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Abstract 

 

Despite consensus that policy makers should be using medical research evidence in medical policy 

decisions, it is unclear how to evaluate the use of evidence in such decisions. There is no formal 

theory to inform measurement methods to evaluate effective use of evidence, and no one has yet 

compared policy agencies’ use of evidence against a known measurement standard. The purpose of 

this paper is to use discrete choice experiments (DCEs) to model the decisions of a sample of 24 

experts. Prior work identified seven indicators of effective use of research evidence. We assigned 

these factors three levels to represent the potential range of variation in real policy agencies, and 

varied them using an experimental design to describe possible agencies in terms of their positions on 

each factor. We designed two DCEs: one common to all sample members, and a second that was 

blocked into three versions, and each sample member was randomly assigned to a version. The 

common design allows us to test for individual differences without confounding differences in 

designs. Results suggested that the sample of experts differed only in the consistency of their choices 

and not in their responses to the factors. The resulting statistical model estimated from the sample 

choices was used to score (measure) the effectiveness of research use of six policy agencies in and 

before and after intervention. The results suggest that the approach of using DCEs to model expert 

decisions could be useful in many domains in health. 
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INTRODUCTION 

The problem 

We take it as axiomatic that better use of evidence in health policy decisions has the potential 

to substantially improve health outcomes and resource allocations
1
. There seems to be a growing 

consensus that medical policy decisions could benefit significantly from better use of evidence, such 

as statements from the United Kingdom and Australian governments
2,3

, the Australian Productivity 

Commission
4
 and the World Health Organisation

5
. There also is a large literature on factors related to 

the development of health policy
6,7,8

. Thus, both researchers and practitioners appear to see a need to 

increase and better use evidence in health policy decisions
9,10,11,12

. Yet, as we note below, there is little 

prior research available that provides a theoretical or empirical basis for evaluating and measuring the 

use of evidence in policy decisions. 

What has been done to date? 

There are a handful of empirical tests of ways in which strategies based on literature cited 

above can or do improve use of evidence in policy decisions. To be sure, there has been research on 

encouraging use of guidelines or evidence in clinical practice
9
, but it has limited applications to 

improving use of research in policy decisions. Similarly, we are aware of only one randomised trial of 

strategies to increase use of evidence in policy that suggests training has a modest effect on decision 

makers’ ability to evaluate literature
13

. In a related study, the Canadian Health Services Research 

Foundation found their EXTRA program to increase skills in research use had a small impact
14

. Other 

work has assessed views of decision makers about preferred ways of reporting systematic 

reviews
15,16,17

; and there is some work on predictors of self-reported use
18,19

. A few case studies 

looked at evidence used in specific policies and programs
20

, while a review of “evidence into 

policy”
21

 reported no rigorous studies of ways to increase access to or use of research in policy 

decisions. In summary, little work is available directly dealing with specific factors that could 

encourage more and/or better use of medical evidence in policy decisions, much less how to measure 

such factors separately and/or combine them into an overall measure of how well or how effectively 

the evidence is used. 
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Thus, we seek to make a modest contribution towards closing this research gap by proposing 

and applying a way to measure the extent to which medical policy agencies have the tools and 

systems in place necessary to use medical research evidence in making medical policy decisions. 

While there has been some discussion in the literature as to the systems and structures policy agencies 

might best put in place to support the use of research evidence. There is as yet no established test to 

measure an organisations’ research use capacity, and no clear framework as to which systems and 

tools are most important in this regard. For example, should a score (measure) for a policy agency 

with good systems to access research (e.g., subscriptions to online research repositories and/or a 

library) but with poor staff capacity to use research (e.g., no employees with recognised expertise in 

accessing, appraising and applying research to policy and no training provided) be higher or lower 

than a score (measure) for an agency with poor systems to access research but high capacity to use 

evidence? Thus, the objective of our research is to a) describe and discuss an approach to modelling 

expert decisions about the extent to which organizations have the necessary tools and systems in place 

to t use medical research evidence in making  medical policy decisions and b) use the resulting 

model(s) to score (measure) policy agencies. 

Although our application is specific to the aforementioned research problem, there are many 

similar problems in health and other areas in which a) one would like to measure how well, how 

much, etc., a person, a group or an organization performs on some dimension(s) of importance to one 

or more constituencies or stakeholders, such as the “medical profession” or “society”; b) one has no 

underlying theory that can be used to measure the subjective or “latent” quantity(ies) of interest; c) 

one would like the derived measure(s) of interest to have known measurement properties that allow 

one to compare the persons or organizations to be measured in a meaningful way; and d) one would 

like to be able to test whether interventions made to improve outcomes on the latent dimension(s) of 

interest have a real impact on the persons or groups being measured. 

Problems with prior approaches 

As noted above, there is no established theory as to the most important tools or structures a  

policy agency must have in place to enable the use of medical evidence in policy decisions, nor is 
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there work available on how to assess (measure) the extent to which agencies have these tools and 

systems. Thus, either one needs to develop a theory from first principles or find an alternative way to 

approach the measurement problem. This paper proposes a new way to approach the measurement 

problem by using discrete choice experiments (DCEs) to model how an expert panel evaluates 

combinations of various indicators of effective research use. Specifically, we identify seven indicators 

of effective research use and ways to describe them (assign them values or “levels”) based on reviews 

of literature and discussions with experts. Once we identify the indicators and assign them suitable 

levels, we use experimental design methods to create combinations of the indicator levels that 

describe different policy agencies’ use of research evidence. The resulting experiment is known as a 

Discrete Choice Experiment, or “DCE”
22,23,24

. 

Specifically, we used an experimental design to create pairs of agencies described by 

combinations of the seven indicator levels in such a way that the indicators and associated levels 

systematically vary across the pairs in a manner consistent with various types of probabilistic discrete 

choice models
24,25

. We then identify and recruit a panel of experts and ask them to choose the agency 

description in each pair that they think exhibits the most effective use of research evidence. The 

panelists’ choices reveal how they evaluate and trade-off the indicators to make their choices; in turn, 

this allows us to use discrete choice models to model and measure the perceived effectiveness of each 

indicator. The estimated discrete choice model(s) allows us to assign a score (measure) to several 

actual policy agencies that participated in a before and after intervention. 

 Choice models provide a form of “choice-based measurement” that is model-based and 

derived from fitting a choice model to the observed choices made by the experts. Choice-based 

measurement methods avoid many well-known problems associated with trying to use forms of rating 

scales or batteries of indicators to “measure” traits or constructs, such as between-individual 

differences in the use of rating scale categories, cultural number and word biases, end-of-scale and 

middle of scale biases, etc
26,27,28

. That is, there is only one way to interpret a choice, and individuals 

differ in the way(s) they evaluate the information provided (the indicators) and/or how consistently 

they make their choices (variability in choice within and between individuals). Thus, focusing on 

discrete choices allows us to identify differences in individuals unconfounded with scale usage. 
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Study objectives 

The objective of our work is to show that we can use Discrete Choice Experiments (DCEs) to 

model the choices of individual experts asked to compare and choose among pairs of hypothetical 

organizations that differ on indicators (factors) relevant to whether an organization has the tools and 

systems need to enable  use of medical evidence in medical policy decisions. DCEs rely on 

experimental designs for discrete dependent variables like discrete choices (ie, choice of one item or 

option from a set of competing items or options) and on families of discrete choice models
24,25

.  The 

DCE application discussed later asks a panel of experts to compare descriptions of hypothetical policy 

agencies in a series of designed choice sets and to choose one description that represents which of the 

two organizations with the best tools and systems in place to enable use of medical research evidence 

in medical policy decisions. We can estimate one or more discrete choice models from the experts’ 

choices to approximate their decisions, and we can use the estimated model parameters to measure the 

latent construct(s) of interest and to measure (or “score”) the organizations. 

Our approach is similar to applications of conjoint analysis
29,30,31

 in marketing, health 

economics and other fields, where the objective is to quantify preferences (utilities) for the levels 

(values) of a set of factors (called “attributes” in the conjoint analysis and DCE literatures) and 

develop a statistical model to represent how individuals or groups of individuals combine the factors 

into an overall evaluation of the stimuli (choice options) of interest. In our application the individuals 

of interest are a panel of experts in the use of medical research evidence in medical policy decision-

making. The research objective is to develop a statistical model to approximate how they evaluate and 

choose among hypothetical public agencies described by combinations of the levels of seven variables 

(indicators or factors) that prior research suggests should play a role in the effective use of evidence in 

making decisions.  

As noted, there is no underlying theory from first principles to quantify whether and to what 

extent organizations use medical evidence in medical policy decisions. However, we can identify a 

relevant set of variables (indicators or factors) that describe various aspects of effective use and apply 

experimental methods to create combinations of these indicators to describe different hypothetical 

organizations. The resulting experimental design ensures that some described organizations exhibit 
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relatively effective use, while others exhibit moderately effective use or relatively ineffective use. The 

discrete choice task ensures that we can avoid many of the well-known problems with rating scales, 

such as individual differences in number or verbal label usage or interpretation, cultural differences in 

rating scale use and inability to directly compare scales for different individuals due to in 

commensurable scale origins and units of measurement. Thus, a key objective of our research is to 

develop a way to avoid these issues by focusing on choice-based measurement. Nonetheless, a major 

limitation of the DCE approach is that it rarely is possible to fully understand and accurately model 

the cognitive process that individuals use to make the choices they are asked to make in the DCE task. 

Instead, researchers make simplifying assumptions to be able to estimate tractable statistical models 

that are at best approximations to an unknown process.  

METHODS 

Discrete Choice Experiments (DCEs) 

 DCEs were developed in the early 1980s in marketing and transportation research
25, 30

, and are 

widely used in many fields to model tradeoffs and preferences for consumer products, environmental 

goods, new and innovative medical treatments and citizen preferences for healthcare priorities, to 

name a few. A review of the external validity of DCE model predictions reported high external 

validity in predicting the real choices of real people in real markets
24, chapter 13

. This review noted that 

when DCEs are properly designed and administered, they consistently exhibit high external validity as 

measured by the relationship between model predicted outcomes and real outcomes by the same or 

representative groups of people. More recently, several external validity tests were reported that also 

indicate high external validity
24

. 

Random utility theory provides the theory to test different model specifications representing 

different types of decision rules individuals could use to evaluate choice options (indirect utility 

functions) and possible processes they can use to make their choices (choice models)
26

. In principle, 

the DCE approach allows researchers to test hypotheses about a wide range of decision rules and 

choice processes, but in practice one typically makes simplifying assumptions about both decision 

rules and choice models (choice process) to solve practical problems. 
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Our research focuses on a small population of globally dispersed experts, precluding in-

person interviews. Instead, we designed and implemented a DCE as part of an online survey, forcing 

us to limit the size and complexity of the DCE task to maximise survey participant cooperation and 

completion rates. We now discuss the details of the DCE application associated with our research. 

The DCE Approach Used In This Study 

Participants 

Our DCE survey is part of a large five-year project on the use of medical evidence in medical 

policy decision making funded by the National Health and Medical Research Council of Australia 

(CIPHER: Centre for Informing Policy in Health with Evidence from Research). Members of the 

project research team undertook extensive literature surveys and personal interviews with experts to 

identify tools and systems  (variables) considered important in determining the extent to which a 

policy organisation has the capacity to use medical research evidence. Interviews have been found to 

be the best qualitative way to elicit detail on potential attributes and levels for use in DCEs
28

. 

Details of the process used to identify these indicators and how they are used can be found in 

Redman, et al.
32

 (2014, under review), so we only summarise them briefly here. This process 

produced the seven indicators (attributes) and a range of possible levels for each indicator (described 

by three statements) shown in . The three statements (indicator levels) describe the extent to which an 

organization is considered to have the tools and systems in place to support the use of research 

evidence in  medical policy decisions. Trained members of the research team visited six Australian 

organizations to conduct structured, qualitative interviews with a senior member of staff from each 

agency judged to have sufficient knowledge of the organisation to have a good overview of the tools 

and systems which may or may not be in place to support the use of research evidence. After the 

interview two members of the research team independently assigned scores (yes-extensive or well 

developed, yes – some or partial, no) on all 26 questions for each agency (inter-rater agreement was 

95%). Answers to the questions were converted to scores on the seven indicators for each agency. 

<INSERT  HERE> 
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Design 

The seven indicators and associated three levels of each implies that any organization can be 

described by one of 3
7
 (= 2187) possible combinations. At one extreme is an organization that scores 

“Yes – extensive or well-developed” on every indicator, and the other extreme is an organization that 

scores “no” on every indicator, with the other 2185 organizations in between. We use the DCE 

approach to assign a value to each of the real organizations in our study to evaluate and compare them 

with one another. This assignment process is known as “scaling” (i.e., measuring), which can be 

accomplished by designing the DCE in such a way that the choices made by DCE participants reveal 

the values they associate with each indicator level. In turn, we estimate a model from the participants’ 

choices that can be used to score (“scale”) or measure each organization, as well as test changes 

associated with potential interventions (i.e., a “before and after” intervention). 

Naturally, we could not know a priori if all DCE participants would make choices in similar 

ways. So, we had to allow the possibility of individual differences in choices that reflect differences in 

how experts evaluate indicators and levels to make choices. We accomplished this by designing eight 

pairs of organizations described by combinations of only the two extreme levels (“Yes – extensive or 

well-developed” or “No”). To do this, we used an Orthogonal Main Effects Plan (or, “OMEP”, a 

sample from a full factorial that allows estimation of only the main effects) to make eight descriptions 

of organizations (combinations of the extreme levels), and we paired these eight descriptions with 

their “fold-over” (the mirror image of the original). This design approach produces pairs that force 

participants to make tradeoffs because every indicator with a “Yes - extensive” is paired with one 

with a “No”. The pairs satisfy the statistical property that differences in indicator levels are 

orthogonal, allowing us to estimate the main effects of each indicator independently of one another 

under the assumption that an additive (or averaging) model underlies the choices (Street, Burgess and 

Louviere 2007; Street and Burgess 2009). 

It is worth noting that a DCE design is a sparse, incomplete contingency (crosstab) table
24,25

 

where one side of the table is the choice outcome (chosen, rejected). So, as with any contingency 

table, one can calculate choice totals (sums of 1 = chosen and 0 = rejected) for each indicator level for 

each person, under the assumption of independence. These totals are a model-free estimate of relative 
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indicator values for each level. In turn, we can use these totals to identify groups (i.e., clusters) of 

participants that are relatively homogeneous in the sense that they evaluate the indicators similarly 

within a group but differently between groups. So, the purpose of the “common eight pairs” is to 

compare participants, and if possible, identify individual or group differences. 

We also designed a larger, “master design” to capture the effects of all three indicator levels 

by using a design strategy similar to that used to make the common design. Specifically, we used a 

different OMEP to make three sets (versions) of eight pairs in the same way as the common design. 

As before, we used two levels to design each of the three versions; however, we varied which two 

levels were in each version as follows: version one varied levels 1 and 2; version two varied levels 1 

and 3; and version three varied levels 2 and 3. Together this creates 24 pairs that force participants to 

compare all indicator levels when making choices. Because version two uses the same levels as the 

common set of pairs, we used a different OMEP to design this DCE version to ensure that these pairs 

were different than the common pairs. To keep the number of comparisons for each DCE survey 

participant reasonably small, we randomly assigned eight pairs from the master design of 24 pairs to 

three survey versions (these do not coincide with the DCE “versions”) without replacement. Each 

participant was randomly assigned to one of the three survey versions and we imposed a quota 

constraint of equal participant numbers per version to ensure we retain the statistical design properties 

of the DCE (the properties are compromised as sample sizes per version become more unequal). 

This DCE design approach produced a survey in which each participant was asked to evaluate 

and compare 16 pairs of hypothetical organizations described by combinations of indicator levels. 

One set of 8 pairs was common to all participants to test for individual and group differences, and a 

second set was one of the three survey versions from the master design of 24 pairs. As earlier noted, 

each participant was randomly assigned to one of the three master design versions, subject to the 

quota constraint of equal sample sizes per version. The DCE task was part of a larger survey in which 

participants were asked questions about themselves to allow us to compare their answers, such as 

whether they primarily were involved in producing medical evidence or evaluating medical policies. 

The DCE portion of the survey contained an Introduction to the DCE Task (Background) 

followed immediately by an example DCE scenario (pair), as shown in Figure 1. The example mirrors 
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the actual DCE task that follows (16 pairs). Figure 1 shows that participants were asked to evaluate a 

pair of hypothetical organizations described by a set of levels on the seven indicators of interest. We 

also asked participants to indicate if a) both organizations provided effective research support, b) one 

did, but the other did not, or c) neither did. We used the latter answers to set a scale origin by creating 

a third option in each choice set (pair), namely choice of neither (called “none” in the DCE literature). 

We focus our analysis on participant choices that include the choice of “neither”. 

 

< INSERT Figure 1 HERE> 

 

RESULTS 

Choice counts for each indicator level (called “marginal totals” in the DCE literature) contain 

all the statistical information to estimate a choice model because a) DCEs made from orthogonal 

designs ensure one can calculate choice counts for each indicator level independently of other 

indicators and b) DCEs are contingency (crosstab) tables (marginal choice counts are associated with 

table “sides”)
24,30

. The latter property allows one to visualise choice counts with graphs. So, we first 

show graphical results, followed by estimation results for conditional logit choice models fit to the 

choices. We then ask if participant choices differ or one model can be used to approximate the choices 

for the entire panel of experts. 

Table 1 displays choice counts as choice proportions (ie, empirical estimates of choice 

probabilities) that include or exclude “neither”. All indicator levels were described in the same way, 

so one can compare their impacts on choices by “looking” at the range of proportions for each. 

Differences in choice proportion ranges for indicator levels for the common (2 levels) and master 

designs (3 levels) are due to choice error differences in designs (versions) and differences in people 

assigned to master design versions. That is, the common design results involve all 24 respondents, but 

the master design results are based on eight respondents randomly assigned to each version. Most1 

proportions (Q2 in Figure 1; hereafter abbreviated as “M1”) are choice proportions that do not include 

the option that “neither” option makes effective use of research evidence. Most2 proportions (Q2 in 
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Figure 1; hereafter abbreviated as “M2”) are choice proportions that include choice of “neither”. M1 

and M2 proportions are shown in Table 1. 

<INSERT Table 1 HERE> 

 Graphical comparison of M1 and M2 choice proportions for the two common design levels 

(Figure 2) indicates they are approximately proportional (R
2 
for the common design is 0.96, and R

2 
for 

the master design is 0.86). Proportions for the common and master designs also were approximately 

proportional (R
2
 for M1 across designs is 0.87; R

2
 for M2 across designs is 0.88). Figure 3 graphs M1 

and M2 against the levels of each indicator for the master design, which suggests all indicators are 

monotonically related to the choice proportions. Some graphs suggest non-linear relationships, but a 

linear model fits each well (lowest R
2
=0.89; highest R

2
=1.0). 

 The foregoing results suggest that the indicators do not equally impact choices. For example, 

Table 2 displays the ranges of choice proportions in Table 1. Common design ranges suggest 

indicator 5 (methods to generate new research) had the largest impact, with indicators 2, 3 and 4 (tools 

that assist leaders in supporting research use, providing training in research use and strategies to 

access research) also had relatively large impacts, while indicators 1, 6 and 7 (processes that 

encourage research use, methods to evaluate policy and strategies to strengthen relationships with 

researchers) had less impact. The master design results suggest indicator 2 (tools that assist leaders in 

supporting research use) had the most impact, followed by indicator 4 (strategies to access research), 

while others had less impact. However, it is the case that all indicators significantly impacted choices. 

<INSERT FIGURE 2 HERE> 

<INSERT TABLE 3 HERE> 

<INSERT FIGURE 3 HERE> 

Aggregate sample results can hide individual differences (called “preference and/or variance 

differences” in the choice modelling and DCE literatures). We study these possibilities by calculating 

choice totals for each common design indicator level for each person to try to identify stable groups 

(clusters, segments, etc) using archetypal analysis
33

 and cluster analysis
34

. In the interests of brevity, 

we note that both methods indicate no reliable differences in participant choices. 
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Neither archetypal analysis nor cluster analysis takes potential choice consistency (variance) 

differences into account; hence, one can obtain groups (segments, clusters) that differ from other 

groups only in choice consistency
35

. That is, these taxonomic methods will identify groups that differ 

in magnitudes of choices or choice proportions, even if the differences are due only to differences in 

choice consistency. The latter occurs because choice totals and choice proportions are perfectly 

inversely related to choice consistency (error variance), such that more inconsistent individuals 

exhibit flatter (more equal) choices, while more consistent individuals exhibit more extreme choices
35

.  

One way to examine this is to fit linear probability models (i.e., OLS regressions) to each 

participant’s common design choices, calculate the residuals from the regression and then calculate 

residual mean squares for each person. The resulting residual mean squares for each participant is an 

approximate (and imperfect) measure of within-person choice consistency. We do not display these 

results to save space (results available from authors on request), but we note that these results suggest 

that participant differences are due to variance heterogeneity (choice consistency). 

Random utility theory predicts a perfect inverse relationship between estimated model 

parameters and choice consistency (error variance). We investigated this by correlating the residual 

mean square results for each person with their associated OLS indicator parameter estimates. The 

results in Table 3 show significant correlations with indicators 2 and 5. Importantly, all Table 3 

correlations are negative due to the aforementioned inverse relationship between model parameter 

estimates and error variances
24,30,34

. Thus, the higher a person’s error variance (choice inconsistency), 

the smaller their OLS parameters (and conversely, smaller error variances give larger parameters). 

The same relationship holds for empirical choice totals or proportions; that is, small error variances 

produce large(r) differences in observed choice probabilities and large error variances produce 

small(er) differences. So, the key result in Table 3 is that individual differences seem to be primarily 

related to choice consistency differences in indicators 2 and 5, not real differences in how participants 

make choices. In turn, this suggests the results are consistent with a sample of experts who view 

hypothetical options the same way, but differ in how consistently they express their views in making 

choices. 
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<INSERT Table 3 HERE> 

 

 For completeness, we further examine how similar/consistent the panellists were in their choices 

by sorting the common design by pairs and options ( 
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Table 7). Sorting the pairs by M2 choice totals reveals that panelists a) chose options that they 

thought indicated more effective use of evidence fairly consistently (proportions > 0.5), and b) did not 

chose options that they thought indicated less effective use fairly consistently (proportions <0.1). 

Most inconsistency (proportions between 0.5 and 0.1) was associated with options in-between. This 

simple result also is consistent with the notion that panellists made choices in similar ways, with some 

being more or less consistent in their choices than others (error variance differences). 

 Taken together, we have several results that triangulate to the conclusion that the panelists 

were more homogeneous in their choices than not. Thus, we should be able to approximate their 

choices well with a sample aggregate conditional logit model
24,25

. We now consider the results of a) 

estimating conditional logit choice models from the common and master design choices and b) using 

the master design estimation results to predict choices observed in a) the master design, b) the 

common design and c) the master and common designs combined. The master design had three levels 

for each indicator, while the common design only had the two extreme levels. Thus, one can use 

master design estimation results to predict common design choices, but not vice-versa (unless 

indicator levels are linearly related to responses). Prior work suggests one can add or average the 

indicator levels to generate an overall measure that combines the indicators in cases where dependent 

variables are quasi continuous like rating scales
36

. 

These prior results are unlikely to hold for choice data because choices proportions are 

constrained to lie between zero and one, and sum to one. We rule out this possibility by averaging the 

indicator levels for each choice option in each pair. As expected, the average indicator levels are 

monotonically related to the choice proportions, but unlike the prior work on continuous (or quasi-

continuous) outcomes, one cannot predict the observed choice proportions accurately without 

knowing the correct choice model transformation a priori. So, unlike prior results
35

, one needs a 

choice model to reliably and accurately predict choice probabilities for options. 

 The conditional logit model estimation results are in Table 4 (common design), Table 5 (master 

design), and  
Table 6 (both designs). As the prior results suggest, these results also are consistent with choice 

homogeneity as all models fit their estimation data well (common design pseudo R
2
= 0.37, master 

design = 0.43; combined designs = 0.39). These pseudo R
2
 values are very high by typical choice 
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modelling standards, and are consistent with relatively homogeneous sample choices (preferences). 

We compare estimation results for master and combined designs in Figure 4 by graphing common 

design model estimates against combined design estimates. The graph in Figure 4 suggests that there 

is no difference in the model estimates because random utility theory predicts that if two data sources 

(e.g., master design + combined designs) only differ in random error, model estimates from the two 

data sources should be proportional.  

<INSERT Table 4 HERE> 

<INSERT Table 5 HERE> 

<INSERT  
Table 6 HERE> 

<INSERT Figure 4 HERE> 

Figure 5 graphs model estimates against associated indicator levels (1, 2, 3). Recall that Figure 3 

graphed mean choice proportions against indicator levels to show how choices respond to them and 

measure each indicator’s impact in choice probability units. Figure 5 provides the same graphs in 

perceived (by the experts) “research use effectiveness” units. 

<INSERT Figure 5 HERE> 

Now we focus on the columns in Table 8 labelled “Most2%” (=M2/24) and PredLogit 

(probabilities predicted by master design model estimates). Observed and predicted M2 choice 

proportions for the common design and both common and master designs together are graphed in 

Figure 6. Figure 6 indicates that choice model estimates from the common design do a reasonably 

good job of predicting the observed choice proportions in the master design and both designs 

combined. Thus, we can have confidence in using the model estimates to evaluate and score the six 

agencies studied in the project that are the subject of an intervention, which we now consider. 

< INSERT  
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Table 7 HERE> 

< INSERT Figure 6 HERE> 

The Agency Intervention 

We use the choice model results to score six agencies studied in the SPIRIT (Supporting 

Policy In Health with Research: an Intervention Trial) intervention (the centrepiece of CIPHER) by 

using the model estimates to predict “perceived extent to which an agency has the systems and tools 

needed to use research evidence” scores and the probability that the sample of experts studied would 

choose each agency (of the six) as the one that exhibited the most useful combination of systems and 

tools to use  medical research evidence in making medical policy decisions. We measured each 

indicator during rounds one and two of data collection (six months apart). During this period two 

agencies received the first half of a year-long intervention designed to enhance use of medical 

evidence in policy decisions, including feedback on current practice and provision of agency support, 

educational symposia and research exchanges with topics selected by the agencies (please reference 

protocol paper under review). At each measurement point, independent, trained interviewers 

conducted a structured, qualitative interview with a representative from each agency, who was a 

senior member of staff with sufficient understanding of the organization to answer questions about its 

systems, structures and policies. 

On completion of the interview, two research fellows not involved in the interview process 

used the qualitative data that were collected to create scores for several factors that map into the seven 

indicators in the DCE. The level of agreement in the scoring was 95%. We then applied the model 

estimated from the master design to the seven indicator scores for each agency to predict scores for 

each agency and the expected distribution of choice probabilities from the panelists. This distribution 

can be interpreted as the choice probabilities that one would expect to observe under repeated 

presentation of the same choice set of six agencies to the panelists. 

 We first consider the “before” and “after” intervention scores for the seven indicators. As 

previously noted, each indicator score is an average of several factors (measures) associated with each 

indicator (Table 8). Where interviewees did not know the answer to a question associated with a 
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measure or an answer in the transcripts was indeterminate, we assigned a score of “2” (in the middle 

or “average”).  

<INSERT Table 8 HERE> 

Predicted indicator scores for before (round 1) and after (round 2) the intervention are in 

Table 9. The range of model effects for each indicator (i.e., range in model estimates), respectively, is 

1.84 (1), 1.01 (2), 2.36 (3), 2.51 (4), 1.61 (5), 2.15 (6), and 1.87 (7); this measures the impact of each 

indicator on the choices. Indicator 4 has the largest range, followed by indicators 3 and 6; indicators 2 

and 5 have the least impact. Scores in Table 9 show the two agencies in the intervention (agencies 1 

and 2) both improved after the intervention, but neither agency is close to the theoretical maximum 

score of 541, leaving considerable room to improve. 

 Theoretically, if all agencies had the same score, choice probabilities would equal 1/6 (0.167); 

so, if the intervention positively impacts the effective use of research evidence in the agencies, we 

would expect to see scores trend to the maximum, and we also would expect the predicted choice 

probabilities to asymptotically approach 0.167. The intervention is part of a step-wedge design, so we 

will not know whether these two expectations are reasonably satisfied until the trial conclusion. These 

results focus only on the approach used to measure the outcomes and the initial results of the before 

and after trial. 

<INSERT Table 9 HERE> 

DISCUSSION 

The primary takeaway from the research discussed in this paper is that one can use DCEs to 

model how experts evaluate the effective use of medical research evidence by organizations.  Despite 

some evidence of inconsistent choices (errors in choices), the choice models fit to the DCE choices 

did a reasonable job of recovering the actual choices. We used the choice model estimates to score 

(measure) all 2,187 possible indicator outcomes, allowing one to evaluate and compare any agency 

based on the seven indicators. The scores can be used to predict choice probabilities for any subset of 

agencies of interest. 

Traditional linear models for continuous dependent variables will predict well within the 

space spanned by the indicator levels provided that the indicators are monotonically related to the 
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outcomes
36

. Our DCE task satisfied these conditions for linear models to fit and predict the choices 

well, which in turn allows us to measure (score) each organization on the latent dimension of interest. 

This is both an advantage (we can accurately approximate the choices) and a disadvantage (we do not 

know the true decision rule used by participants to evaluate the indicator information and integrate it 

into an overall decision). Given that experts such as the sample we studied rarely have enough time to 

participate in extensive experiments that would allow us to more closely study and possibly identify 

the decision processes of individual participants, the DCE approach seems like a reasonable 

compromise, especially if the research objective is to measure how well the agencies perform. 

Obvious limitations of this DCE approach are small samples (of experts) and possible 

significant differences in individual choices. If one has larger samples, one can investigate whether 

any non-DCE covariates in the survey or data set are related to choices of indicator levels.  
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Indicators Levels common to all indicators 

1. Processes that encourage research use  No Yes – some or partial Yes – extensive or well developed 

2. Tools that assist leaders in supporting 

research use 

No Yes – some or partial Yes – extensive or well developed 

3. Providing training in research use  No Yes – some or partial Yes – extensive or well developed 

4. Strategies to access research  No Yes – some or partial Yes – extensive or well developed 

5. Methods to generate new research  No Yes – some or partial Yes – extensive or well developed 

6. Methods to evaluate policies  No Yes – some or partial Yes – extensive or well developed 

7. Strategies to strengthen relationships 

with researchers  

No Yes – some or partial Yes – extensive or well developed 
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Table 1: Choice Proportions for Common Design Levels 

 

Indicators and Levels 
Comm. Design Master Design 

Most1 Most2 Most1 Most2 

1. Processes that encourage research use  

No 0.43 0.28 0.36 0.23 

Yes – some or partial     0.55 0.42 

Yes – extensive or well developed 0.57 0.45 0.59 0.52 

2. Tools that assist leaders in supporting research use 

No 0.34 0.23 0.23 0.17 

Yes – some or partial     0.52 0.36 

Yes – extensive or well developed 0.66 0.5 0.75 0.64 

3. Providing training in research use  

No 0.33 0.21 0.41 0.22 

Yes – some or partial     0.45 0.39 

Yes – extensive or well developed 0.67 0.52 0.64 0.56 

4. Strategies to access research  

No 0.36 0.24 0.33 0.2 

Yes – some or partial     0.52 0.41 

Yes – extensive or well developed 0.64 0.49 0.66 0.55 

5. Methods to generate new research  

No 0.32 0.2 0.34 0.23 

Yes – some or partial     0.55 0.43 

Yes – extensive or well developed 0.68 0.53 0.61 0.51 

6. Methods to evaluate policies  

No 0.42 0.29 0.41 0.23 

Yes – some or partial     0.52 0.41 

Yes – extensive or well developed 0.58 0.44 0.58 0.52 

7. Strategies to strengthen relationships with researchers  

No 0.4 0.28 0.42 0.23 

Yes – some or partial     0.48 0.4 

Yes – extensive or well developed 0.6 0.45 0.59 0.54 
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Table 2: Range of Choice Proportions by Indicator and Design 

 

Indicator 
Common Design Master Design 

Most1 Most2 Most1 Most2 

1 .14 .17 .23 .29 

2 .32 .27 .48 .47 

3 .34 .29 .23 .36 

4 .28 .25 .33 .35 

5 .36 .33 .29 .28 

6 .16 .15 .17 .29 

7 .20 .19 .17 .31 
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Table 3: Correlations of Residual Mean Squares and Indicator OLS Estimates 

 

Indicators Resid2OLS 

Indicator1 
Corr. -.058 

Sig. .788 

Indicator2 
Corr. -.444 

Sig. .030 

Indicator3 
Corr. -.244 

Sig. .251 

Indicator4 
Corr. -.233 

Sig. .274 

Indicator5 
Corr. -.707 

Sig. .000 

Indicator6 
Corr. -.195 

Sig. .360 

Indicator7 
Corr. -.236 

Sig. .267 
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Table 4: Conditional Logit Estimation Results for Common Design 

 

-2 LL(0) 421.87 
LL Difference = 157.99 

-2 LL (convergence) 263.88 

2x Diff~Chi-sq df Sig. 

315.978 8 .000 

 

Effect EST SE Wald Sig. 

ASC(neither) -0.554 0.212 6.814 0.009 

Indicator1L1 -0.782       

Indicator1L3 0.782 0.198 15.643 0 

Indicator2L1 -0.894       

Indicator2L3 0.894 0.188 22.705 0 

Indicator3L1 -1.083       

Indicator3L3 1.083 0.202 28.853 0 

Indicator4L1 -0.854       

Indicator4L3 0.854 0.186 20.951 0 

Indicator5L1 -0.573       

Indicator5L3 0.573 0.152 14.145 0 

Indicator6L1 -0.633       

Indicator6L3 0.633 0.186 11.631 0.001 

Indicator7L1 -0.673       

Indicator7L3 0.673 0.186 13.051 0 

Estimates for Level 1 = -1x(bL1) for all indicators 

StErrs, Wald Stats & Sig are identical for L1 
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Table 5: Conditional Logit Estimation Results for Master Design 

 

-2 LL(0) 421.87 
LL Difference = 181.29 

-2 LL (convergence) 240.58 

2x Diff~Chi-sq df Sig. 

362.58 15 .000 

Effect EST SE Wald Sig. 

ASC(neither) -1.457 .305 22.787 .000 

Indicator1L1 -.921 .248 13.813 .000 

Indicator1L2 -.069 .128 .292 .589 

Indicator1L3 .930    

Indicator2L1 -.888 .221 16.114 .000 

Indicator2L2 -.364 .123 8.781 .003 

Indicator2L3 1.252    

Indicator3L1 -1.071 .248 18.665 .000 

Indicator3L2 -.219 .126 3.000 .083 

Indicator3L3 1.290    

Indicator4L1 -1.171 .254 21.287 .000 

Indicator4L2 -.164 .127 1.673 .196 

Indicator4L3 1.335    

Indicator5L1 -.801 .240 11.117 .001 

Indicator5L2 -.006 .130 .002 .961 

Indicator5L3 .807    

Indicator6L1 -.976 .251 15.179 .000 

Indicator6L2 -.102 .128 .629 .428 

Indicator6L3 1.078    

Indicator7L1 -.864 .238 13.161 .000 

Indicator7L2 -.134 .128 1.088 .297 

Indicator7L3 .998    

Estimates for Level 3 = -1x(L1+L2) for all indicators 

 

Table 6: Conditional Logit Estimates from Combined Designs 

 

Effects EST SE Wald Sig. 

ASC(neither) -1.429 .241 35.142 .000 

Indicator1L1 -.820 .142 33.247 .000 

Indicator1L2 -.052 .119 .190 .663 

Indicator1L3 .872       

Indicator2L1 -.959 .133 52.185 .000 

Indicator2L2 -.357 .116 9.509 .002 

Indicator2L3 1.316       

Indicator3L1 -1.078 .148 53.151 .000 

Indicator3L2 -.233 .117 3.979 .046 

Indicator3L3 1.311       

Indicator4L1 -.943 .137 47.685 .000 

Indicator4L2 -.122 .118 1.064 .302 

Indicator4L3 1.065       

Indicator5L1 -.595 .116 26.131 .000 

Indicator5L2 .034 .121 .078 .780 

Indicator5L3 .561       

Indicator6L1 -.728 .129 31.968 .000 

Indicator6L2 -.049 .120 .169 .681 

Indicator6L3 .778       

Indicator7L1 -.741 .130 32.568 .000 

Indicator7L2 -.118 .120 .982 .322 

Indicator7L3 .859       
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Table 7: Common Design with Most2 Choice Totals 

 

Pair 
Choice 

Options 

Most2 

Totals 

Indicators (coded 1 to 3) Observed Predicted 

I1 I2 I3 I4 I5 I6 I7 Most2% PredLogit 

1 A 1 1 3 1 1 1 3 1 0.04 0.00 

1 B 22 3 1 3 3 3 1 3 0.92 0.93 

1 Neither 1 0 0 0 0 0 0 0 0.04 0.07 

2 A 15 1 3 3 3 3 1 1 0.63 0.64 

2 B 1 3 1 1 1 1 3 3 0.04 0.06 

2 Neither 8 0 0 0 0 0 0 0 0.33 0.30 

3 A 0 1 1 1 3 1 1 3 0.00 0.00 

3 B 21 3 3 3 1 3 3 1 0.88 0.90 

3 Neither 3 0 0 0 0 0 0 0 0.13 0.10 

4 A 9 1 1 3 1 3 3 3 0.38 0.53 

4 B 4 3 3 1 3 1 1 1 0.17 0.12 

4 Neither 11 0 0 0 0 0 0 0 0.46 0.38 

5 A 8 3 3 1 1 3 1 3 0.33 0.36 

5 B 4 1 1 3 3 1 3 1 0.17 0.22 

5 Neither 12 0 0 0 0 0 0 0 0.50 0.42 

6 A 23 3 3 3 3 1 3 3 0.96 0.99 

6 B 0 1 1 1 1 3 1 1 0.00 0.00 

6 Neither 1 0 0 0 0 0 0 0 0.04 0.01 

7 A 8 3 1 1 3 3 3 1 0.33 0.61 

7 B 6 1 3 3 1 1 1 3 0.25 0.07 

7 Neither 10 0 0 0 0 0 0 0 0.42 0.32 

8 A 0 3 1 3 1 1 1 1 0.00 0.00 

8 B 18 1 3 1 3 3 3 3 0.75 0.91 

8 Neither 6 0 0 0 0 0 0 0 0.25 0.09 
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 Table 8: Observed Measures for Each Agency 

 

 

Interview Questions Used To Measure Indicators 

Round1 (Before) Round2 (After) 

Agency Number Agency Number 

1 2 3 4 5 6 1 2 3 4 5 6 

Q1 Does your organization have documented 

processes for how policies should be developed? 3 3 1 3 3 2 3 3 3 3 3 2 

Q2 Do these processes encourage or require staff to 

use research in policy development? 1 2 1 2 3 2 9 2 3 3 3 2 

Q3 Are programs available for leaders to improve their 

confidence or expertise in use of research in policy-

making?    1 1 2 1 1 2 1 3 2 1 2 1 

Q4 Do the position descriptions or performance 

management systems for senior policy makers in your 

organization cover expertise in use of research in 

policy-making? 1 1 1 1 2 2 1 1 1 2 1 3 

Q5In the last 6 months, has relevant research (papers, 

reports, syntheses or summary bulletins) been 

disseminated within your organization? 3 3 3 3 2 3 3 3 3 3 2 3 

Q6In the last 6 months, have leaders of your 

organization referred to research in their internal 

communication (e.g. newsletters, bulletins, updates, 

etc)?  2 1 2 3 2 3 3 1 2 1 2 3 

Q7Does your organization provide access to training 

for staff in how to access research, appraise and apply 

research for policy 

development/implementation/evaluation? 1 3 1 2 1 2 2 3 3 3 3 2 

Q8Is participation in training on how to access 

research, appraise and apply research for policy 

development/implementation/evaluation considered in 

staff performance management? 1 3 1 2 1 3 1 3 1 3 1 2 

Q9Does your organization have resources that provide 

guidance on how to access, appraise and apply 

research? 1 2 1 1 1 1 1 3 1 1 1 2 

Q10Does your organization have staff with recognised 

expertise in accessing, appraising and applying 

research to policy 

development/implementation/evaluation?  3 3 3 3 3 2 3 3 3 3 3 2 

Q11aDoes your organization have research resources 

such as subscriptions research journals 0 3 3 2 3 3 3 3 3 2 3 3 

Q11bDoes your organization have research resources 

such as subscriptions to databases of research pubs 0 3 9 2 3 3 3 3 3 2 3 3 

Q11cDoes your organization have research resources 

such as a library or electronic library 2 3 3 2 3 3 2 3 3 1 3 3 

Q11dDoes your organization have research resources 

such as licenses for ref management software 0 3 2 2 1 3 1 3 1 1 1 3 

Q12Does your organization have established methods 

for commissioning reviews of existing research? 2 3 1 2 2 2 2 2 2 3 3 2 

Q13Does your organization have systems for 

managing knowledge from research? 1 3 2 2 2 2 2 2 1 2 2 2 

Q14In the last 6 months, has your organization 

undertaken internal research to support policy 

development/implementation/evaluation? 3 3 3 3 1 1 3 3 3 2 1 1 

Q15In the last 6 months, has your organization 

commissioned external research to support policy 

development/implementation/evaluation? 3 1 1 3 3 2 1 1 2 3 3 2 

Q16Does your organization encourage or require that 

evaluation be built into policy development and 3 3 2 3 3 2 3 3 3 3 3 3 
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program planning? 

Q17Does your organization have documented 

processes for how policies should be evaluated? 1 3 1 2 1 1 1 3 3 2 1 2 

Q18Do these processes encourage or require staff to 

use research in policy evaluation? 1 2 1 2 1 1 1 3 9 3 1 1 

Q19In the last 6 months, has your organization been 

represented at any research forums or conferences?  3 3 3 3 3 3 3 3 3 3 3 3 

Q20. Does your org have formal, contractual 

relationships with external research organizations? 3 3 3 3 3 3 3 2 3 3 3 3 

Q21Does your organization have informal, 

collaborative relationships with external research 

organizations? 2 3 3 3 2 3 3 2 3 3 3 3 

Q22Do members of your organization have joint or 

adjunct appointments in research organizations?  1 1 3 3 1 3 2 1 2 3 2 3 

Q23In the last 6 months, have researchers participated 

in policy advisory committees (or similar) in your 

organization?  1 3 3 3 3 3 2 3 3 3 3 3 

0 indicates the interviewee did not know the answer to the question; 9 indicates that the correct score 

could not be accurately inferred from the transcripts; 1 is the lowest level, 2 is the middle level and 3 is the 

highest level 

Indicator1 = (Q1 + Q2)/2 

Indicator2 = (Q3 + Q4 + Q6)/3 

Indicator3 = (Q7 + Q8)/2 

Indicator4 = (Q5 + Q9 + Q10 +[(Q11a+Q11b+Q11c+Q11d)/4) + Q12 + Q13)/6 

Indicator5 = (Q14 + Q15)/2 

Indicator6 = (Q16 + Q17 + Q18)/3 

Indicator7 = (Q19 + Q20 + Q21 + Q22 + Q23)/5 
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 Table 9: Scores for Six Agencies on the Indicators 

 

Agenc

y 

Roun

d 

Indicators (score range between 1 and 3) Model 

Scores

* 

Predicted 

Choice 

Probabilit

y Ind

1 

Ind

2 

Ind

3 

Ind

4 

Ind

5 

Ind

6 

Ind

7 

1 1 2.00 1.33 1.00 2.00 3.00 1.67 2.00 4.11 0.014 

2 1 2.50 1.00 3.00 2.83 2.00 2.67 2.60 125.70 0.414 

3 1 1.00 1.67 1.00 2.08 2.00 1.33 3.00 0.84 0.003 

4 1 2.50 1.67 2.00 2.17 3.00 2.33 3.00 124.19 0.409 

5 1 3.00 1.67 1.00 2.08 2.00 1.67 2.40 9.29 0.031 

6 1 2.00 2.33 2.50 2.17 1.50 1.33 3.00 39.74 0.131 

1 2 2.50 1.67 1.50 2.21 2.00 1.67 2.60 34.32 0.050 

2 2 2.50 1.67 3.00 2.67 2.00 3.00 2.20 205.53 0.299 

3 2 3.00 1.67 2.00 2.08 2.50 2.67 2.80 136.21 0.198 

4 2 3.00 1.33 3.00 2.25 2.50 2.67 3.00 165.52 0.241 

5 2 3.00 1.67 2.00 2.25 2.00 1.67 2.80 62.85 0.091 

6 2 2.00 2.33 2.00 2.33 1.50 2.00 3.00 83.45 0.121 

*exponential (predicted model score) as required by conditional logit model 
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 Figure 1: Introduction to the DCE Task 

 

Background 

As part of the NHMRC funded ‘Centre for Informing Policy in Health with Evidence from Research’ 

(CIPHER), we wished to measure the use of research in medical policy-making. One aspect of this is 

development of an interview about organizational support for research use, which we call ‘ORACLe’. 

As part of the development of ORACLe, we consulted with experts in health policy and research use 

in policy, about factors that could be used as indicators of the use of research in policy. 

The DCE Survey 

The survey below has 17 scenarios comparing two hypothetical health policy agencies. In each 

scenario we ask you to choose which of the two health policy agencies makes the most effective use 

of research. The scenarios are designed to identify and quantify the factors that are important in 

discriminating between organizations which do and do not effectively use research in policy-making. 

To simplify the task we have used short descriptions for the elements of organizational support for 

research use in policy making (more information about these is in the glossary document): 

1. Processes that encourage research use 

2. Tools that assist leaders in supporting research use 

3. Providing training in research use 

4. Strategies to access research 

5. Methods to generate new research  

6. Methods to evaluate policies  

7. Strategies to strengthen relationships with researchers 

For each element, organizations can answer: 

• No: That they don’t have that resource/system/strategy/tool,  

• Yes – claimed (abbreviated “Yes – claim”): That they do have that 

resource/system/strategy/tool but they haven’t provided evidence, or 

• Yes – documented (abbreviated “Yes – doc”): That they do have that 

resource/system/strategy/tool and have provided evidence to demonstrate it. 

Some of the scenarios below may seem the same, but they all differ even if it may seem like the 

differences are slight. The apparent repetition is an important aspect of the research method that 

allows us to identify and explore the impact of each individual element in your decisions. Thanks for 

your patience! 

 

Scenario 1  
Element of organizational support for use 

of research in policy 
Org A Org B 

1. Processes that encourage research use No Yes - some or partial 

2. Tools that assist leaders in supporting 

research use 
Yes - some or partial Yes - some or partial 

3. Providing training in research use No Yes - some or partial 

4. Strategies to access research 
Yes - extensive or well-

developed 
Yes - some or partial 

5. Methods to generate new research Yes - some or partial Yes - some or partial 

6. Methods to evaluate policies Yes - some or partial No 

7. Strategies to strengthen relationships with 

researchers 
No 

Yes - extensive or well-

developed 

Q1. Do ALL SOME NONE of these organizations support research use in policy? (Tick one box.) 

Q2 Which organization makes the most 

effective use of evidence for policy 

decisions? (tick one box) 
 A  B 
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Figure 2: Comparison of Choice Proportions 
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Figure 3: Graphs Relating Choice Proportions Indicator Levels (solid=Most1; dash=Most2) 
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Figure 4: Master Design Estimates (X) Vs Estimates from Combined Designs (Y) 

 

y = 1.10x 
R² = 0.98 

-2.0

-1.5

-1.0

-0.5

0.0

0.5

1.0

1.5

2.0

-2.0 -1.0 0.0 1.0 2.0



38 

 

Figure 5: Choice Model Estimates (Perceived Effectiveness) Graphed Against Indicator Levels 
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Figure 6: Comparison of Predicted and Observed Choice Proportions 
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