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Summary

Background: A critical consideration when applying the results of a clinical trial to a particular pa-
tient is the degree of similarity of the patient to the trial population. However, similarity assessment
rarely is practical in the clinical setting. Here, we explore means to support similarity assessment by
clinicians.

Methods: A scale chart was developed to represent the distribution of reported clinical and demo-
graphic characteristics of clinical trial participant populations. Constructed for an individual patient,
the scale chart shows the patient’s similarity to the study populations in a graphical manner. A pilot
test case was conducted using case vignettes assessed by clinicians. Two pairs of clinical trials were
used, each addressing a similar clinical question. Scale charts were manually constructed for each
simulated patient. Clinicians were asked to estimate the degree of similarity of each patient to the
populations of a pair of trials. Assessors relied on either the scale chart, a summary table (aligning
characteristics of 2 trial populations), or original trial reports. Assessment time and between-asses-
sor agreement were compared. Population characteristics considered important by assessors were
recorded.

Results: Six assessors evaluated 6 cases each. Using a visual scale chart, agreement between phys-
icians was higher and the time required for similarity assessment was comparable

Conclusion: We suggest that further research is warranted to explore visual tools facilitating the
choice of the most applicable clinical trial to a specific patient. Automating patient and trial popu-
lation characteristics extraction is key to support this effort.
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1. Introduction

To make evidence-based decisions, doctors must keep their knowledge up to date. However, digest-
ing the rapidly accumulating published evidence is challenging at best. It has been estimated that
over 600 hours per month would be needed for a primary care physician to go over all relevant new
publications [1]. Indeed, most physicians do not regularly perform literature searches when in need
of information, and turn to reviews if they do [2]. To cope with information overload, many clini-
cians choose to rely on high-level aggregate and summary data knowledge bases of published re-
search. These resources are extremely valuable, however they cannot fully account for the variability
and diversity between patients and within populations forming the original publications on which
they are based.

Implementing evidence-based practice entails applying the (aggregate —level) conclusions of a
successful clinical trial to a particular patient, despite the built-in limitations of such approach. A
critical consideration when doing so is the degree to which the study population is representative of
the patient. The more similar the patient to the participants of a study, the stronger the justification
for relying on that study when considering an intervention. When more than one clinical trial as-
sessing a diagnostic or therapeutic question is available, clinicians have to choose which one to rely
on. This involves comparing them in light of the characteristics of a patient in question. Hence, to
evaluate available evidence in context of a particular patient, the physician sometimes has to refer to
the original reported results of clinical trials rather than rely on high-level summary resources.
However, as mentioned, this is hardly feasible in practice using traditional methods.

How can one tell if a patient and a trial population are similar? What patient characteristics are
relevant for the assessment of similarity, and what is their relative importance? There is no well-es-
tablished, comprehensive list of such attributes available. Moreover, both the relevance and import-
ance of various attributes are case-specific. Characteristics cardinal to the evaluation of one clinical
question may have little if any relevance to another. For example, gender is a major determinant in
the workup of urinary tract infection [3] but probably has a small effect if any on the management of
tinnitus.

As documented by McDonald [4], physicians use heuristics to fill in information lacunas such as
those involved in determining clinical trial applicability. However, heuristics have been shown to in-
volve substantial biases that may adversely affect rational decision making [5]. As heuristics are used
whenever uncertainty is present, reducing bias entails reducing uncertainty.

To date, efforts to help doctors cope with the problems of having too little evidence at hand, or
too much evidence to handle, have been focused on improving their efficient access to evidence. Yet,
when it comes to digesting clinical trials, these efforts seem to fall short of doctors’ needs. Real time
similarity assessment in the clinical setting is impractical when attempted to be performed manually
because of time constraints. This calls for means to facilitate comparing a patient to a clinical trial
population, and trial populations to each other, allowing clinicians to draw more valid conclusions
from these trials regarding their patients.

Experiments of using graphical representation of medical information have been conducted for
improving patient education [6-9] and interpreting laboratory data [10, 11]. Some clinically-rel-
evant extremely complex information types, such as genetic and microbiome analyses are typically
reported using graphic representation [12]. New ways to graphically present clinical practice guide-
lines have been suggested [13] and novel representation of timelines [14], clinic encounters [15] and
intensive care unit electronic health record data explored [16]. Scale charts such as forest plots are
commonly used for meta-analysis reports. However, by and large, studies of graphical tools as means
to represent clinical information are sparse. A tool for comparing an attribute of a target population
to the distribution of the corresponding attribute in a clinical trial population has been suggested
[17], but it only allows one attribute at a time to be compared.

In an attempt to provide better ways of approaching and evaluating the relevance of clinical trials,
we developed a visual summary scale chart to compare the characteristics of a patient to those of
trial populations. In this work, we present the approach and report the results of a pilot case study
evaluation of it.
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2. Objectives

We explore here the potential for trial-patient relationship digestion and representation using a vis-
ual scale tool. Appreciating that distribution measures of the characteristics of a trial population may
be as important as the mean in this context, we aimed to communicate both in an intuitive and
space-efficient way in the graphic representation.

In the exploratory case study conducted, we aimed to assess the performance of the scale chart in
terms of the time needed to complete the task of similarity assessment, as well as the reproducibility
of the assessment as measured by between-assessor agreement.

3. Methods

We conducted a case study to compare a summary table of clinical trials to a graphical represen-
tation of their populations relative to a patient’s characteristics for facilitated similarity assessment.

The visual chart used was designed to follow the format of the table almost always found in trials
which lists the baseline characteristics of participants (often referred to as “Table 17). The use of
horizontal bars to represent distribution measures was inspired by the commonly used graphic rep-
resentation of normal value ranges in lab reports. The bars are also similar to those found in forest
plots, which physicians reading meta-analyses are used to seeing. Designing the scale chart, we
made an attempt to reduce the information burden by limiting the displayed content to the mini-
mum necessary.

Two pairs of clinical trials, each addressing a similar clinical question were selected. The first [17,
18] assessed the benefit of fibrates in preventing cardiovascular outcomes and the second [19,20]
compared the combination of an angiotensin converting enzyme inhibitor (ACE-I) and an angio-
tensin receptor blocker (ARB) versus ACE-I alone for prevention of cardiovascular outcomes. The
papers were chosen as they address common conditions and common therapeutic choices.

We simulated a case where a clinician has to select the more appropriate of two studies to rely on
when caring for a specific patient. Demographic and clinical data of trial populations, as well as in-
clusion and exclusion criteria, were manually extracted from the published reports to a spreadsheet
(Microsoft Excel 2010, Microsoft Inc.). One of the studies [21] reported separately the participant
data for the intervention and control groups. For each variable, an average value across the two
groups was computed for the entire study population. These data were used to populate a summary
table (»Table 1) aligning the two studies constituting each pair one next to the other to facilitate
comparison of their populations.

The population of the summary table involved some editing to the format in which baseline char-
acteristics were reported in the original articles. In some cases, categories were merged. For example,
the Education categories “some college” and “college degree or higher” were replaced by a single cat-
egory “at least some college”. A study reported separately the percentage of participants over 75 years
of age, while its pair did not. In this case, since age was included as a characteristic of the population,
the information on this subset of participants was omitted when constructing the summary table in
an attempt to avoid information overload. In other cases, where an attribute was available in only
one study but was considered by us to be clinically important, it was used in the summary table and
an indication of data being unavailable in the corresponding study was added (e.g., “Hospital admis-
sion for CHF”).

For each simulated patient, a scale chart based on the same data was manually created. Colored
bars (with each trial represented by a different color) for each reported characteristic represented
trial population mean (or median) and/or distribution (standard deviation, inter-quartile range or
relative fraction of categories). On the bars appeared numerical values of the mean/median and the
distribution measure used. The bars were positioned in relation to a vertical line representing the
simulated patient so as to show the patient’s position on the trial population distribution (» Figure
1). The numeric/categorical value of each characteristic of a patient appeared in a text box adjunct to
the vertical bar. As the scale chart was focused on comparing patient and study population values
using the same metric, units were omitted to reduce the information burden on assessors.
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Clinicians working at the National Institutes of Health (NIH) were approached and asked to use
the assessment tools. Assessors were presented with data from two pairs of clinical trials, each ad-
dressing a similar clinical question. For each pair, they were provided with either (a) the relevant
parts in the original publications containing data for similarity assessment, including the methods
section and the table outlying baseline patient characteristics; (b) the summary table (»Table 1) or;
(c) the scale chart (> Figure 1). Assessors were provided a 1 page tutorial on the use of the scale
chart, which did not include data from the trials assessed. Abstracts of the published trial reports
were also available to the participating clinicians. Each physician was presented with 3 simulated
case vignettes describing patient demographics and prior medical history. Case vignettes were
composed by one of the authors (AC), and attempted to describe patients likely to be encountered in
the clinic.. Each participant evaluated 3 casesper trial pair (a total of 6 case vignettes).

Based on the information provided, and disregarding trial outcome, clinicians were asked to as-
sess the similarity between each simulated patient described in the vignettes and each of the corre-
sponding 2 clinical trials, by assigning a score between 0 and 100 on a scale. As we had no particu-
larly good reason to prefer one evaluation scale over another, we chose a percentage scale, which
physicians commonly use. Case order was changed between participants. Participants were asked to
time their assessments.

We further collected information about the attributes on which assessors based their conclusion.
For each pair of trials, clinicians were asked to mark those reported participant population charac-
teristics that they considered clinically important for the purpose of similarity assessment and also
to indicate whether they considered the exclusion criteria to be relevant in this context. This was
done using checking characteristics on a pre-generated list. In the list, for the sake of simplicity,
some categories of characteristics were merged. For instance, the smoking sub-categories “current”,
“past” and “never” were merged to “Current smoking status”.

Statistical analysis was done using SPSS Statistics 20 (IBM Inc.) We used the between-assessor
agreement as the gold standard for comparing the quality of the similarity assessments based on the
different tools used by assessors. For each patient presented, and for each of the assessment tools
studied, the difference in the similarity assessment between any two participating clinicians was
computed. Student’s t-test was used to compare means. Qualitative judgements were compared
using the Kruskal-Wallis rank sum test.

4. Results

Considerable differences in the choice of parameters reported in the baseline characteristics table of
the studies used were noted. In the first pair of trials, the summary table included 45 parameters. Of
those, the relevant information was not reported for 10 and 21 parameters in the “Blue” and “Or-
ange” study, respectively. A similar pattern was observed in the second pair of trials, where out of a
total of 50 parameters in the summary table, 22 and 10 parameters were not available for compari-
son in the “Blue” and “Orange” studies, respectively. Some of these were sub-categories of parame-
ters, such as “Total cholesterol interquartile range”

There were a total of six participants: 4 attending physicians (3 internists and 1 cardiologist), 1 in-
tern and 1 final year medical student. A total of 36 cases were assessed. The average time needed to
complete the assessment of 3 case vignettes using the 3 modalities was 19, 20 and 21 minutes for the
published baseline participant characteristics, scale chart and summary table, respectively. However,
the time participants required to complete the entire questionnaire ranged from about 20 to 44 min-
utes.

Similarity assessments (within each case, across modalities) varied considerably between clini-
cians, with a mean range of 57+9%. Wide gaps were also evident between numeric assessments of
each of the two participants assessing the same case vignette using the same tool, yet the greatest
agreement (i.e., smallest mean difference) was found between assessors using the scale graphic rep-
resentation (P> Figure 2, upper panel). Mean between-assessor differences were 24+19%, 18+12%,
and 31+23%, respectively (all differences statistically significant with p<0.01). When comparing the
agreement between assessors as to the qualitative selection of the more applicable trial of each pair
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presented, we found it to be highest when the scale chart was used, however this finding was not
statistically significant (P Figure 2, lower panel).

There was poor agreement between clinicians as to the relevance of reported population charac-
teristics to similarity assessment, as shown in »>Figure 3. Participants unanimously agreed on only
one characteristic (a medical background of diabetes) for the first pair of trials, whereas no unani-
mous agreement was found on any characteristic for the second pair. Of the entire list of character-
istics to be considered, only 15 of 38 and 10 of 45 characteristics from each paper, respectively, were
considered important by the majority of clinicians, and only six of these were common to both pairs
(namely: Age, sex, body-mass index, presence of diabetes, presence of hypertension, and current
smoking status).

5. Discussion

Methods for helping clinicians efficiently digest evidence and apply it in everyday practice are des-
perately needed to overcome the time pressure and cognitive load associated with clinical work. To
this end, we show preliminary evidence in this pilot study that our knowledge visualization tool pro-
duces better between-physician agreement when assessing the similarity between a patient and a
study population and when choosing the more applicable of a pair of trials.

Our results are limited owing to the small number of participating clinicians and small number of
cases assessed. Although we had anticipated that the time needed for clinicians to perform the as-
sessment would be shorter using the visual scale, our results show that using the published partici-
pant baseline characteristics table was actually the fastest way to arrive at a conclusion. One expla-
nation for this finding may be suboptimal design of the visual tool. Alternative visualization formats
can be explored, like heatmaps [20] or radial charts [21], which are growingly used for multivariate
data. A notable limitation of the visual scale is that it is impractical for handing more than two trials
at a time. Alternative designs could be superior in this aspect as well. Future versions of the tool, per-
haps presenting less data, may be more intuitively interpreted by physicians. For instance, an inter-
active process, in which the physician first defines those parameters she wishes to compare, could
allow for a more concise visual chart to be displayed. Another explanation relates to physicians’ lack
of experience using the scale chart. Participating clinicians only received a 1 page tutorial on the use
of the scale chart, whereas they have far more experience using the conventional data presentation.
It may very well be that for an advantage in assessment time to be demonstrable, repeated use of the
visual tool will be required. We were surprised to find less agreement between clinicians when using
the summary table, which we had expected would facilitate comparison between trials by aligning
their reported population characteristics.

Manual construction of scale charts is tedious and impractical, but automatic data extraction (of
both patient and trial population) and translation methods are technically feasible and may facilitate
adoption of the scale charts. Structured patient characteristics may be extracted from an electronic
health record system in a standardized format. Participant characteristics for clinical trials can be
obtained in XML format when they have been included in the trial listing on ClinicalTirals.gov. Pro-
vided that data are properly reported (especially eligibility criteria), the whole process could event-
ually be automated, including the assignment of a numeric or categorical score representing the de-
gree to which a patient and a trial population are similar. Inconsistent reporting of participant char-
acteristics in terms of the characteristics chosen, subcategories used and the units of measure re-
ported is a challenge. In our case, less than half of the parameters in the summary tables could be di-
rectly compared between the studies in each pair. This is a surprising finding since each pair of trials
related to a similar clinical condition, and thus one would expect that similar characteristics would
be reported. Our findings indicate that not all reported characteristics are regarded as being impor-
tant (or relevant) in the assessment of similarity. Only a minor part of the reported trial character-
istics was considered important by the majority of assessing clinicians and those characteristics var-
ied between trial pairs and participants. This may suggest that the set of reported characteristics
published as part of an article could be reduced, whereas other characteristics could be reported
only in supplemental material. As noted, an interface allowing the user to define the list of character-
istics to be displayed will eliminate information considered by the user to be irrelevant or redundant,
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which will result in a less crowded and easier to use visual chart. Assigning differential weights to at-
tributes to reflect their relative contribution to an overall similarity measure may improve the valid-
ity of the similarity assessment. However such weights may vary on a trial by trial and patient by pa-
tient basis and data to support their valid assignment is lacking. Currently, we assume that phys-
icians assign differential weighing, but this is probably done implicitly and weights may not be quan-
tifiable. Hence, having weights assigned to selected parameters automatically or by the querying
doctor is a matter requiring further research.

Finally, when comparing an individual patient to a group of trial participants, the mean or medi-
an value of a specific characteristic may be insufficient. The diversity within a trial population
should also be taken in consideration when assessing similarity. The recently introduced GIST score
[17] aims to support doing so. If the diversity within a trial population is high, then some correction
may be needed, such as dividing the measure of difference in a characteristic by its variance in the
trial population. Ideally, similarity should be assessed based on individual participant data (using
trials’ original, complete databases) rather than on reported aggregated data. However, individual-
level participant data are not currently available to use by clinicians for this purpose.

6. Conclusions

Assessing the applicability of clinical trials to the management of specific patients is key in clinical
decision making but is challenged by data overload and time restriction. The proposed visual scale is
a preliminary attempt to facilitate the direct application of clinical trials to patient care. Further re-
search is needed to validate and refine this approach, and a more structured scheme of reporting
trial population characteristics allowing for automating the comparison process is warranted.

Clinical Relevance Statement

We propose a visual scale representation of characteristics of clinical trial populations and individu-
al patients. This tool is intended to be used by a clinician caring for a patient to select clinical trials
with populations most representative of that patient. Automatic construction of visual scales may
be useful in supporting at scale individualized evidence-based medicine at the point of care.
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Fig. 1

An example of a Scale Chart
comparing a patient’s char-
acteristics (red vertical line,
grey boxes) to the distribu-
tion of reported population
characteristics of two clini-
cal trials (blue and orange
horizontal bars). Each bar
represents the mean or
median and the standard
deviation or interquartile
range (IQR), as indicated,
for continuous variables,
and relative frequency for
categorical variables. Hori-
zontal bars are aligned to
correspond to the patient’s
characteristics. Different
tones are used for different
categories.
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Fig. 2 :Numerical similarity-degree assessment-difference between each two clinicians assessing the same case vi-
gnette using the same assessment tool. Error bars represent + 1 standard error of mean (upper panel); Overall degree
of between-assessor agreement on the more similar trial of each pair of trials presented using the same assessment
tool (lower panel).
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Fig. 3 Between-assessor agreement on trial population characteristics important for similarity assessment (dark
and light bars represent the first and second pairs of trials, respectively). The majority of characteristics were not
viewed as important by most assessing physicians.
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Table 1 Baseline characteristics of trials and patient

Characteristic Blue Orange Patient
Age mean+SD 64.05+11 62.75+14.4 40
Men% 78.7 53.9 female
Ethnic origin% European 90.55 100 black

Black 5 0

Other 4.45 0
NYHA class (%) ii 24.1 335 class ii

iii 72.85 66.5

iv 3.05 0
LV ejection fraction (%) mean=SD 28+7.5 29.8+7.65 40
Heart rate (beats/min) mean+SD 73.55+13.1 67.8+8.6 98
Blood pressure (mm Hg) mean+SD  Systolic 125.15+18.6 125.4+8.1 96

Diastolic 75.1+10.75 81+6.45 58
Body-mass index (kg/m2) mean+SD 27.85+5.3 n/a 21
Time on HD monthes mean+SD n/a 93.95+16.1 None
Body surface area mean=SD n/a 1.88+0.115 1.7
Delta body weight, kg mean+SD n/a 2.75+0.8 n/a
Heart-failure cause % Ischaemic 62.4 n/a idiopathic

Idiopathic 26.2 n/a

Hypertensive 6.5 n/a
Hospital admission for CHF 77.1 n/a yes
Myocardial infarction 55.65 56.9 no
Current angina pectoris 20.25 n/a no
Stroke 8.65 n/a no
Diabetes mellitus 29.75 29 no
Hypertension 48.2 n/a no
Atrial fibrillation 26.95 n/a yes
Pacemaker 9.1 n/a no
Current smoker 16.85 12 no
previous smoker n/a 26.95 no
PCI 14.75 n/a no
CABG 24.45 n/a no
Implantable cardioverter-defibrillator 3.95 n/a no
Cancer 6 n/a no

Medical treatment %

ACE inhibitor 99.9 100 yes
Diuretic 90.05 n/a yes
blocker 55.45 60.95 no
Spironolactone 17.15 n/a yes
Digoxin/digitalis glycoside 58.4 51.5 no
Calcium antagonist 10.45 n/a no
© Schattauer 2016 A. Cahan, James J Cimino: Visual assessment of the similarity between a patient and trial
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Table 1 Continued

Characteristic Blue Orange Patient
Other vasodilators 36.75 n/a no
Nitrates n/a 48 no
Oral anticoagulant 38.1 n/a no
Antiarrhythmic agent 12.55 n/a no
Amiodarone n/a 19.15 no
Aspirin 51.45 63.85 yes
Other antiplatelet agent 3.25 32.75 no
Lipid-lowering drug 41.2 n/a statin
Statin n/a 67.95 statin
Hemoglobin, g/dl mean+SD n/a 11.4+0.65 10
Albumin, g/dl mean+SD n/a 3.915+0.58 3.1
PTH, ng/l mean+SD n/a 245.9+36 220

Exclusion: not specified
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