. This 
means that all individuals enrolled at the beginning 
in the trial must be accounted for in the evaluation 
at the end of the trial.  Even in randomized control 
trials, this principle is not always followed.31

From the perspective of DM, this means that all 
individuals selected for possible inclusion in the 
program, including those who agreed to participate 
but were later lost-to-follow-up need to be 
accounted for. Patients who met entrance criteria 
but are not longer participating in the program 
in the follow-up period can be a very challenging 
issue from an evaluation perspective. The initial 
approach is to determine if these patients were 
substantially different from those remaining in 
the program. Lost to follow-up could be due to a 
change in doctors, moving away, changing health 
insurance companies, changing doctors, dropping 
out for no known reason, becoming too ill to be 
in DM and being admitted to a nursing homes or 
a hospice, lack of motivation on the part of the 
patient, and mortality.

Some of the comparative analysis introduced in 
section B (population selection) may be useful to 
determine if those lost-to-follow-up were different 
than those who remained in the program. If the 
two groups were different in the aggregate, 
methods are available to “adjust” for this problem. 
A few are introduced below.

4. Confounding and Methods to Deal with Non-
Equivalence
One of the major questions encountered in 
evaluating DM programs is what is the residual 

program effect when we take into account 
something else that might have infl uenced the 
outcome. Something else may include plan-specifi c 
issues (e.g., benefi t changes, contracting changes, 
membership changes); disease-specifi c issues: 
(e.g., new technologies, results of new studies, 
natural course of disease); or patient-level issues: 
(e.g. independent risk factors for the outcome, 
co-morbidity or age). Statisticians have phrases 
for these including “stratifying to examine 
the infl uence of something, “ “controlling for 
something,” or “adjusting for something. “

What do we really mean, for example, when we 
“control for age” in the comparison of the effects 
of a program on two groups who differed in their 
age patterns? Simply this: if two groups had the 
same age patterns, what would be the difference in 
the effect of the program (less, the same, greater)? 
And that’s exactly what a statistical control does: 
it gives us the effect of a predictor (program 
participation) with at least one other predictor (for 
example, member’s age) held constant. 

Some researchers also would call age a confounding 
variable or a confounder in examining the 
relationship between participation in the program 
and an outcome effect that is being compared.  
No matter what statistical adjustments are done 
the issue of time ordering (did the difference in 
the groups occur before or after the DM program 
intervention?) will limit your ability to say that a 
causal impact occurred from participation in the 
DM program. With this caveat in mind, how can we 
seek to take age into account and make a more fair 
comparison?  Methods to make adjustments include, 
but are not limited to, stratifi cation, standardization, 
multivariate modeling, and matching. 

 Stratifi cation: This involves comparing the 
program effect on people, for example, of the 
same age categories in each group. Statistical 
tests can be used to determine if the differences 
between the groups in each category are not 
likely to be due to chance. 
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 Standardization: Rates, proportions, or 
averages (means) can be calculated that take 
into account the effects that might occur 
due to the differences in ages of members 
in the two groups.  For example, the “direct 
standardization” uses an outside population’s 
distribution (e.g., for the United States) to 
remove misleading results due to uneven 
distribution of certain demographic factors 
among populations being compared. Other 
methods are available as well; for instance, age 
and/or sex distribution factors are commonly 
adjusted using statistical modeling when doing 
rate comparison. 

 Multivariate Modeling: If more than one 
confounding variable is of concern in making 
the comparison between the groups, then 
multivariate modeling (or stratifi ed analysis) 
can be used to seek to control for the effects of 
variables. Statistical tests can again be used to 
determine if the participation in the program 
had an effect not due to chance after other 
factors have been statistically taken 
into account.

 Matching: One or more confounding variables 
can be matched when comparing the two 
groups.  For example, when comparing the DM 
program effect, the difference in the program 
between members who got the program to 
members not getting the program who were 
individually matched to have the same age and 
gender could be compared. Age and gender 
would not be variables confounding this 
comparison of program effect if this matching 
was done. 

The technical methods, tools, and the assumptions 
necessary to legitimately conduct these quantitative 
adjustments are far beyond the scope of this paper. 
A good introductory biostatistics or epidemiology 
text should be consulted.32  We strongly 
recommend seeking the advice of an expert in 
quantitative methods in the health care fi eld, for 
example, a biostatistician or an epidemiologist 
when planning an evaluation study and before 
conducting these analyses.

(G)STUDY DESIGNS FOR DM

In this section we will introduce the seven different 
study design categories (numbered with roman 
numerals I—VII). Each category includes one or 
more study designs. In total, seventeen separate 
designs are discussed. This list of seventeen 
is only introductory; it is not by any means a 
comprehensive list of study designs available to 
DM. The framework is in outline form and will 
easily allow for the addition of other pertinent 
study designs in the future. Figure 7 is a conceptual 
summary of the general issues we have been 
discussing throughout this paper. It highlights 
that comparable metric methods between the 
DM population and the reference population are 
needed.  To assess impact (or effect) we need to 
examine the difference between these metrics 
– while at the same time taking into account the 
potential impact of alternative “causes” of the 
outcome. The test of the hypothesis that DM has 
impact can be accomplished by the use of credible 
study designs.

Table 1 lists the seventeen different study designs. 
It summarizes the components of the designs 
using three categories: the Reference Population 
(patient as their own control, DM exposure 
variation, no exposure to DM, and benchmark), 
Random Allocation (Yes or No), and the Unit of 
Measurement (Group or Individual), and Examples.  
In this table, we have included a limited number 
of article or book references (based upon a 
computerized search among the journals in Index 
Medicas using the term “disease management” and 
“cost”) and/or references to books that discuss the 
details of some of the methods.  These references 
are not comprehensive by any means. We strongly 
recommend that a follow-up article with the 
explicit purpose of cataloging a comprehensive list 
of published and non-published articles that have 
used one of the 17 study designs outlined here.

In all cases, the internal validity of these designs 
is dependent on the equivalence of the two 
(or more populations) and comparability of the 
metric methods used. The issue of equivalence 
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and comparability must be addressed whenever 
these designs are adopted. We cannot state with 
any degree of certainty which is better in all 
circumstances.  In general, the level of credibility 
has to do with them level of control (in design or 
evaluation) that the evaluation team has over the 
intervention as well as all other factors which could 
independently impact outcome (i.e. confounding 
factors).  

As these study design are introduced, we will 
illustrate each based upon a case study of a “real 
world” (but simulated) congestive heart failure 
program. These examples will appear in TEXT 
BOXES for all the 17 study designs.

I. Post-Test Studies
These are the simplest kind of study and the type 
we would generally not recommend because there 
is no explicit reference group. These studies are 
often termed “Post only” as patients are treated, 
managed and observed over time. Patients could 
be measured at one point in time or at multiple 
points in time. They can be “high risk” strategy 
(I.1 in Table 1) or a “population” strategy (1.2 in 
Table 1).33 One important difference between these 
two strategies is that regression-to-the-mean is 
much diminished in a population strategy when 
compared to a high-risk strategy. Of course, the 
panel of patients enrolled in these kinds of studies 
can be compared to a reference population. By 
doing so, the investigation would advance from 
this category to a Benchmark or other design, 
something we highly recommend.

In the history of medicine, post-only studies were 
very common and can bring great value in some 
circumstances. For example, think of a trauma unit 
at a ski resort that treats fractured bones. Most 
people would not subject those injured skiers to 
any kind of study except post-only. However, that 
said, when studying chronic diseases, the cause-
effect relationship is not as clear-cut as the impact 
of a doctor successfully setting a broken femur. 

II. Benchmark Studies
In these studies the participants in a DM program 
and their Type II or Type III results are compared to 

a benchmark population from secondary literature. 
We have differentiated these benchmark studies 
into three sub-categories. 

“II.1”. National/Regional Benchmark: In this 
design the patient panel results are compared 
to a national or regional benchmark (e.g. HEDIS 
measures, SF12 metrics, ADA guidelines for 
diabetes, or the NHLBI guidelines for Asthma cited 
earlier).

“II.2”. Peer-reviewed study as benchmark: In this 
design, the patient panel results are compared to 
the more rigorous results from a peer-reviewed 
experimental or observational study. 

“II.3” Statistical Prediction as benchmark: In this 
design the patients are selected based upon their 
“probability” of being high cost in a future time 
period. Moreover, a prediction of the estimated 
costs can be made prospectively and compared to 
the actual results.

The credibility of these designs in assessing causality 
is dependent on “external validity” of the reference 
population, i.e., the equivalence between the DM 
population and the reference population and the 
comparability of the metric methods between the 
two groups. 

III. Quasi-Experimental
Quasi-experimental designs are studies that 
have some allocation of an “exposure” but this 
allocation is not based upon a randomization 
scheme. We cite three examples of quasi-
experimental studies: 

 “III.1” The Pre-Post Study: This is where the DM 
intervention occurs at the beginning of the 
“Post” period. The reference group often 
becomes the time period of the same patients 
prior to this enrollment (but it could be the 
entire population in the pre period, even if they 
were not enrolled in the post period); thus, 
in its most common form, this design has the 
“patient as their own control.”  The validity of 
this kind of study, all other things being equal, 
is totally dependent on the correctness of the 
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assumption that the experience in the “before” 
period is a good predictor of the experience 
of the population in the “after” period. If 
that assumption is true, the differences in the 
results observed during the “after” period 
compared to the results “predicted” from the 
“before” period are valid. In that case, an 
accurate assessment of the “causality” of the 
DM program can be derived. Some purchasers 
of DM, however, may be skeptical of the 
validity of the assumption. They may ask: 
“Was the ‘before’ period in this population a 
good predictor of outcomes that would have 
occurred in the “after” period in the absence 
of DM? How do we know?”  These people 
could logically state that advancements in 
medicine and technology, even the adoption of 
the principles of DM by community physicians 
in the “after” year, were responsible for 
the improvement seen. This is a legitimate 
argument and needs to be addressed by the 
evaluators of the DM program that use the pre-
post methodology.

 “III.2” Time-Series: A time series is essentially an 
expansion of the pre-post study into multiple 
time periods and could include, perhaps, 
multiple interventions over time.  

 “III.3” “Regression-Discontinuity” may be a 
powerful methodology to evaluate DM, but to 
our knowledge, has not been used extensively. 
The regression-discontinuity design chooses a 
“cut-off” point (high cost, for example) where 
patients above the cut-off point receive the 
DM intervention and those at or below the cut 
off point do not receive the DM intervention. 
The relationship between the pre-post measure 
of those below this cut-off is compared to the 
linear relationship of those above the cut-
off point, if there is a “discontinuity” in the 
regression lines (and all assumptions are met) 
the program is thought to be causal. 

The validity of these quasi-experimental designs 
is very dependent upon the equivalence of the 
intervention and reference population. In these 
designs it is likely that the metric methods are 

comparable. The specifi c methodology of each is 
discussed in Cook and Campbell.

IV. Ecological
Ecological designs are unique in that the group is 
the unit of measurement. There is no information 
on the relationship between a specifi c exposure 
and a specifi c outcome at the individual level. 
These studies are very useful in the initial test of 
hypotheses and can be used as justifi cation for a 
more rigorous design. This study type is listed as 
“IV.1” in Table 1.

V. Cross-Sectional
A cross-sectional study is a sample (ideally a 
random sample) at one point in time (sometimes 
called a “snap shot”) of a population. Its purpose 
is to examine the association, though usually not 
causal, between a specifi c “cause” and a specifi c 
“effect.” Because it is taken at a single point in 
time, it is often diffi cult to determine temporality; 
i.e. that a specifi c cause preceded a specifi c effect. 
One advantage of a cross-sectional study is that 
the “dose” of a DM program can be associated 
with an outcome in each person sampled. Thus, an 
initial dose-response table could be created that 
may be used later as the basis for a case-control or 
follow-up study. Importantly, with the addition of 
a second sample from a different place or different 
point in time (similar to a pre-post study, but each 
patient is NOT his or her own control), where a DM 
program was not as well established, could lead to 
some important conclusions about the impact of a 
DM program. 

V.1. One sample.

V.2. Two or more samples

VI. Case-Control
A case-control study is where individuals are 
selected because they have already experienced 
(or just experienced) an outcome of interest. This 
design, with the notation “VI.1” in Table 1 is one 
of the great achievements of epidemiology as it 
allows for an examination of risk factors where the 
incidence of an outcome is very rare. In DM one 
could adopt this design by selecting “cases” that 
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experienced, for example, an in-patient hospital 
stay and then compare their “exposure” to a factor 
from a prior time period that was thought to be 
related to the outcome (a risk factor, participation 
in DM program, etc.). For example, cases and 
controls could be examined for compliance 
to medication and if the two populations are 
equivalent, any difference (while controlling for 
other variables) in medication compliance may be 
shown to be related to the hospital admission. If 
this were the case, a DM program would be well 
served to improve their strategies for management 
of medication. There are many variations to this 
design and it is recommended that an expert 
epidemiologist be consulted before engaging in a 
case-control study. 

VII. Follow-up Design
In general, these are studies where a group of 
individuals are recruited and the exposure is 
measured at baseline (this could also include 
measurements a pre- period in both the 
intervention and reference groups) and outcomes 
are measured prospectively, often at multiple points 
in time. These studies could be “observational” or 
“experimental” and measurements are made at the 
individual patient level. In the observational cohort 
(V1.1), the “control” for confounding is extremely 
important. In the other designs, random allocation 
can be done at either the group or the individual 
level. These “experimental” designs reduce the 
likelihood that the intervention and reference 
populations are not equivalent, but, as said before, 
are no guarantees. In these designs equivalence 
could be achieved at baseline, but if the reference 
population is affected by newly introduced DM-
type intervention “external” to the DM managers, 
the fi ndings could be severely biased. However, if 
this “threat to internal validity” does not occur, 
causality determination is the highest in these 
experimental follow-up designs.

Table 1 highlights fi ve kinds of follow-up studies. 

VII.1   Cohort (e.g., a pre-post study with a 
reference group)

VII.2.i.  Field randomized control trial (FRCT) by 

Place. (e.g., Provider, Hospital, Region, 
Market)

VII.2.ii.  Field randomized control trial (FRCT) by 
Time: Structured roll-out

VII.3.i  Randomized control trial (RCT): 
Individual not-blinded

VII.3.ii.  Classic Randomized control trial (RCT): 
Individual blinded

We want to address a study design in DM that 
meets the observational follow-up design criteria.  
In a form of this design, the results of participants 
(“opt-in”) in a DM program are compared to the 
results garnered from non-participants (“opt-
out”) during the same time period.  The adoption 
of this design, in at least one respect, defl ates 
the argument that the effect seen in the DM 
population was due to time-based technological 
advancements as both groups were followed-up 
concurrently. That said, the equivalent assumption 
must be seriously questioned. Were the results of 
the non-participant’s truly credible predictors of the 
results based upon the DM participants, if the latter 
had not participated in the DM program?  Again, 
a discerning customer might argue that patients 
who agree to participate in a health management 
program are quite different from those who do 
not agree to participate (e.g., age, gender, severity 
of disease, level of satisfaction or dissatisfaction 
with current care, willingness or unwillingness 
to assume self-management responsibilities over 
current disease processes, and a host of other 
factors.)  To test the equivalence assumption it 
is essential to compare important risk factors in 
both groups using comparable metrics and metric 
methods. This could be done via a simple random 
sample of non-participants compared to a random 
sample of participants to test the accuracy of the 
key assumption of this study design. If it turns out 
that the non-participants are not equivalent to 
the participants; attempts should be made to try 
identify a group of people who are equivalent to 
the participants. This may prove to be diffi cult, but 
is not necessarily impossible if one can “match” on 
the variable willingness to participate.
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We also want to reiterate that the higher forms 
of follow-up studies, those using some form 
of randomization, also require tests of the 
equivalence assumption. Randomization is no 
guarantee of equivalence at the beginning of 
study not or at the end as patients are “lost to 
follow-up.” Standard adjustment methods used 
in less rigorous designs must be used to take 
into account non-equivalence in these designs 
too. An important factor that can occur during 
the follow-up period for all of these follow-up 
designs (except VII.3.ii, the “blinded” form) is the 
problems that emerge when a reference group 
becomes acutely aware of their “control group” 
status and chooses (either by themselves, or by 
their providers, etc.) to adopt the “interventions” 
of the DM population. If DM interventions were 
truly effective and investigators were unaware 
of this important development – there may 
be no observed differences in the outcome 
metrics between the intervention and reference 
populations. In this situation, the incorrect 
conclusion that DM was NOT effective could be 
propagated to the detriment of the health of the 
population. 

This section has highlighted various study designs 
that can be used as measures of assessing causality. 
We recommend that all studies that are done in 
DM programs be submitted for publication in peer-
reviewed journals. 

ASSESSING CAUSALITY: OTHER VIEWS:

We have attempted to introduce the basic elements 
in assessing causality in DM. Other investigators 
have rated the strength of evidence that is 
based on the type of study design adopted. For 
example, a well-known grading system for “level of 
evidence” 48 used in medical research grades RCTs 
as an “A,”, however, as we have stated, in many 
cases a classic double-blinded RCT is not possible 
in DM programs. The follow-up and case-control 
designs are given a “B” in this scheme and the 
post-test only is give a “C.” Quasi-experimental and 

benchmark design are not graded in this system. 
Thus, the the “levels of evidence” system cannot be 
perfectly adopted by the DM industry. Apart from 
the post-test only, we would give all of our designs 
a “B.”  This grade assumes that in the description of 
the evaluation, the level of equivalence and metric 
comparability be included.  

Given this high likelihood that DM will not be 
judged on the results of a double-blind randomized 
control trial, it is benefi cial to learn from the 
“masters” of observational research. Based upon his 
work on establishing the link between smoking and 
lung cancer shortly after World War II, Sir Austin 
Bradford Hill listed several criteria that should be 
considered when assessing the relationship between 
cause and effect.  These criteria were developed 
with “disease” as the outcome; we have modifi ed 
them a bit to make them more relevant to DM. 49

1) Strength of Association: If we see an association 
between DM and an outcome, what is the 
magnitude? The higher the magnitude the 
more likely the relationship is causal.

2) Consistency upon repetition: To what extent 
has a similar relationship been observed in 
different places, circumstances, and times?

3) Specifi city: Is the cause found when the 
outcome is present? Does the outcome usually 
result when the cause is present? 

4) Time Sequence: Does the causal factor or 
“exposure” precede the outcome? This is the 
most important criteria of all. It may sound 
obvious, but it must be established that the 
intervention (Type I) preceded in time the 
proximate outcome (Type II) which, in turn, 
occurred before the ultimate outcome (Type III). 

5) Biological gradient:  If we change the term 
from “biological” to “Type I, Type II, or Type 
III gradient,” this criterion is relevant.  In 
question form: Does more exposure to various 
components of DM, on the one hand, or higher 
amounts per unit time in DM, on the other, 
lead to more pronounced Type II or Type III 
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outcomes? In other words, what is the “dose-
response” relationship?

6) Plausibility: Is the observed association 
consistent with biological ideas, e.g. consensus 
guidelines, the known process of disease?

7) Coherence of Explanation: Does the entire set 
of observations fi t together?

8) Experiment: Does removal of the DM exposure 
(or sub-components of DM) result in a change 
in the outcome? How does treatment affect 
different groups in experimental studies?

9) Analogy: Are similar known patterns of cause 
and effect found in other areas of observational 
epidemiology?

Although it is not critical that all these lines of 
evidence be presented to support the notion of 
causality, the more that are supported, the more 
the case of causality is supported.

(H) SUMMARY/CONCLUSION SESSION

The paper was developed to provide guidelines in 
advancing the rigor of DM program evaluation. 
Ways of thinking and methods to assess 
causality of disease management programs were 
introduced . We summarize our key points and 
recommendations below.

1) The DM program must explicitly state the 
metrics used to measure both the actual 
intervention (“cause”) and the resulting impact 
(hypothesized) of that intervention (“effect”). 

2) The DM program metrics must be compared to 
metrics from an independent source, broadly 
defi ned as a “reference population.” At a 
minimum, this referent metric should be based 
on benchmark values from commonly accepted 
practice guidelines.

3) Statements that the DM program “caused” 
specifi c outcomes (e.g. cash savings) must be 
based on investigations that have adopted 
study designs (e.g. quasi-experimental, case-
control, or follow-up) more rigorous than that 
of a post only design. Based upon “levels of 
evidence” criteria, the study designs should 
be a least at a grade “B” level and should 
acknowledge and “control” for factors, where 
possible, that may have impacted the outcome 
(so-called “confounding variables”). 

4) It is unlikely that one study will provide 
defi nitive proof of DM program value, thus, 
we recommend that studies be on-going, at 
multiple points in time, and at multiple sites. 
Moreover, if feasible, more than one kind of 
study design should be used.

5) Finally, all studies purporting to show the 
“value” of DM interventions should be capable 
of passing peer-review such as through a 
submission to a peer-reviewed journal or an 
outcomes validation program. 

It is our belief that the establishment of any 
degree of methodological sophistication will 
greatly enhance the reputation of the important 
and growing efforts in disease management,  
However, it must be said that this paper is only 
an introduction to some of the issues involved in 
assessing causality and value of a DM program.  
We strongly urge the readers to consult experts in 
epidemiology and statistics as well as textbooks and 
articles on the methods discussed here.
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Figure 2: Schematic of “DMAA Components” of DM Programs Showing Intervention Pathway
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Figure 3: Equivalence between Populations
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Figure 4: Illustration of Regression-to-the-Mean
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Figure 5: Comparability of Metric Methods
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Figure 6: Conceptual Testable Hypothesis in DM
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Figure 7: Causality: Assessing DM program impact between “equivalent populations from “comparable” 
metrics methods.
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Text Box 1: Basic components of CHF simulated case study

Scenario in a managed care company:

A)  Congestive Heart Failure Patients are selected (various strategies depends on study design).  

B)   DM Program:  Evidence-based guidelines are followed. Interventions are conducted, potentially, with both patients and 
providers

1)  Patient Level Intervention:  Telephone Calls to remind participants to monitor body weight, sodium intake, and to 
adhere to medication regimen. Mailed reminders to monitor symptoms of fl uid retention and to contact DM to
discuss timely adjustments to medications..  Patients are provided feedback 

2)  Provider Level Intervention:  Evidence-based guidelines are disseminated.  DM program can periodically provide 
aggregate-level and patient level feedback.  

C)  Metric Types available

Population Risk Factors:  Age, Sex, Co-morbidities, Cognitive ability.

Type I:  Based on Calls to Patients over some specifi ed time period.
Based on periodic mailed reminders to take medication.
Based on Guidelines Distributed to Providers.
Based on number of Feedback Reports to doctors over some specifi ed time period.

Type II: ACE inhibitors fi lled (from claims and from interview).
Body weight and dietary salt intake (from interview)
Cognitive ability (from interview)

Type III:   A) Health: Ejection Fraction (from provider)
B) Economic: 

  Total Claims Dollars over some specifi ed time period (from administrative claims)
  Total admits over some specifi ed time period (from administrative claims)

C) Satisfaction: Patient Satisfaction, Provider Satisfaction (from interview).

The authors’ comments are presented as guidelines that one may consider when conducting these kinds of studies. The 
comments are not comprehensive in any way, they are only suggestions, and should not be construed as recommendations.  
We strongly advise consulting with experts before initiating any of these study designs. 

Key to terms:

•  “Comparability”:  This is related to the sameness of “metric methods” used on each population.  Were clinical and 
fi nancial metrics measured in the same way, over the same time period?  Were the “models used were appropriate to 
“adjust” for non-equivalence? 

•  “Equivalence”:  Related to the sameness of important “ risk factors” for the outcome between the intervention and the 
reference population?

•  “Internal validity”: Where comparability and equivalence were both “high” in the study.

•  “External validity”: Related to internal validity and the degree to which the study population were “representative” of a 
larger population?
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Text Box 2: Post-Test

Study Design Methods Validity

I.1 High Risk: Post 
Test

Description: Enroll participants and treat their illness.

Patient Selection: Ad lib.

Measurement: Could be very precise, however, virtually impossible 
to interpret the meaning of these metrics in the absence of a 
comparison population.

Comparability: Not applicable.

Equivalence: Not applicable.

General: If there is an “opt-out” or “opt-in” provision, selection 
or “participation” bias may be an issue.  Almost impossible to 
interpret fi ndings. If selection is based on “above” a cut-off point, 
this design is very susceptible to regression-to-the-mean.

Internal Validity: Extremely 
low.

External Validity: Extremely 
low.

I.2 Population: 
Post Test

Description: Enroll participants and treat their illness.

Patient Selection: Ad lib.

Measurement: Could be very precise, however, virtually impossible 
to interpret the meaning of these metrics in the absence of a 
comparison population.

Comparability: Not applicable.

Equivalence: Not applicable.

General:: If there is an “opt-out” or “opt-in” provision, selection 
or “participation” bias may be an issue.  Almost impossible to 
interpret fi ndings. . If selection is based on “above” a cut-off point, 
in many circumstances, this design is less susceptible to regression-
to-the-mean than design I.1.

Internal Validity: Very low.

External Validity: Very low.
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Text Box 3: Benchmark Studies

Study Design Methods Validity

II.1 National 
Benchmark

Description: This design could the same patient population as I.1 or 
I.2 except the results are compared to the national benchmark (e.g. 
ACE inhibitors use).

Patient Selection: Ad lib.

Measurement: Same as national benchmark

Comparability: If the same measurement methods were used to 
measure the DM program, the two populations have a high degree 
of metric method comparability. 

Equivalence: If the same criteria to select patients for the DM 
program was exactly the same and was done in the same calendar 
time periods these two populations likely have a high degree of 
equivalence. However, other unmeasured risk factors such as 
cognitive impairment, severity of disease, tobacco use, etc. may 
make the two populations non-equivalent. 

Internal Validity: 
Depends on the rigor 
of the measurements 
and equivalence of the 
DM population to the 
benchmark. If equivalence 
and comparability are high 
then internal validity is 
quite good.

External Validity: NA. 
The only study with any 
measure of external validity 
is the one that produced 
the benchmark.

II.2 Peer-Reviewed 
Article

Description: The design used here was to select patients and 
follow them for 90 days to assess the rate of readmission using 
same intervention as Rich et al (56.2 percent reduction with the 
intervention: 91/142 in reference group and 75/140 in intervention 
group). ”34

Patient Selection: Scenario #1: Ad-lib selection. 

               Scenario #2: Follow Rich’s article

Measurement: Rate of readmission. 

Comparability: This was very high, as the measures were the same 
in both populations. 

Equivalence: In scenario #1 it is diffi cult to achieve equivalence. 
Unfortunately, it may be also very diffi cult in scenario #2 as Rich 
identifi ed 1,306 and only enrolled 282 (see below).  The existence of 
unconsidered and/or unmeasured risk factors may vary between the 
two populations.34

Note: “This study has several limitations, the fi rst of which concerns 
the generalizability of the results. A total of 1306 patients fulfi lled 
the criteria for a diagnosis of congestive heart failure, but only 282 
(21.6 percent) were randomized. The distinguishing characteristics 
of the randomized cohort included advanced age (median, 79 
years), a high prevalence of hypertension (75.9 percent), moderate 
functional impairment, and relatively well preserved left ventricular 
systolic function. The applicability of our fi ndings to other patients 
with heart failure requires further study.

Internal Validity: 
Depends on the rigor 
of the measurements 
and equivalence of the 
DM population to the 
benchmark. If equivalence 
and comparability are high 
then internal validity is 
quite good.

External Validity: NA. The 
only study with external 
validity is the one that 
produced the benchmark 
(see quote from study to 
the in the adjacent column).
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Study Design Methods Validity

II.3 Statistical 
Prediction

Description: Use existing software to “predict” costs of CHF 
population (including those with co-morbidities), enroll those 
predicted to be high cost, and compare “actual” to “predicted.”

Patient Selection: Per predictive modeling algorithm.

Measurement: Claims costs.

Comparability: Unknown. Expected costs are derived from a linear 
regression model from another time period (and perhaps another 
place). Observed costs are calculated and subject to infl uences 
of factors that may or may not have infl uenced the model that 
predicted expected costs. Statistical model appropriateness depends 
on meeting the necessary assumptions of the model.

Equivalence: Unknown. Expected costs are derived from a linear 
regression model from another time period (and perhaps another 
place). Observed costs are calculated and subject to infl uences 
of factors that may or may not have infl uenced the model that 
predicted the expected costs.

Internal Validity: 
Depends on the rigor 
of the measurements 
and equivalence of the 
DM population to the 
benchmark. Also varies by 
“fi t” of model.

External Validity: NA. The 
only study with external 
validity is the one that 
produced the benchmark. 

We would recommend 
validating the model with 
test of cross-classifi cation 
(e.g. sensitivity, specifi city, 
predictive value, etc.) and 
“residuals” in a reference 
population that is not 
exposed to DM.

Text Box 5: Ecological Studies

Study Design Methods Validity

IV.1 Ecological Description: Select patients in multiple plans, Score DM 
interventions on a linear scale of “dose” (using a panel to 
determine importance of DM sub-components to outcomes), 
compare to aggregate standardized criteria on a x-y graph.

Patient Selection: All CHF patients by claims-based algorithm.

Measurement: Per standard criteria for outcomes and per panel of 
experts to score strength of DM sub-components. 

Comparability: High on both intervention score and outcome score.

Equivalence: On criteria being measured it is very high, however, 
there may be unknown and/or unmeasured risk factors that 
infl uence the results.

Internal Validity: Low. 
No causal relationship is 
established. 

External Validity: Low. 

Since a “causal 
relationship” is not 
established, the external 
validity of these results 
is very weak. However, 
it could lead to a more 
rigorous study of the causal 
hypotheses.

Text Box 3: Benchmark Studies (continued)
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Text Box 4: Quasi-Experimental Studies

Study Design Methods Validity

III.1 Pre-Post Test Description: Select patients eligible for the program using some 
standard algorithm (or referral); determine Type III cost metric on 
prior calendar year and calendar year after introduction of DM 
program. Assess difference.

Patient Selection: All CHF patients by claims-based algorithm.

Measurement: Compare cost metrics before and after.

Comparability: Should be high as we are using the same methods.

Equivalence: Unknown: The patient as his or own control. This 
assumes the level of cost in the prior year (or other Type III metric) 
would have been the level of cost in the post year in the absence of 
DM.  This is an untested assumption. 

Internal Validity: Low 
(without verifi cation of 
equivalence). 

We recommend one or 
more equivalent external 
reference populations 
are measured pre-post 
that did not have the DM 
intervention.

External Validity: 
Dependent on (a) internal 
validity, i.e. the equivalence 
of the pre-post population 
and (b) the equivalence of 
the “new” population to 
which one is generalizing.

III.2 Time Series Description: Select patients eligible for the program using some 
standard algorithm (or referral); determine trend of Type III cost 
metric during prior calendar year(s) and trend during calendar 
year(s) after introduction of DM program. Assess difference.

Patient Selection: All CHF patients by claims-based algorithm.

Measurement: Compare cost metrics multiple times before and 
after.

Comparability: Should be high as we are using the same methods.

Equivalence: Unknown: The patient is his or own control. This 
assumes the level of cost in the prior year(s) (or other Type III 
metric) would have been the cost trends in the Post year(s) in the 
absence of DM.  This is an untested assumption. 

Internal Validity: Higher 
than pre-post because of 
multiple measures over 
time, but need verifi cation 
of the equivalence 
assumption. 

We recommend one or 
more equivalent external 
reference populations 
are measured pre-post 
that did not have the DM 
intervention.

External Validity: 
Dependent on (a) internal 
validity, i.e. the equivalence 
of the pre-post population 
and (b) the equivalence of 
the “new” population to 
which one is generalizing.
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Text Box 4: Quasi-Experimental Studies (continued)

Study Design Methods Validity

III.3 Regression-
Discontinuity

Description: Select patients with ejection fractions below some cut-
off point, only intervene on patients above the cut-off point. We 
then compare pre-post relationship in individuals in both groups. 
If the hypothesis is correct (and certain assumptions are true) a 
discontinuity in slope among those above the cut-off compare 
to those below the cut-off will be observed. Outcome Measures: 
Claims costs and quality of Life.

Patient Selection: All CHF patients by claims-based algorithm that 
have ejection fraction data.

Measurement: Fitting linear regression (slope and intercept) of 
the pre-post measure in patients below the cut-off to the linear 
regression line of pre-post measure above the cut-off. 

Comparability: Metrics should be high as we are using the same 
methods. The appropriateness of the statistical model depends on 
factors, such as the distribution of data.

Equivalence: Is the pre-post in linear regression “fi t” in those below 
the cut-off equivalent to the pre-post linear regression “fi t” in those 
above the cut-off point in the absence of a DM intervention?

Internal Validity: Varies by 
“fi t” of model. Could be 
validated by inclusion of 
multiple cut-off points or 
the test of the model in a 
population without DM.

External Validity: This 
depends on internal validity 
and the equivalence of the 
“new” population to the 
study population. 

Text Box 5: Ecological Studies

Study Design Methods Validity

IV.1 Ecological Description: Select patients in multiple plans, Score DM 
interventions on a linear scale of “dose” (using a panel to 
determine importance of DM sub-components to outcomes), 
compare to aggregate standardized criteria on a x-y graph.

Patient Selection: All CHF patients by claims-based algorithm.

Measurement: Per standard criteria for outcomes and per panel of 
experts to score strength of DM sub-components. 

Comparability: High on both intervention score and outcome score.

Equivalence: On criteria being measured it is very high, however, 
there may be unknown and/or unmeasured risk factors that 
infl uence the results.

Internal Validity: Low. 
No causal relationship is 
established. 

External Validity: Low. 

Since a “causal 
relationship” is not 
established, the external 
validity of these results 
is very weak. However, 
it could lead to a more 
rigorous study of the causal 
hypotheses.
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Text Box 6: Cross-Sectional Studies

Study Design Methods Validity

V.1. One Sample Description: A DM program is established in the managed care 
organization. CHF patients should be randomly selected and quizzed 
about their participation in a DM program and to what extent. 
Should also ask about their cognitive ability, dietary salt intake, 
body weight, and other outcomes. 

Patient Selection: Random selection of all CHF patients.

Measurement: Analyze the cross-tabulation of DM participation and 
at “dose” of DM to outcomes to assess “association.”

Comparability: High

Equivalence: On patient identifi cation criteria quite high, however, the 
participants in DM could have different severity levels than others.

Internal Validity: Causal 
inferences are weak due to 
potential temporal ordering 
of DM and outcomes. That 
is did a DM intervention 
come before the outcome 
or after? Unknown without 
a better design.

External Validity: Unless 
temporal ambiguity is 
addressed, the external 
validity is weak.

V.2. More than one 
sample

Description: Could choose two areas of a catchment area, one that 
has a strong DM program and one that has a weak or non-existent 
DM program. Take a random sample of a defi ned population and 
compare Type I to Type II and III metrics. 

Patient Selection: Random selection of all CHF patients

Measurement: Analyze the cross-tabulation of DM participation and 
at “dose” of DM to outcomes to assess “association.”

Comparability: High

Equivalence: On patient identifi cation criteria quite high, however, the 
participants in DM could have different severity levels than others.

Internal Validity: This 
could be stronger because 
it could be considered 
a replication in another 
population. Bradford-Hill 
criteria #2.

Text Box 7: Case-Control Studies

Study Design Methods Validity

VI.1 Case Control Description: We defi ned “cases” as CHF patients who were recently 
discharged from the hospital and “controls” as age-sex ejection 
fraction matched CHF patients who were not recently discharged 
from the hospital.  The concern was that a DM program that was 
based on self-empowerment would not be effective in patients with 
cognitive impairment.

Patient Selection: Based on age-sex-ejection fraction and outcome 
status (i.e. recent hospital discharge)

Measurement: We test the hypothesis that DM participation in a 
program is confounded by cognitive ability.

Comparability: Very high

Equivalence: Very high (unless unmeasured risk factors, e.g. 
depression, infl uenced the results) 

Internal Validity: High, 
assuming controls are an 
equivalent population to 
the cases.

External Validity: High 
if “new” population is 
equivalent to the study 
population and study is 
replicated in other settings.
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Text Box 8: Follow-up Studies

Study Design Methods Validity

VII.1.i Observational 
Cohort Design

Description: Among all CHF patients discharged from hospital 
one time in the last six months and are continuously enrolled. 
These patients are followed for 90 days to assess incidence of new 
admissions. We hypothesis that exposure to DM will lower the risk 
of the outcome, we also hypothesize that cognitive function will 
have an independent effect on this relationship. (An improvement 
would be to compare the internal cohort to an equivalent external 
reference group)

Patient Selection: All patients with one hospital discharge. The 
reference group design was those with a low level of exposure to 
DM, the intervention group were those with a high exposure to DM 
(this exposure was based on a non-structured roll out by market). 
(An improvement would be to compare the internal cohort also to 
an equivalent external reference cohort)

Measurement: Would stratify for cognitive function x DM 
participation vs. no DM participation. Adjust for potential non-
equivalency, i.e. confounding (using an experienced statistician 
and/or epidemiologist).

Comparability: High

Equivalence: Unknown, will have to assess which risk factor would 
impact the outcome (e.g. level of depression or anti-depression 
medication) and attempt to adjust, using stratifi ed analysis or some 
other form of multivariate modeling (In the enhanced version, we 
could compare independent risk factors in the internal cohort to the 
external cohort)

Internal Validity: High. 
Temporal ordering is 
excellent as the exposure 
to DM comes before the 
outcome (readmission).

External Validity: High, if 
replicated.

VII.2.i Field 
Randomized 
Control Trial (by 
Place)

Description: ID all CHF patients and rollout DM program in 4 
different hospitals with random allocation to measure multiple Type 
II and Type III metrics. 

Patient Selection: All CHF patients by claims-based algorithm.

Measurement: Standardized. Measure impact by groups. 

Comparability: High because all metrics are measured in the same 
way.

Equivalence: Unknown without further inquiry. Social class, 
for example, and other risk factors could vary between patient 
populations from different hospital catchment areas. 

Internal validity: Medium.

External validity: Medium. 
Need to replicate in 
multiple settings.



DMAA  |  Framework for Assessing Causality in Disease Management Programs34

Study Design Methods Validity

VII.2.ii Field 
Randomized 
Control Trial (by 
Time)

Description: ID all CHF patients and rollout DM program over 4 
quarters with random allocation to measure multiple Type II and 
Type III metrics. 

Patient Selection: All CHF patients by claims-based algorithm.

Measurement: Standardized. Measured subset impacted by DM 
in fi rst quarter to everyone else. After 4 quarters all patients are 
enrolled. All four groups are followed for the 2nd year. In the second 
year, we can test the hypothesis is that the longer one is in the 
program, the greater the impact on Type II and Type III metrics. 

Comparability: High.

Equivalence: Medium to High (unless unmeasured risk factors are 
distributed unevenly between the four groups or individuals react to 
the random assignment and it changes their behavior re outcomes. 

Internal validity: Medium to 
High, but had to measure 
effects that occur following 
the fi rst year.

External validity: Could be 
high if replicated.

VII.3.i Randomized 
Control Trial: 
(Individual, not-
blinded)

Description: ID 400 CHF patients and randomly allocate to the 
intervention or reference population. The DM intervention to be 
tested is a mailed reminder to stay alert to the need to monitor risk 
factors, to adjust medication as needed, to call DM nurse if there is 
a problem. One half of the patients would receive it, the other half 
would not. 

Patient Selection: All CHF patients by claims-based algorithm.

Measurement: Standardized. 1) Monitor calls to DM nurses by 
Group. 2) Measure Rx fi ll rate by groups using Rx claims data.

Comparability: High. 

Equivalence: Assuming other independent risk factors are also 
randomized (this would need to be checked on some variables), 
this could be very high. However, if patients are aware of the 
group assignment and change behavior because of this awareness, 
equivalency in follow-up period could be compromised. Could also 
be a problem if nurse managers are aware of group assignment and 
alter their message based upon that awareness. 

Internal validity: Medium 
to High.

External validity: Medium 
to High. Need to replicate 
in multiple settings.

VII.3.ii Randomized 
Control Trial 
(Individual 
Blinded)

Description: By DMAA defi nition, a disease management 
intervention requires patient-empowerment strategies; therefore, 
this kind of study design would be virtually impossible. 

Highest internal validity, 
but very unlikely to occur 
in DM

External validity: Would 
depend on the study 
population. 

Text Box 8: Follow-up Studies (continued)
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TABLE 1: Summary of Study Designs. 

Code Description Reference Population Random Allocation
Unit of 

Measure-
ment

Example in 
Literature

Patient 
as own 
Control

DM 
Exposure 
Variation

Non-
Exposure 

to DM

Bench-
mark

None: 
Observa-

tional 

Yes:
G=Group 
I=Indivdual

I Post test 35

I.1 “High Risk” *** NA

I.2 “Population” *** NA

II Benchmark

II.1 National x x 36

II.2 Peer-reviewed x x 34, 37

II.3 Statistical x x 8

III Quasi-Experimental 38

III.1 Pre-Post x x 39,40

III.2 Time-Series x x

III.3 Regression-
DiscontinuityDiscontinuity x x 41

IV Ecological 42

IV.1 Ecological x Optional x

V Cross-Sectional 42

V.1 Cross-Sectional (1) x x

V.2 Cross-Sectional Cross-Sectional 
(>1)(>1) * * x

VI Case-Control 42

VI.1 Case-Control ** ** x

VII Follow-up 42

VI.1.i Observational Observational 
CohortCohort *** *** x x 43, 44.

VI.2.i Field RCT: Place *** *** x G 45

VI.2.ii Field RCT: Time *** *** x G 46

VI.3.i RCT: Not blinded *** *** x I 47, 1

VI.3.ii RCT Blinded *** *** x I

KEY:
X=Necessary component
NA=not applicable.
* Special situation where a sample (preferably a random sample) is selected from a defi ned population and exposure and outcome 
status are determined. 
** Special situation where “cases” are selected as they have already “experienced” an outcome and controls are selected from the 
at-risk population that have not experienced the outcome (i.e. Type I and Type II metric). “Exposure” status is then determined in 
both “case” and “controls”
*** Could be done as an additional study criteria.
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