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ABSTRACT
Clinical Trials are a critical step for medical advancement; key to
success is recruiting eligible patients to a trial. Retrieval methods
are used to identify relevant trials given a single patient/query. After careful consideration of the clinical setting, this paper takes a
different approach: cohort-based trial retrieval. We consider ranking
trials that maximise recruitment opportunities across the whole
patient cohort, instead of a single patient. This resolves into optimising a ranking for the whole query set formed by the patient
cohort, rather than treating each query independently — and thus
considering an evaluation measure based on cohort coverage. We
study the adaptation of rank fusion methods and diversity reranking to this problem. Empirically, we show the surprising impact of
initial ranking effectiveness (underlying initial retrieval) on cohort
coverage when adapting rank fusion methods. We further highlight that devising cohort-aware methods would have a far greater
impact on patient recruitment.
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1

INTRODUCTION

Clinical trials are experiments done in the development of new
treatments, drugs or devices. They are a critical step for medical
advancement and are essential before new advances can be used in
practice. However, recruiting sufficient eligible patients to a trial
can be a major obstacle [15]. It can lead to trials being delayed or
even cancelled. Even if successful, recruitment is costly and time
consuming.
Large collections of clinical trials are published online (ClinicalTrials.gov contained 330,113 trials in 2020). Treated as a document
collection, these can be searched using a description of a patient
(for example, a patient’s electronic patient records). In traditional
clinical trial matching, there is a cohort (i.e., query set) of patients;
each query representing the patient is issued to the IR system and
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a ranking of trials is retrieved. There are explicit test collections for
this task [12], including the TREC Precision Medicine Track [16, 17].
Evaluation is done in the traditional IR manner: evaluate each single query independently according to some evaluation measure;
then average across all the queries to get an overall measure of
effectiveness. While the workflow is valid it does not capture the
actual clinical setting.
In the clinical setting, the patients are not independent and hence
queries should also not be treated so. This is because many patients
are likely to show similar clinical profiles and diagnosis, even more
so when confined to a specialist practice. Across the rankings of
clinical trials for the whole patient cohort (i.e., query set), there
may be common trials, retrieved for a number of queries and thus
relevant to a number of patients. As we will show, there is a real
advantage in retrieving trials for which many patients (i.e., queries)
are relevant. Thus this paper investigates cohort-based clinical
trial retrieval: devising a ranking of trials that covers as much of
the patient cohort as possible.
We formalise this problem and identify suitable evaluation measures and settings which model the real-world clinical situation
of matching patients to eligible trials. We adapt a number of rank
fusion techniques to combine rankings from single-queries into a
final cohort-based ranking. Empirical evaluation shows that high
quality single-query rankings do not necessarily correlate with the
final cohort-based ranking. We show the limitations of optimising
retrieval for a single-query. Based on this we utilise a diversitybased reranking method that accounts for patient coverage; this
does improve cohort-based ranking. Establishing a strong baseline
for a greedy selection of final cohort ranking, we show the potential
for new models that aim to optimise the final cohort ranking.

2

THE USE CASE FOR COHORT-BASED TRIAL
RETRIEVAL

Matching patients to clinical trials happens in the four different
settings outlined in Table 1. Automated methods for both pT and
tP have been considered; in particular, by researchers in the Text
Retrieval Conferences (TREC). However, this was always done for
either a single patient (pT) or single trials (tP). Matching trials to
cohorts of patients has not been tackled to our knowledge.
In a real-world setting, given the above situations, people are
limited in their capacity to review trials or patients. Note that even
with a highly effective information retrieval system, there is always
a manual review step to determine eligibility. (This could involve,
for example, further medical tests for a particular patient so beyond
the scope of an automated matching system.) The limited capacity
of manual reviews imposes two types of constraint:
Fixed Number of Patients: First, where someone is responsible
for a cohort 𝑃 patients (e.g., a hospital or individual clinician) and
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Id

Input

Output

User/Example scenario

pT
tP

Single patient, 𝑝
Single trial, 𝑡

Eligible trials, 𝑇 .
Eligible patients, 𝑃.

PT

Cohort of patients, 𝑃

Eligible trials, 𝑇 .

TP

Set of trials, 𝑇

Cohort of eligible patients, 𝑃.

Individual clinician trying to find a trial for their patient.
Researchers or pharmaceutical companies conducting a particular clinical
trial for which they want to recruit patients.
Clinician or organisation (e.g., hospital) responsible for a number of patients
they want to enrol in to clinical trials.
Either similar to tP where researchers or pharmaceutical company are trying
to recruit to multiple trials; or where a health provider (clinician or hospital)
is supporting multiple trials.

Table 1: Different settings of the patient-trial matching problem. 𝑝 ∈ 𝑃 is a patient in a set of patients; 𝑡 ∈ 𝑇 is a trial in a set of
trials.

wants to enrol them into trials. They would like to enrol as many
of the 𝑃 patients as possible. It is particularly beneficial to enrol
multiple patients to a trial, thus reducing the overall number of
trials one has to deal with. This is because each trial incurs a certain
fixed cost, both from an administrative and cognitive overhead
perspective.
Fixed Number of Trials: The second situation is for people strictly
limited on the number of trials they can review; for example, a busy
clinician. Here they are managing a fixed set of 𝑇 trials — again
resource limitations dictate the amount of trials (size of 𝑇 ).
This paper considers the case of matching a cohort of patients to
a set of trials, rather than individual patients. There are a number
of advantages of a cohort-based approach:
(1) Less trials overall are needed to cover the whole patient
cohort.
(2) From a practical perspective, this means a clinician (e.g., doctor) has to review less trials. In many cases, a busy clinician
will have a strict limit on the number of trials they will review, thus retrieving trials that cover more patients means
more of the overall patient cohort are covered, which may
result in better health outcomes for more patients.
(3) Recruitment effort reduces with less trials — the overhead
of recruiting 10 patients to 1 trial is far less than recruiting
10 patients to 10 different trials.
(4) By retrieving trials that increase coverage of the patient
cohort, more patients have access to new and emergency
treatments — in the cancer space, for example, this can be
life saving.
As practical illustration of the benefit, consider the small sample
case in Figure 1. The left ranking is not optimised for patient coverage: if someone was reviewing trials in order, top to bottom, they
would need to review all five trials to cover each of the five patients.
In contrast, the right ranking is optimised for patient coverage:
someone reviewing trials would only need consider the top two
trials to ensure complete coverage.

3

RELATED WORK

There have been a number of initiatives to foster research in matching patients to trials. While research has been hampered by a lack of
publicly available patient records (understandable given the privacy

constraints of releasing such data), there have been four key test collections available for empirical evaluation: TREC MedTrack [20, 21],
TREC Precision Medicine (PM) Tracks, MIMIC III [8] and a custom
collection we released [12].
TREC MedTrack ran in 2011 and 2012 and represented the single
trial, eligible patients setting (tP of Table 1). The document collection was a set of de-identified patient records, including discharge
summaries, surgery notes and laboratory reports. The queries, while
not explicitly a clinical trial, were a general description of the eligibility criteria; for example, “Adult patients who are admitted with
an asthma exacerbation” (TREC 2011 topic# 15).
Effective methods in TREC MedTrack were mostly well known
statistical, IR approaches from the time with a number of domainspecific enhancements added [3]. These included:
• Normalising vocabulary to the particular clinical domain.
• Query expansion; either via controlled medical vocabulary
such as Unified Medical Language System Metathesaurus,
or via external corpora [24].
• Recognition and handling of negation in text [11] (e.g., “patient had no fever”), which is particularly prevalent in clinical
language.
• More recently, learning-to-rank methods have showed to be
very effective on this task [7].
Post TREC MedTrack error analysis [5] revealed that vocabulary
mismatch was not the main cause of errors. Instead, the main
challenge was effectively ranking relevant documents above nonrelevant documents, where both contained the query terms.
The single patient, eligible trials setting (pT of Table 1), was
the focus of the TREC Precision Medicine (PM) Tracks [16–18].
The document collection was a snapshot of trials from ClinicalTrials.gov. The queries were a description of a particular patient,
including symptoms, diagnoses, demographics and genetics. These
were terse and thus not directly equivalent to the type of notes
found in an Electronic Health Record system, but at least provide a
surrogate patient description that can be used for experimentation
with different retrieval systems.
The most effective methods in TREC PM were learning-to-rank
based. These had specific features for genes and diseases and often
did significant query and document preprocessing to extract this
information [6]. Effective query handling (e.g., preprocessing or
handling) proved important [4, 22].
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Figure 1: Sample rankings for two different approaches: cohort-aware (right) and individual patient ranking (left). The X
indicates that the patient is relevant to the corresponding trial. For cohort-optimised ranking, full coverage of the five patients
is achieved by reviewing only the top two trials. In contrast, for individual ranking, full coverage is only achieved by having to
review five trials.
A key observation with all the above methods is that they focus
on matching a single patient to trials (e.g., TREC PM); or matching
a single trial to patients (TREC MedTrack); they do not consider
the case of cohort retrieval — matching a cohort of patients to a
set of trials. In the previous section, we have outlined the case for
cohort retrieval. To our knowledge, there has been no investigation
into how cohort retrieval might be applied to or impact search for
clinical trials — thus cohort retrieval is the focus of this study.

4

FORMALISING THE PATIENT COHORT
COVERAGE PROBLEM

Figure 2 presents graphically how the proposed cohort-based retrieval problem compares with the traditional, single-query approach. We formally describe the various aspects below.
Let 𝑄 represent the set of 𝑛 patients/queries 𝑞 ∈ 𝑄 for which
we would like to find eligible trials. If each query is answered
independently, as in traditional IR evaluation settings, then a result
set 𝑅𝑄 is formed by considering the individual ranked lists 𝑟 1, . . . , 𝑟𝑛
for each of the single queries 𝑞 (thus 𝑅𝑄 = {𝑟 1, . . . , 𝑟𝑛 }). Each result
list would contain clinical trials 𝑡 ∈ 𝑇 for a large collection of
clinical trials (e.g., from ClinicalTrials.gov).
Now let 𝑇𝑄 instead represent the final cohort-based ranking of
trials 𝑡 ∈ 𝑇 for the set of patients 𝑄. Unlike 𝑅𝑄 , that contains a
ranked list for each query (and thus 𝑛 rankings in total), 𝑇𝑄 is a
unique ranking that is meant to consider all patients (queries) in
the cohort. Ideally, 𝑇𝑄 should provide a ranking of relevant trials
that maximises the number of patients that can be recruited to the
trials.
In the clinical setting, a clinician needs to manually review the retrieved trials. Busy clinicians will only have the capacity to process

a limited numbers of trials and they may thus impose the constraint
of viewing no more than 𝑟 trials such that |𝑇𝑄 | < 𝑟 .
Note that it is important that a patient be enrolled in at least
one trial, and there is no penalty nor gain in suggesting multiple
relevant trials for a single patient. Formally, this problem is akin
to that of maximum coverage problem in computer science [9]. Refinements to the cohort coverage problem we have outline would
be to account for the non-uniform cost of assessing trials (some
trials may require more effort to assess), and non-uniform gains (a
trial for life-threatening conditions or a rare diseases); however, we
leave them to future work.
In cohort-based retrieval, the effectiveness of a system is then a
measure of what portion of the patient cohort (𝑄) is covered by the
ranking of trials (𝑇𝑄 ). We call this measure recruitment coverage
and define it for the whole patient cohort as:
Í
rec_cov(𝑇𝑄 ) =

𝑞 ∈𝑄

rel(𝑞,𝑇𝑄 )
|𝑄 |

,

(1)



Í
1, if 𝑡 ∈𝑇𝑄 rel(𝑞, 𝑡) > 0
(2)
0, otherwise
and rel(𝑞, 𝑡) is 1 if trial 𝑡 is relevant to patient 𝑞, and 0 otherwise.
Thus rec_cov is 1.0 when 𝑇𝑄 contains at least one relevant trial
for every patient in 𝑄.
rel(𝑞,𝑇𝑄 ) =

5

METHODOLOGY

In this paper, we aim to understand the applicability of traditional,
single-query retrieval methods to the problem of cohort-based clinical trial retrieval, and understand what advantages new cohortaware methods may provide.
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Figure 3: Various methods and experiments used in investigating cohort-based retrieval.
Traditional,
single-query
ranking

TQ = single ranking for patient cohort

Cohort-based
retrieval

fields.1 As patient record queries are often verbose we adopt the
query reduction technique of [10], shown to be effective in this
task. In addition, filtering on demographics (age, gender, pregnancy)
and trials status (recruiting status, location) was implemented via
boolean field restrictions. This system, denoted ‘Baseline CT’, represents a baseline IR system specific for clinical trials search.
To form a state-of-the-art system we used the best performing
runs from TREC PM, combing the best run from 2017 [14] with the
best run from 2018 [23]. This represents the most effective ranking
of trials for single queries; we denote it ‘TREC Best CT’. Figure 3
shows the single-query ranking systems in green.

5.2
Figure 2: Comparing the common approach of clinical trial
retrieval, which is traditional, single-query ranking with the
alternative of cohort-based retrieval.

This study uses data from the TREC Precision Medicine Track
(TREC PM) 2017 [17] and 2018 [16]. For both years, participants
were provided synthetic patient records as queries and tasked with
retrieving clinical trials crawled from ClinicalTrials.gov. Relevance
assessment was done by clinicians and the focus was on cancer
patients and trials. The TREC PM test collection was not devised
with cohort-based retrieval in mind and the patients were specific
to the cancer space. This, though, represents a realistic scenario
for cohort-based retrieval where there would, in fact, be a single,
similar source of patients — a specific cancer treatment clinic, for
example. Furthermore, the specific domain of cancer trials is large
enough and pressing enough in terms of critical access to new trials,
to warrant it as a focus in its own right.
In the next sub-sections, we describe a number of different methods to investigate cohort-based retrieval. Figure 3 is used as a visual
aid and we refer to different parts of the figure in subsequent sections.

5.1

Single-Query Ranking Systems

Given the TREC PM task, we established two single-query retrieval
systems: baseline and state-of-the-art. The baseline system used
BM25F as clinical trials are provided as XML files with separate

Cohort Trial Ranking via Results Fusion

Given the single-query rankings provided by the systems outlined
above, we now consider cohort-based retrieval: providing a single
ranking 𝑇𝑄 for the entire query set 𝑄. We adapt result fusion techniques for this purpose [13]. In result fusion, typically rankings
from different systems — but for the same query — are fused to provide a single ranking for that query. Instead, we fuse the rankings
from different queries into a single ranking for the query set.
Assuming we have a set of ranked lists 𝑅𝑄 , with 𝑟𝑞 representing
the ranked list for a query 𝑞 ∈ 𝑄, fusion methods would compute a
cohort retrieval score (CRS) for a trial 𝑡 by considering the scores 𝑡
obtained for each query (patient) 𝑞. The three fusion methods used
were:
CombSUM: Sums the retrieval scores of documents contained
in more than one rank list and rearranges the order:
∑︁
𝐶𝑅𝑆 CombSUM (𝑡) =
𝑠𝑐𝑜𝑟𝑒𝑟𝑞 (𝑡).
(3)
𝑡 ∈𝑅𝑞

CombMNZ: Sums the retrieval scores of documents contained
in more than one list, and multiplies their sum by the number of
lists where the document occurs:
∑︁
𝐶𝑅𝑆 CombMNZ (𝑡) = |{𝑟𝑞 : 𝑡 ∈ 𝑟𝑞 }| ·
𝑠𝑐𝑜𝑟𝑒𝑟𝑞 (𝑡).
(4)
𝑡 ∈𝑅𝑞

Recip. Rank: Sums the reciprocal rank of documents contained
in each rank list:
∑︁
1
𝐶𝑅𝑆 RR (𝑡) =
.
(5)
𝑟𝑎𝑛𝑘𝑟𝑞 (𝑡)
𝑡 ∈𝑅𝑞

1 Implemented

in Elasticsearch v5.3; no stopping or stemming.

Cohort-based Clinical Trial Retrieval

Both CombSUM and CombMNZ involve combing scores from
different distributions. We normalise scores for each query using
minmax score normalisation:
score(t) − min(𝑟𝑞 )
norm_score(t) =
.
(6)
max(𝑟𝑞 ) − min(𝑟𝑞 )
Figure 3 shows results fusion in blue.

5.3

Cohort-aware Greedy Ranking

The fusion techniques outlined so far do not take into account
the coverage and, therefore, do not optimise the final ranking for
rec_cov. To demonstrate whether this is a problem, next we utilise
the qrels to form a strong cohort-aware benchmark that ranks
trials according to rec_cov. Note that producing a true optimal
ranking of trials for a query set is an NP-hard problem, as the task
reduces to the maximum coverage problem [9]. We thus consider
heuristics for this problem. This involves first selecting the trial that
is relevant to (i.e., best covers) the most patients/queries, removing
these queries/patients from the list of candidates, then selecting
the next trial that best covers the remaining queries. The process
continues iteratively until the max number of trials 𝑟 is reached (or
until no more queries can be covered). Pseudo code for this process
is provided in Algorithm 1. This greedy-based algorithm, which
uses qrels, represents a sub-optimal, but computable, upper bound
effectiveness for cohort-based clinical trial retrieval; we denote it
‘GreedySetCover’.
A more naive cohort-based retrieval method is to simply rank
trials according to how many queries they are relevant to (again
using qrels). This differs from GreedySetCover in that it does not
consider which queries have been covered already by previous trials.
Thus two trials may be ranked highly because they cover a large
number of queries, but they happen to have high overlap — they
cover the same set of queries — so do not contribute to a higher
rec_cov. This naive greedy approach is denoted ‘GreedyNaive’.
Both these greedy approaches used the qrels to know which
trials were relevant to a patient; thus they were an oracle approach
rather than a real cohort-based retrieval method. Their purpose
was to study and understand how single-query retrieval compared
against cohort-aware approaches and understand the potential of
new cohort-aware methods.

Algorithm 1 Pseudo code for set cover algorithm to produce cohortaware final ranking of trials.
Require: Q, T, r
⊲ Set of queries/patients, Trials, Max trials
Ensure: 𝑇𝑄 , 𝑄 ′ ⊲ Final ranking of trials, Patient cohort covered
1: 𝑇𝑄 , 𝑄 ′ = {}
2: while |𝑇𝑄 | < 𝑟 do
3:
select 𝑡𝑖 ∈ 𝑇 that covers the most queries in 𝑄
4:
𝑇𝑄 = 𝑇𝑄 ∪ {𝑡𝑖 }
5:
𝑇 = 𝑇 − {𝑡𝑖 }
6:
𝑄 ′ = 𝑄 ′ ∪ {queries covered by 𝑡𝑖 }
|𝑄 ′ |
7: return rec_cov =
|𝑄 |
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5.4

Cohort-aware Diversity Reranking

The cohort-aware greedy ranking methods above explicitly model
coverage using the qrels; thus they cannot be used in practice.
Next we present a possible automatic cohort-aware method that
accounts for coverage without using qrels. We adapt the Maximal
Marginal Relevance (MMR) method [1], commonly used to diversify
search results [19], to the problem of cohort-aware ranking. MMR
computes the final score of a candidate document to be ranked by
interpolating the standard relevance score with a diversity score
computed with respect to the previous documents ranked so far.
In our adaption of MMR, we apply diversification after singlequery ranking, namely we first use fusion to produce a single list
of trials for the patient cohort, and then rerank this list via MMR.
We compute the diversity score by comparing a candidate trial
with a condensed representation of all the trials already ranked
thus far. Figure 3 shows diversity reranking in red. Specifically, for
the purpose of computing diversity scores, we represent a trial 𝑡𝑖
with a vector 𝑣𝑖 containing a likelihood distribution defined over
the patient cohort. Each element 𝑗 of the distribution refers to the
likelihood that trial 𝑡𝑖 is relevant to patient 𝑞 𝑗 . (This is taken from
whether the trial was retrieved for that query/patient in the singleranking system.) When iteratively building a ranking, we construct
a cumulative vector 𝑣 𝑝 that represents the 𝑘 trials 𝑡 1, . . . , 𝑡𝑘 ranked
so far, by summing the individual trial vectors 𝑣 1, . . . , 𝑣𝑘 . We then
compare, using Jensen–Shannon divergence (JSD), the cumulative
trial vector 𝑣 𝑝 with each of the candidate trial vectors 𝑣𝑐 for the
trials yet to be ranked. The candidate trial to be ranked at rank
position 𝑘 + 1 is then selected according to:
arg
max [𝛼 · 𝐶𝑅𝑆 (𝑡𝑐 ) + (1 − 𝛼) · JSD(𝑣 𝑝 , 𝑣𝑐 )]
(7)
𝑡𝑐 ∈𝑇 \𝑡 1 ,...,𝑡𝑘

where 𝐶𝑅𝑆 (𝑡𝑐 ) is the cohort relevance score of a trial (according
to one of the fusion methods outline in Section 5.2) and 𝛼 is a
hyper-parameter that controls the mix of relevance and diversity.
Plainly put, we rank the trial by combining its relevance score
(𝐶𝑅𝑆) and how diverse it is with a cumulative representation of the
previous trials ranked so far, favouring trials that relate to patients
less covered in previous trials.
Note that diversity reranking via MMR is done as a means to
understand the influence of diversity rather than as a full-fledged
method we propose to solve the cohort-ranking problem. For the
latter, we would need sufficient training data in the form of multiple
patient cohorts in order to both properly set 𝛼 and to conduct
statistical tests of effectiveness. Since we do not have this data,
we instead explore how 𝛼 (i.e., diversity) influences recruitment
coverage and leave proper 𝛼 estimation to future work.

5.5

Evaluation Settings

Empirical evaluation was done using TREC PM 2017 and 2018 (30 +
50 topics), where documents were clinical trials from an April 2017
snapshot of ClinicalTrials.gov [16, 17]. For each topic, a maximum
of 1,000 clinical trials were retrieved. The BM25F-based singlequery ranking system had two free parameters: 𝑏 = 0.75, 𝑘 1 = 1.2
(we set fields to have equal importance). The cohort trial ranking
methods based on result fusion were parameter-free. The cohortaware diversity method had a parameter 𝛼 which was tuned on the
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System
Baseline CT
TREC Best CT
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Recip. Rank

Prec@10

Prec@100

NDCG

0.2944
0.7745

0.2354
0.5620

0.1099
0.1914

0.2898
0.5536

Table 2: Retrieval effectiveness for single-query ranking
systems. Results between systems statistically significant
(paired two-tails t-test, 𝑝 < 0.001) on all four measures. NDCG
cut 1000.

evaluation corpus by sweeping 𝛼 = 0.0 (full relevance) to 1.0 (full
diversity), with step 0.1.
The two single-query ranking systems, Baseline CT and TREC
Best CT, were evaluated by averaging their effectiveness across the
query set. The evaluation measures were precision at 10, precision
at 100 and NDCG (cut 1000). P@10 models the use case of a clinician
accessing a patient’s record as part of a consultation. An IR system
can automatically initiate a search to find relevant clinical trials.
The clinician is time-pressured and would likely only review a small
number of trials. P@100 models the use case where the clinician
is specifically searching for clinical trials, may dedicate more time
and be willing to evaluate in the order of 100 trials (hence P@100).
NDCG (cut 1000) accounts for the rank position of relevant trials
and was an official measure at TREC PM. These measures show
the effectiveness of the single-query rankings but not the final,
cohort-based fused ranking.
The ultimate evaluation is what portion of the patient cohort
is covered by a final ranking of trials. The effectiveness of the
cohort-based retrieval is done according to the rec_cov measure.
Evaluation is done for the different fusion methods (CombSUM,
CombMNZ and RecipRank) for the Baseline CT and TREC Best CT
systems, as well as for the two cohort-aware rankings of GreedyNaive and GreedySetCover. Remember we stated that clinicians
would only consider trials up to a set depth 𝑟 ; thus we experiment
with a depth cutoff for rec_cov of r = [1, . . . , 10, 15, 20, 25, 30, 40,
50, 70, 90, 100, 150, 200].

6 RESULTS & ANALYSIS
6.1 How effective was single-query ranking?
First, we consider the single-query ranking system effectiveness,
reported in Table 2. The TREC Best runs were significantly better
than Baseline CT on all four measures. TREC Best CT returned
many more relevant trials within higher ranked positions than
Baseline CT. Using fusion, it would then be more likely that these
relevant documents would be included in the final cohort-based
ranking. More relevant documents in the cohort-based ranking
would likely have led to a higher rec_cov. This was the intuition
at least.

6.2

How effective was cohort-based retrieval via
single-query ranking fusion?

Figure 4 shows an aggregation of results for a number of facets of
cohort-based ranking. In the next sections, we consider different
aspects of this figure.

First, we consider how the fusion of the single-query rankings
impacted the ultimate recruitment coverage (rec_cov). This is
shown as black lines for each fusion method in the first three plots
(CombMNZ, CombSUM and RecipRank). (We leave the discussion
on diversity reranking, shown in red, for later in Section 6.3.) For
score-based fusion of CombMNZ and CombSUM, there was no large
difference in rec_cov for the two single-query rankings — TREC
Best CT was not much better then Baseline CT. This was surprising
given TREC Best CT was considerably better than Baseline CT for
the single-query setting already outlined in the previous section. In
fact, when the number of trials was less than 10, Baseline CT was
actually superior: e.g., for 𝑟 = 5, rec_cov(Baseline CT) = 0.2405
vs rec_cov(TREC Best CT) = 0.1899.
While different single-query rankings did not impact score-based
fusion, they did, instead impact rank-based fusion (as shown in
the third, RecipRank plot). Here, rec_cov was much greater when
fusion was applied to TREC Best CT. Two factors were at play for
RecipRank: First, the ranking scores were ignored. Scores may not
have been a good measure of the likelihood of relevance and thus
ignoring them in RecipRank may have been beneficial. Further,
even with minmax normalisation, scores may not have translated
well when fusing rankings from different queries, e.g., because of
different score distributions. Second, RecipRank fusion applied an
exponential decay in the weighting as it moved down the ranking.
The fact that a document was in a top-rank position had far more
influence on the final cohort-ranking than if the document appeared
in many single-query rankings. Said another way, trials that much
more closely matched a single patient were better than trials that
weakly matched multiple patients. This characteristic of RecipRank
may have also helped to ensure that the documents that did end up
in the final cohort-ranking were, in fact, relevant.

6.3

How effective was cohort-based diversity
reranking?

Now we consider the effect of diversity reranking, comparing each
red curve with its corresponding black equivalent. Diversity reranking was beneficial but in different ways. Diversity strongly improved trials fused using TREC Best CT while having a much
smaller improvement on Baseline CT. Previously, we showed TREC
Best CT retrieved many more relevant trials than Baseline CT (Table 2). (While these trials were relevant to one patient, they were
not diverse; thus they did not translate to high rec_cov.) Now consider what happens when diversity is applied to TREC Best CT
and to Baseline CT. Using TREC Best CT you have a large pool
of relevant documents to draw on to rerank via diversity; using
Baseline CT you risk bringing in non-relevant documents as you
rerank via diversity. Thus applying some cohort-based diversity
to the good quality initial retrieval of TREC Best CT yields much
better recruitment coverage.
Diversity reranking was done by interpolating the relevance
and diversity scores using the mixing parameter 𝛼. Figure 5 shows
how applying diversity (𝛼) to trial ranking impacted recruitment
coverage (𝛼 = 0.0 only relevance, 𝛼 = 1.0 only diversity). We can
see that diversity reranking was beneficial but how so depended
on the fusion method: score-based fusion methods CombMNZ and
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Figure 4: The effectiveness of cohort-based retrieval as measured by rec_cov (𝑦-axis) for different fusion methods (CombMNZ,
CombSUM, RecipRank) applied to different single-query rankings (Baseline CT and TREC Best CT). Cohort-aware rankings
used qrels to provide comparison: GreedyNaive ignoring query overlap and GreedySetCover showing benefits of complete
knowledge of overlap. The 𝑥-axis shows the number of trials a clinician would review.
CombSUM benefitting from more diversity reranking than the most
effective fusion method, RecipRank.

6.4

What is the relationship between
single-query effectiveness and cohort
recruitment coverage?

Previously we observed that single-query ranking effectiveness
does not always translate directly to recruitment coverage effectiveness. To better understand the effect of single-query ranking
effectiveness we manually produced single-query rankings that
had set precision levels of precision at 10 of [0.1, .., 1.0]. (This was
done by producing rankings of 10 documents containing 1..10 relevant documents from the qrels.) The rankings were then fused
and the corresponding rec_cov score calculated. The results of this
experiment is shown in Figure 6.
Without diversity reranking, as we manually increase precision
at 10 from 0.0, rec_cov increases. However, beyond 0.4 in precision
(i.e., 4 relevant documents in top 10) rec_cov does not increase.
This shows that even though more relevant clinical trials are being
returned by the single-query ranking systems, these trials do not
help to increase coverage. For example, they may just be more
relevant trials for a single patient rather than matching multiple
patients. Instead, when diversity with respect to the patient cohort
is injected via diversity reranking, rec_cov continues to increases
because the growing pool of relevant trials is being reranked to
favour those that match multiple patients/queries.

6.5

How effective was cohort-aware greedy
ranking?

We now consider the two cohort-aware greedy ranking methods,
GreedyNaive and GreedySetCover, in Figure 4. Recall that GreedyNaive simply ranked trials by the number of queries that it matched

and did not take into account any overlap of these queries. First,
we obverse that GreedyNaive was actually not as effective as RecipRank. GreedyNaive’s lack of effectiveness tells us that the trials
preferred by GreedyNaive were those that matched a common set
of overlapping queries/patients. These may have been very general trials, for example, for which many patients could have been
eligible. However, they still did not cover that much of the overall
patient cohort, hence the poor rec_cov for GreedyNaive. These
results tell us that if we were to build a specialised cohort-based
ranking model, not accounting for overlap would severely hamper
effectiveness.
The GreedySetCover results tell us what was possible when
we had complete knowledge of overlap. The marked difference in
effectiveness between GreedySetCover and GreedyNaive shows the
importance of considering overlap.
From the figure, we see it was possible to obtain complete coverage (i.e., rec_cov = 1.0), across the 80 patients, with just 30 trials.
The fact that only 30 trials were needed highlights that it was the
case that some trials match multiple patients. In turn, this further
motivates taking a cohort-based retrieval approach, with all its
benefits: reduced recruitment effort, less clinician screening time
and greater access for patients to new treatments.
How well can we do with automated cohort-based ranking?
GreedySetCover sets the local optimal2 for rec_cov when ranking
iteratively (greedy) with respect to cohort coverage. We compare
this to the best fusion-based method of RecipRank (Figure 4). RecipRank actually performs close to the optimal GreedySetCover
for early rank positions (i.e., low value of 𝑟 ). If we return to one of
our original use cases — a busy doctor able to review only a small

2A

global optimal is only attainable by solving the NP-hard maximum coverage problem [2, 9].
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Figure 5: The impact of diversity scoring on cohort-based retrieval. Fusion is done on the two single-ranking system (Baseline
CT & TREC Best CT) using the three fusion methods. The diversity mix (𝛼) is varied from 0.0 (only relevance, no diversity) to
1.0 (no relevance vs. only diversity). Results show diversity reranking improved rec_cov.
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Figure 6: The impact of single-rankings of set effectiveness on rec_cov. Manually produced rankings for set precision at 10
levels (𝑥-axis) and the impact of these on rec_cov (𝑦-axis).
number of trials — we can see that RecipRank would be highly effective. However, RecipRank begins to diverge from the optimal as
𝑟 > 10. GreedySetCover achieves complete coverage (rec_cov=1.0)
when 𝑟 ≈ 25. While RecipRank continues to improve past this
point, it does not achieve complete coverage within the first 100
trials. Thus for the use case of really wanting to maximising full
recruitment coverage, RecipRank would not be sufficient and more
work is required.

7

CONCLUSION & FUTURE WORK

This study provides an initial foray into the problem of cohortbased clinical trials retrieval; that is, devising a ranking of clinical
trials that covers as much of the patient cohort of queries as possible. First, we formalised this problem, showing how cohort-based

ranking contrasted with single query ranking. Furthermore, we
highlighted how the objective of cohort-based is that of coverage
across the query set — we introduced rec_cov as a means to measure coverage.
Cohort-based retrieval can be achieved through result fusion. We
applied fusion techniques to fuse the rankings from different queries
(as opposed to different systems), thus producing a cohort-based
ranking for the patient cohort. We implemented three result fusion
techniques, applied to two single-query rankings: a Baseline clinical
trials system and the TREC Best clinical trial systems. Empirical
evaluation on the TREC Precision Medicine track showed that
the TREC Best system was significantly better in terms of singlequery evaluation. However, and perhaps surprisingly, this did not
translate to so large a corresponding improvement in cohort-based
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retrieval as measured by rec_cov. The differences in effectiveness
were also highly dependent on how many trials were considered in
the cohort-based ranking, equating to how many trials a clinician
may manually review as part of a patient recruitment exercise.
To provide further insights into cohort-based retrieval, we implemented two oracle, greedy cohort-aware methods that used qrels
to rank trials. These highlighted that trials that match many patients often overlap in the patients they match, suggesting that it
is necessary to explicitly model the coverage and overlap when
producing an effective cohort-based ranking. Also, through the exploration of greedy heuristics, we were able to show that the entire
80 patients cohort could be fully covered by retrieving a small set
of only 30 trials. We tied this back to the benefits of cohort-based
retrieval in terms of reducing the effort in clinical trials recruitment and providing more patients with access to new and emerging
treatments.
With the greedy methods providing evidence for the benefit of
cohort-aware methods, we adapted existing diversity ranking [19]
methods to rank trials that increase patient coverage. Diversity
reranking did show promise, while multiple cohort datasets were
needed to properly estimate the mix of diversity vs. relevance (𝛼).
While TREC Precision Medicine provided the right data and
use case for cohort-based retrieval, it had some limitations. TREC
PM mainly focused on matching cancer patients to oncology trials,
where there is additional genetic information about the patient.
None of the methods, experiments or analysis of this paper was
specific to this cancer related setting; however, the results may
differ outside of the cancer space. That said, matching patients
to trials in the cancer space is critical in its own right and even
isolating cohort-based retrieval to just this area is still justification
enough for such work. An additional limitation of our empirical
evaluation is that only one cohort of patients was used. Ideally, we
would have multiple cohorts of different patient populations. This
would allow statistical comparisons between these to determine if
findings generalise. For example, to determine if the single-query
rankings (Baseline CT vs. TREC Best CT) led to statistically different
rec_cov effectiveness, we would need a set of patient cohorts to
evaluate on.
Having provided the motivation and evidence for cohort-based
retrieval, we now intend to investigate specific retrieval methods
that rank trials directly from a patient cohort rather than fusing
single-query rankings. Beyond this, a learning-to-rank approach,
that takes as input a cohort of patients, and is able to extract multiple
features from trials, would be our goal. As part of this, it would be
necessary to encode features related to overlap and coverage. How
to do this generically for any cohort of patients is an open line of
enquiry.
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