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ABSTRACT
High-recall retrieval — finding all or nearly all relevant documents
— is critical to applications such as electronic discovery, systematic
review, and the construction of test collections for information
retrieval tasks. The effectiveness of current methods for high-recall
information retrieval is limited by their reliance on human input,
either to generate queries, or to assess the relevance of documents.
Past research has shown that humans can assess the relevance of
documents faster and with little loss in accuracy by judging shorter
document surrogates, e.g. extractive summaries, in place of full
documents. To test the hypothesis that short document surrogates
can reduce assessment time and effort for high-recall retrieval, we
conducted a 50-person, controlled, user study. We designed a highrecall retrieval system using continuous active learning (CAL) that
could display either full documents or short document excerpts
for relevance assessment. In addition, we tested the value of integrating a search engine with CAL. In the experiment, we asked
participants to try to find as many relevant documents as possible
within one hour. We observed that our study participants were able
to find significantly more relevant documents when they used the
system with document excerpts as opposed to full documents. We
also found that allowing participants to compose and execute their
own search queries did not improve their ability to find relevant
documents and, by some measures, impaired performance. These
results suggest that for high-recall systems to maximize performance, system designers should think carefully about the amount
and nature of user interaction incorporated into the system.
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INTRODUCTION

High-recall information retrieval (HRIR) is integral to many tasks
that require the finding of all, or nearly all, relevant documents
in a collection. Example applications of HRIR include electronic
discovery (“eDiscovery”), systematic review, and the construction
of information retrieval (IR) test collections. In the legal discovery
process, both parties in a case are required to find substantially
all relevant material from their own document collections and
provide it to the opposing party. An important part of evidencebased medicine is the systematic review of all relevant research
studies. Finally, if an IR test collection knows all relevant documents
for a given search topic, we can confidently measure the quality of
search results using the effectiveness measure of our choice.
In all of these applications of high-recall retrieval, human interaction is required to find relevant documents. Users of high-recall
systems are often required to provide a large number of relevance
assessments. Some systems may also engage the user in the search
by allowing them to interactively search for relevant documents.
The amount of human interaction required to achieve high-recall
can be large and thus expensive.
For legal discovery, traditionally each document in a collection
would be reviewed by an attorney and take a few minutes per
document (1-4) [24]. With the digitization of information, the sizes
of collections to search have grown rapidly. One eDiscovery firm
reports that their usual case has between 600,000 and 1 million
documents to review [32]. Thus eDiscovery is now concerned with
finding all relevant documents without requiring human review of
every document, but at a minimum, a human is required to examine
the final set of documents before being declared relevant.
The process of building IR test collections has long used various
processes to avoid judging all documents in the collection, but even
so, the amount of human judging required can be large. For example,
the TREC Legal Track [6] ran from 2006 to 2011 and developed two
reusable test collections involving human assessments. Baron et
al. [6] reported the average assessment rate was 24.7 documents per
hour for different topics at the TREC 2006 Legal Track. At the TREC
2008 Legal Track [23], assessors reported that it took a collective
631.2 hours to review 13,543 documents, or a rate of 21.5 documents
per hour.
To reduce the cost of achieving high-recall, factors to consider
include the total number of relevance assessments required, the
time spent per assessment, the hourly pay rate for assessors, and
the quality of the assessor. In this paper, we examine the effect of
using short document excerpts in place of full documents for the
assessment of relevance as part of a high-recall retrieval system

based on continuous active learning (CAL). We hypothesize that for
a given amount of time, users will be able to find a greater number
of relevant documents if they judge short excerpts in place of full
documents. In simulation studies [39], we have found that even a
single extracted sentence may be adequate for CAL to perform well.
In addition, we examine the effect of allowing users to interactively
search. In cases where the CAL system has trouble finding relevant
documents, interactive search may help users find relevant documents that can then be used by the CAL algorithm to find other
relevant documents.
We base our experiment’s high-recall system on Cormack and
Grossman’s state-of-the-art autonomous technology-assisted review (AutoTAR) method [10]. AutoTAR is version of Continuous
Active Learning (CAL) [9], which is an iterative relevance feedback
process. A CAL system provides a document to a human assessor
for judging and based on the judgment, the system uses machine
learning to learn a new model of relevance and then selects the next
most likely relevant document to present to the assessor for judging. AutoTAR is autonomous in that it has no parameters to tune,
it starts with a single seed relevant document or query, and only
requires a user to provide relevance judgments for each document
AutoTAR returns in sequence.
The TREC 2015 and 2016 Total Recall tracks [14, 26] focused on
the problem of high-recall retrieval. The Total Recall track organizers provided a version of AutoTAR called the baseline model
implementation (BMI) to participants, and used BMI as the track’s
baseline method. To the organizers’ surprise, after running the
track for two years, no other method could consistently outperform BMI [15]. This result is all the more amazing because many of
the competing methods made use of manual searches for relevant
documents, which prior to the running of the track, was assumed
by many to be a sure-fire method to achieve high recall.
Our experimental system was configurable to provide a version
of CAL that only showed a paragraph-length document excerpt for
judging and a version of CAL that showed the excerpt and allowed
the user to click to view the full document. In addition, our system
could be configured to only allow users to provide judgments to
CAL or could be configured to also allow users to use a search
engine to find relevant documents.
As designed, our CAL system had 4 variations to support the 2×2
factorial experiment. One factor was the display of the document
in the CAL component: an excerpt alone or an excerpt plus the
ability to click and view the full document. The other factor was
whether or not a search engine was available to users. Any relevance
judgments made with the search engine were then available to the
CAL component’s machine learned model. While BMI has been
very successful, the proposition that a CAL system alone could
match or do better than a system that combines CAL and manual
searching has not been tested in a controlled fashion prior to this
paper, to the best of our knowledge.
We had 50 participants use the system, in each of its variations,
for one hour to find as many relevant documents as possible for a
given search topic. We used the search topics and documents from
the TREC 2017 Common Core Track [3]. To evaluate performance,
we used several measures to reflect the different needs of different
high-recall applications. We found that:

• For our primary measures of performance, CAL with paragraph excerpts outperformed the version of CAL that allowed users to view full documents.
• Allowing users to interactively query a search engine, did not
help them find relevant documents, and for some measures,
hurt performance.
• Any value of being able to view full documents or interactively search for relevant documents was offset by the
significant time cost of using these interactive features.
In the remainder of the paper, we review related work, detail our
experiment, present and discuss our results, and then conclude the
paper.

2

BACKGROUND AND RELATED WORK

High-recall information retrieval has been a long standing problem
in the IR field. In this section we highlight the most related work
and provide background on the high-recall methods we used.
In IR, the builders of test collections have strived to find all
relevant documents for the collections’ search topics. The traditional approach to this problem has had multiple groups perform
retrievals for the topics and submit these retrieval runs to the collection builders. With the received runs, a pooling of the top k
documents from each run is performed and then assessors judge
whether or not each document in the pool is relevant [35].
Cormack et al. [13] showed that a process of interactive searching
and judging (ISJ) could be used to construct a set of relevance
judgments as good as those produced by the pooling method but at
lower cost in terms of number of documents judged. Using ISJ, less
than a quarter of the number of documents needed to be judged
compared to the pooling method. Further investigations confirmed
the potential and effectiveness of ISJ [27, 30].
There have also been methods created to more effectively use the
runs submitted for test collection construction. In the same paper,
Cormack et al. presented an algorithm, move-to-front (MTF), that
would order the documents to judge based on the quality of the runs,
and like ISJ, it also found relevant documents with fewer judgments
than pooling. In another approach, Aslam et al. [5] showed that their
Hedge algorithm could learn online which runs were better than
others as assessors made judgments and significantly reduce the
number of judgments needed to find relevant documents. In effect,
Cormack et al. with MTF and Aslam et al. with the Hedge algorithm,
showed early on that online machine learning approaches could be
used to find relevant documents better than simple pooling.
Both the TREC and CLEF conferences have conducted tracks that
have focused on high-recall retrieval. At TREC, both the Legal (20062012) and Total Recall (2015-2016) tracks developed collections and
methods to evaluate the performance of systems designed to find
all relevant documents. At CLEF, the 2017 eHealth lab had a task
focused on systematic reviews for medicine [18].
Cormack and Mojdeh [12] used a combination of ISJ and machine
learning in the TREC 2009 Legal track [17] and achieved the highest
recall, precision, and F 1 scores. Cormack and Grossman [10] showed
that their continuous active learning (CAL) AutoTAR algorithm
could outperform ISJ on the same TREC 6 task of test collection
construction without any human interaction other than judging
the relevance of documents. As noted in the introduction, at the

conclusion of the Total Recall tracks, the BMI version of AutoTAR
was not consistently beat by any other method [7, 15, 40].
In the systematic review task of the CLEF 2017 eHealth lab [18],
Cormack and Grossman [11] used BMI to achieve the highest recall
at a given amount of shown documents. The second ranked team,
Anagnostou et al. [4] applied a similar approach as CAL, but they
incorporated learning-to-rank with relevance feedback in an active
learning process.
Miwa et al. [21] have used active learning for systematic review
in the public health and social science domain. Their method involves manual curation of an initial training set from a random set
of citations. This is followed by manual assessments of classifier
output which is used to train the classifier. This step is repeated
until the stopping condition is satisfied.
The TIPSTER Text Summarization Evaluation (SUMMAC) [19]
found that short summaries of documents could reduce relevance
assessment time by 40-43%. These summaries were between 10-17%
of the length of the original document. No statistically significant
difference was found between judgment accuracy with summaries
and with full documents. Smucker and Jethani [29] reported that
summaries of news articles with no more than 50 words (approximately 2 sentences or less) were judged in approximately 16 seconds while full documents took 49 seconds. Smucker and Jethani
also reported that the accuracy of relevance judging these short
summaries ranged from 62-72% depending on conditions and that
accuracy of judging full document was 75-76%.
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to the track as a run. By participating in the track, we hoped to increase the chance that the documents that our participants reported
as relevant would also be judged by the NIST assessors as part of
the construction of the test collection. To reduce issues of bias, we
were careful to make sure the 10 study participants used each of the
system variations and also covered all 50 search topics. We finished
running the experiment with the remaining 40 participants after
the track submission deadline, and thus these judgments were not
used to create any of our submitted runs. We are careful to exclude
our runs and related runs from our university when it matters to
the analysis of experiment results.
When we displayed search topics to participants, we used hand
edited versions that combined the topic’s description and narrative.
We did this both to better clarify the topic and to shorten the amount
of material displayed to the participant. Regardless of the retrieval
system variation used by the participant, the participants all saw
the same topic descriptions.

METHODS AND MATERIALS

In this section, we describe our experiment in detail. We next describe the search topics and document collection, the study design,
the high-recall system and its implementation, and other details
of the experiment including how we measured performance and
determined statistical significance.

3.1

Table 1: The 2 × 2 factorial design and our shorthand designations for each treatment.

Search Topics and Documents

We used the TREC 2017 Common Core Track [3] test collection for
our search topics and documents. We used the 50 NIST assessed
topics as opposed to the full set of 250 topics. The track’s task was adhoc retrieval of documents from the New York Times dataset [28],
which includes over 1.8 million news articles.
Submitted runs were either manual or automatic runs. An automatic run involves no manual interaction or tuning of the system
based on the topics. Any run that is not an automatic run, is a
manual run.
The topics were copied and updated from the TREC 2004 Robust
Track [36]. This allowed teams to train models based on the existing
relevant assessments (“qrels”) for these topics. Thus, both manual
and automatic runs are further classified by whether or not the
runs made use of these existing qrels.
We ourselves participated in the Common Core track [38]. We
used an early variant of our high-recall system to find relevant
documents and submitted several manual runs based on this effort.
Based on our experience with this system, we revised it for the experiment that we report in this paper. Using only the first 10 study
participants, we submitted preliminary results from our experiment

3.2

Study Design

We had participants use four different variations of a high-recall
retrieval system to find as many relevant documents as possible
within 1 hour. All of the system variations incorporated a continuous active learning (CAL) system derived from the TREC Total
Recall Track’s baseline model implementation (BMI). We designed
our experiment to investigate two factors, each of which had two
levels, i.e. a 2×2 factorial design. The first factor determined whether
participants using the CAL portion of the system would judge a
paragraph-length excerpt of a document or be shown the excerpt
and also be able to click to view the full documents. The other factor
determined whether or not a search engine was made available to
the participants. Judgments made from the search engine became
part of the training set that the CAL system, which was always
available, could use to learn its model of relevance.
Table 1 summarizes the 2 × 2 factorial design. Throughout the
rest of the paper, we will refer to each of the treatments by their
shorthand: CAL-P (CAL with paragraphs and no search), CAL-D
(CAL with full documents), CAL-P&Search (CAL with paragraphs
and search), and CAL-D&Search (CAL with full documents and
search).
Each participant completed 5 tasks, and each of a participant’s
tasks was associated with a unique search topic. For each of 4 tasks,
the participant used one of the system variations as per Table 1
to find relevant documents for one hour. For the fifth task, the
participant judged the relevance of 60 documents randomly selected based on their likelihood of being relevant as determined by
a model trained on our own judgments. We call this the reference

treatment. For this treatment, we showed participants the full document and the participants had to judge the document’s relevance
to proceed to the next document. There was no time limit for the
reference treatment. We intend in future work to use this treatment
to compare user behavior on a traditional relevance judging task
to user behavior on the other four treatments. By the end of the
experiment, each system variation had been applied once to each
of the 50 topics.
We created a balanced study design as follows. We first divided
the 50 topics into 10 groups of 5 topics each. For each group of 5
topics, we created a 5 × 5 Graeco-Latin square. The rows of the
square were users and the columns were task numbers. The five
topics and five treatments were assigned to cells of the squares, and
then the squares were randomized. After running the experiment,
we discovered that the topics were not randomly divided into groups
of 5 but were instead assigned to groups in their numeric order.
While there is perhaps some association across topics given their
number, we do not think this lack of randomization is a cause for
concern.

3.3

High-Recall Retrieval System

At the core of our high-recall retrieval system is an implementation
of continuous active learning (CAL). As mentioned in the introduction, CAL is an iterative relevance feedback method whereby the
user judges one document after another as selected by CAL. CAL
selects documents for judging based on its learned model of what
is and is not relevant.
The CAL system has two possible configurations. In the first
configuration, CAL shows a document’s title, date, a selected paragraph from the document, and allows the user to click to view the
entire document. Clicking to view the full document displays it below the paragraph excerpt. In the second configuration, CAL is the
same as the first but does not provide a means for the user to view
the full document. Once the user has decided on the document’s
relevance, the user can then use the buttons on the right hand side
to submit the judgment. After receiving the judgment, CAL selects
and shows the user the next unjudged document. In our implementation of CAL, we select documents by ranking all paragraphs in
the collection and selecting the paragraph most likely to be relevant
from the set of unjudged documents. These two configurations and
corresponding CAL user interfaces are detailed in paper [1].
As we detail in Section 3.3.1, we carefully engineered CAL so
that there was no noticeable delay from submitting a judgment to
receiving the next document to judge.
Our system provides a 3-level relevance scale: non-relevant, relevant, and highly-relevant. As noted by Harman [16, Section 2.4.3,
page 39], NIST assessors reportedly prefer a three level judgment
scale over binary decisions because it makes decision making easier.
We treat both relevant and highly-relevant judgments as relevant
in our analyses. Keyboard shortcuts are available for judging in
addition to the buttons. A keyword highlight feature is provided
so that user can use the “Ctrl + F” shortcut and enter keywords
to highlight them. Multiple keywords separated by spaces can be
entered to highlight each keyword simultaneously.

Algorithm 1: Paragraph Level Continuous Active Learning
Step 1. Treat the topic statement as a relevant document and
add this document into the training set;
Step 2. Temporarily augment the training set with 100 random
documents from the corpus, assuming their label as
“non-relevant” ;
Step 3. Train a logistic regression classifier using the training
set;
Step 4. Discard the 100 random documents added in Step 2
from the training set;
Step 5. Score all the paragraphs from all unjudged documents
using the newly trained classifier;
Step 6. Present the highest-scoring paragraph p for assessment,
and record the judgment as the label for paragraph’s
corresponding document d;
Step 7. Add the labeled document d to the training set;
Step 8. Repeat steps 2 through 7 until some stopping criteria is
satisfied.
Should a user make a mistake and want to change a CAL judgment, the interface provides means for the users to view and modify
their previous 10 CAL judgments.
Our system 1 can operate with CAL alone or can also provide the
user with access to a search engine. The interface and functionality
of search engine are also detailed in paper [1]. The user can query
and select the number of documents to return (10, 20, 50, or 100)
with 10 results being the default. Users can judge the relevance
of a document from the search engine results page (SERP). Any
judged document shows the user’s judgment in the SERP, and the
user can change the judgment if so desired. Users can also click
on each result to view the full document content. When viewing a
full document, users are provided with the same judging interface
and keyword highlighting tool as in the CAL interface. Users have
the freedom to choose what documents to judge or not. Users can
specify phrases in their queries with double quotes and can require
the presence of a word with a plus sign.
When the system includes search, users can switch between CAL
and Search at any time using two buttons on the left hand side of
the interface.
Judgments collected from the search interface go into the same
set of judgments created in the CAL interface. Thus, CAL will
train based off of all judgments and will not show already judged
documents to the user. While search may be useful on its own for
finding documents, it might also help CAL for those times when it
seems to fail and requires a new relevant seed document [10].
We next detail the implementations of CAL and search.
3.3.1 Implementation of CAL. For our CAL implementation, we
modified the algorithm used in the baseline model implementation
(BMI) [26] to enable the rankings to work on a paragraph level
instead of documents. The details of the modified algorithm are
shown in Algorithm 1.
For each document, we extracted the paragraphs wrapped by
the ⟨p⟩⟨/p⟩ tags. In total, there are around 30 million paragraphs in
the collection, with an average of 16.7 paragraphs per document.
1 Code

publicly available at https://hical.github.io/

We also extracted the document’s title, date, and id for logging and
displaying purposes.
BMI used the word-based tf-idf as document feature vectors for
training the classifier. A word is considered to be any sequence of
two or more alphanumeric characters not containing a digit, that
occurs at least twice in the corpus. All the words in the corpus are
stemmed using the Porter stemmer. We do not remove stopwords.
We calculated the tf-idf = (1 + log(tf )) · loд(N /df ) weight for
each word in paragraphs and documents. tf is the term frequency, N
is the total number of documents, and df is the document frequency.
When calculating the tf-idf weight for paragraphs, we use the same
values of N and df used for documents.
For each feature vector of document d and paragraph p, we
normalized the tf-idf weight for each word t using two different
L2 normalization methods as follows:
tf-idf


tf-idft ∈d = r P t



tf-idft 2



t ∈d

tf-idft


rP
tf-idft ∈p =




max{20,
tf-idft 2 }

t ∈p


(1)

We used the same hyperparameters as BMI for training the logistic regression classifier in Sofia-ML2 : –learner-type logreg-pegasos
–loop-type roc –lambda 0.0001 –iterations 200000.
In our experiment, the topic statement mentioned in Step 1 of
Algorithm 1 is the concatenation the title and description of the
topic. Note that the classifier trains on the documents and scores
on the paragraphs in order to select the paragraph most likely to
be relevant. An assessment on a paragraph p is considered to be
true for the document d it is part of.
The original BMI algorithm is written in Bash, which is suitable
for simulations but inefficient for practical use. In addition to the
algorithmic modifications, we reimplemented BMI in C++.
Training and scoring the entire corpus is resource intensive. The
original implementation performed this step after receiving a batch
of judgments whose size increased exponentially. One of the reasons
for doing this was to save computation time. Our implementation
is capable of efficiently training the model and re-scoring all the
documents whenever a new assessment is made from the user.
The original BMI implementation suffered from the heavy reliance on file I/O and suboptimal intermediate operations. To enable
fast processing and use of efficient intermediate data structures, we
stored all the vector representations of paragraphs and documents
in memory, and parallelized the computations across paragraphs
and documents.
A key difference between Algorithm 1 and our actual implementation is the asynchronicity of steps 6 and 7 with the rest of the
algorithm. Steps 3 through 5 have a user-noticeable latency which
can negatively impact user experience. Instead of waiting for the
assessments to be processed, we simply reuse the scores computed
in Step 5 and present the next highest-scoring paragraph to the
assessor. Meanwhile, training and paragraph scoring are performed
in the background. Under our experiment setup, the system performed steps 3 through 5 in less than 2 seconds. Since most users
take more than 2 seconds to make a judgment, they always perceive
2 https://code.google.com/archive/p/sofia-ml/

the impact of their last judgment as soon as they perform their next
judgment.
3.3.2 Implementation of Search. For the search engine, we processed the LDC New York Times Annotated Corpus [28] by extracting from each document its guid, title, date, and text body. To
extract these fields, we used the provided Java NYTCorpusDocumentParser class that is packaged with the collection. We then split
each document into sentences using a java port of the sentence
splitter [22] packaged as part of an early version the Wikipedia
Miner software [20].
Using Indri [31], we indexed each document’s title and body and
stemmed words with the Krovetz stemmer. Retrieval uses Indri’s
default parameters. To build snippets, we retrieve the top 2 scoring
sentences from a document, concatenate them, and then truncate
them to a maximum of 75 words.

3.4

User Study Procedure

After receiving ethics approval from our university’s office of research ethics, we recruited study participants using posters and
emails to various student lists.
After giving their consent to participate in the study, each participant underwent an in-person tutorial covering installation of
our system on their own computers and instructions on how to use
various features of the system. As part of the tutorial, we instructed
participants to follow Voorhees’ definitions for graded relevance
levels of non-relevant, relevant, and highly relevant [34]. Following usual notions of TREC relevance, we told participants that a
document is relevant if any portion of it is relevant. We also told
participants to strive to be consistent in their judgments and not to
adjust their notion of relevance to meet any notion that more or
fewer documents should be found relevant. We warned participants
to not rely on keywords for making judgments.
We used 2 topics from the TREC 2004 HARD Track [2] to give
participants practice making graded relevance judgments. For one
topic, participants judged 6 documents and discussed with the
researcher any differences between their judgments and the NIST
judgments. For the other topic, the same process was followed, but
in this case, only a paragraph-length excerpt was shown to the
participants for each document.
When it came to effort, we asked participants to “work as fast as
possible while maintaining your accuracy.” We made clear to the
participants that for the 4 tasks requiring 1 hour of work, nothing
they would do would cause the session to end before an hour of
work was completed. In particular, we told participants to not submit random judgments quickly in the hopes that the system would
run out of documents to judge. Indeed, the system would not run
out of documents until all 1.8 million documents in the collection
had judgments.
The tutorial also included a practice task to familiarize participants with the system. Both interfaces, search and CAL, were
thoroughly explained, and each participant used both during the
practice task. We used one of the non-NIST judged Common Core
topics for this practice.
We informed participants that during some tasks, both search
and CAL would be available to utilize and they could switch between the two as they wished. We made it clear to participants

that the purpose of the study is to try to retrieve as many relevant
documents as they can using the methods provided.
After the tutorial, participants then proceeded with the remainder of the study on their own. We asked participants to try and
finish within 5-7 days. During the course of the study, participants
could choose to take a break or continue their progress whenever
they wished. We encouraged the participants to try finishing one
task in one sitting and take breaks between tasks.
We had participants work on their own computers in whatever
location or environment they preferred. We made this choice largely
because we felt it would be too difficult to schedule six hours of
work for 50 participants in a limited period of time. Any variation
across the participants is random and does not effect the results
because we carefully balanced the experiment design. A benefit of
allowing participants to work on their own gives us a sense of how
crowd-sourced workers might perform at this task.
Because participants did work on their own, we implemented
our system to monitor their activity and only count their active
time working. If the participant did not make any mouse movements, mouse clicks, or keyboard clicks within two minutes, the
system would pop-up a dialog box and remind the participant to
continue working. We did not count these inactive periods towards
a participant’s total time on task.
For the four tasks that required participants to work for one
hour, we had participants keep working on the task until we had
recorded one hour’s worth of work. Unfortunately, our software
allowed some participants to work in excess of one hour on some
tasks. To make sure we only measured performance for one hour,
we truncated user activity to one hour. As part of this truncation,
we also treated any gaps between recorded events greater than 5
minutes as inactive, and we removed these gaps from the user’s
total time.
When participants started work on the study, they first answered
a demographics questionnaire. Then they performed their 5 search
tasks (see Section 3.2). Each task included a pre- and a post-task
questionnaire. After completing all five tasks, participants answered
an exit questionnaire to collect their feedback and overall experience. Once finished, participants returned to be paid $100 for their
participation.

3.5

Participants

Before conducting the full study, we completed a pilot test with
two participants to uncover any potential problems or concerns.
After the pilot test, 50 participants completed the study.
Out of the 50 participants, 1 participant did not answer our
demographics questionnaire. Participants’ age ranged between 18
and 42 years old (mean = 24.8). There were 31 male and 18 female
participants. Of these participants, 42 of them were from science,
technology, engineering, or math, 5 from arts, and 2 did not specify
their major.

3.6

Performance Measures

As discussed in the introduction, there are many tasks that require
high-recall retrieval. We consider two classes of tasks. The first are
tasks such as eDiscovery and systematic review. The second is test
collection construction for information retrieval evaluation.

For all of our measures, we consider the documents judged by the
user as relevant to be the result set. While there may be value in examining the documents judged non-relevant, our study participants
were not trying to find non-relevant documents. A participant who
decides to use the search engine and only mark relevant documents
will not provide any useful non-relevant judgments.
Tasks such as eDiscovery and systematic review can involve two
passes of relevance judging. The first pass could be conducted by
someone qualified to identify relevant material. The second pass
would be conducted by an expert who examines the output of the
first pass and makes a final determination about which documents
are relevant. For example, in systematic review, a lead researcher
might assign to graduate students the task of finding all relevant
literature. The graduate students deliver to the lead researcher the
documents judged relevant. The lead researcher then examines
each document and makes the final decision on which are relevant
documents to include in the review.
Both eDiscovery and systematic review want to find all relevant
documents. Any document that is missed, could lead to legal issues
for eDiscovery or could affect the conclusions made by a systematic
review. A good first measure to use is simply the number of documents found and reported by the user as relevant, Ur el . Given that
different search tasks have different numbers of relevant documents,
it can be helpful to normalize the number of relevant documents
found, and we use recall as our normalized measure of performance.
Recall is the fraction of all relevant documents found by a user:
recall = |Ur el ∩ R|/|R| , where Ur el is the set of documents judged
by the user as relevant, and R is the set of relevant documents as
defined by NIST. The NIST assessors act as the expert who decides
on final relevance.
In the cases where two passes are used to find relevant documents, each non-relevant document that is returned as relevant by
the first pass wastes the time of the final reviewer. Thus, another
useful performance measure is the precision of the set of documents
returned by the first pass: precision = |Ur el ∩ R|/|Ur el | , and F 1 is a
useful measure that combines both recall and precision and captures
the tradeoff between them: F 1 = (2 × recall × precision)/(recall +
precision) .
IR test collection construction, in most cases, calls for attempting to find all relevant documents. Mistakes made in judging and
missing relevant documents affect not only the values of effectiveness measures, but also affect our ability to correctly rank retrieval
systems from best to worst. We compare the ranking of the runs
submitted to the 2017 TREC Common Core track using the relevance judgments produced by our study participants to the ranking
produced with the NIST qrels. For measuring the ranking quality
of a run, we use mean average precision (MAP). We eliminate the
runs we submitted to the track as well as related runs from another
group at our university.
The most common measures of ranking performance are Kendall’s
rank correlation coefficient, τ , and Yilmaz et al.’s τAP [37]. The τAP
measure places more weight on high scoring runs. We use Urbano
and Marrero’s implementation of τAP [33].
While ranking retrieval systems is the highest priority, it is possible to rank systems well while also producing scores that are very
different from the score produced by the NIST qrels. To measure
the error in MAP for the runs, we compute the root mean squared

error (RMSE):
s
RMSE =

Pn
i

(nist .mapi − t .mapi ) 2
n

,

(2)

where there are n runs, nist .mapi is the MAP as per NIST for the
i-th run, and t .mapi is the MAP as produced by the relevance
judgments produced by a given variation (treatment) of our highrecall retrieval system.

3.7

Statistical Significance and Modeling

We used generalized linear mixed-effects models, as implemented
in the lme4 [8] package in R [25], to measure the statistical significance of our results. We treat our study participants and the search
topics as random effects. The independent variables (factors) of
our experiment were fixed effects. The factors were whether CAL
was with paragraph excerpts or full documents, and whether or
not search was available. The dependent variables are the various
measures of performance of Section 3.6. We analyze the significance
of each factor by building a complete model with all factors and
random effects and then a model without the factor of interest. We
then compare these two model using a likelihood ratio test that
reports a p-value.

4

RESULTS

Our first performance measure is the number of self-reported relevant documents found by study participants, and Table 3a shows
these results. In this case, both factors produce statistically significant differences. Only showing a paragraph-length excerpt in CAL
results in significantly more relevant documents being reported.
Likewise, a CAL-alone system without search is significantly better
than a CAL system that includes search. Participants using CAL-P
found on average 97.9 relevant documents, which is a 50% improvement over the next best result for CAL-P&Search with 65.4 relevant
documents found.
In some scenarios, high-recall retrieval operates with a first pass
by one set of workers to find relevant documents, and a second pass
where the documents are verified by an expert. Table 3b reports
such a scenario where the first pass is by our study participants
and the second pass is by the NIST assessors. If a document is
unjudged by the NIST assessors, we assume it to be non-relevant.
Here again, CAL with paragraphs has statistically significant better
performance over CAL with full documents. Search hurts performance, but this is not a statistically significant effect (p = 0.065),
and we see that search slightly helped CAL with documents while
it caused a large decrease in performance for CAL with paragraphs.
Given that some topics have more relevant documents than
others, insight can be gained by normalizing the topics by number
of relevant documents, and we did this by computing recall, which
Table 3c shows. Again, CAL with paragraphs is superior to CAL
with documents (p = 0.002). For recall, we found a statistically
significant interaction effect between the CAL and search factors
(p = 0.04). Here, search has helped CAL with documents and hurt
CAL with paragraphs.

In the study, participants used 4 variations of our high-recall retrieval system to find as many relevant documents as possible in
one hour. With our study participants only able to work for one
hour, we did not expect to achieve high-recall on average. What
matters in this experiment is the effect of each of the two factors
(independent variables) on the performance measures (dependent
variables).
Our first experimental factor was whether the CAL component
showed a paragraph-length excerpt to participants for judging
or whether the CAL component would show the excerpt and also
allow the participants to click to view the full document. Our second
experimental factor was whether or not the CAL system would be
augmented with a search engine. Judgments made in the search
system are used to train CAL.
In this section, we will refer to the 4 variations of our system
by these shorthands: CAL-P, CAL-D, CAL-P&Search, and CALD&Search (see Table 1).

Another important use of high-recall retrieval systems is to find a
search topic’s relevant documents for evaluation of IR systems. We
used each set of judgments produced by our four system variations
to score the TREC 2017 Common Core runs. We excluded our runs
and related runs from our university. Table 4 reports Kendall’s τ ,
τAP , and root mean squared error (RMSE) for each treatment’s
judgment set when compared with NIST’s judgment set. We also
report bootstrap BCa 95% confidence intervals for each measure.
Again, we see that CAL with document excerpts and without search
performed the best at ranking the IR systems with the highest τ
and τAP scores.

4.1

5

Main Results

Table 2 is a key/primer to help read our tables of performance
measures for those unfamiliar with this style of reporting. The table
format mirrors the 2 × 2 factorial experiment design of Table 1. For
each combination of factors, we report the mean performance. In
addition, we report the marginal means of each factor, i.e. the mean
performance for a factor regardless of the other factor. In the lower
right hand corner, we report the overall mean of all the treatments.
In our analysis, we are interested in the effect each factor has on
the experimental outcomes, and as described in Section 3.7, we
report the p-values from likelihood ratio tests to determine if a
given factor produces a statistically significant difference in the
measured outcome.

4.2

Ranking of IR Systems

DISCUSSION

Our experimental results support our hypothesis that users working
for a given amount of time would find a greater number of relevant
documents by judging the relevance of documents by viewing only
paragraph-length excerpts rather than full documents. In addition,
our results show that CAL without search performs as well or better
than a CAL system augmented with interactive searching.
The only difference between CAL-P and CAL-D is that CALD allowed the user to view the full document in addition to the
paragraph excerpt. Given that we expect judgment quality with
full documents to be as good or even better than the judgment
quality for paragraphs, it is apparent that allowing people to view
full documents slows down their rate of judging. Likewise, because

Table 2: Key/primer for reading Tables 3 and 5.
Search
Available
No
Yes
Marginal means
(CAL types)
Search
Available
No
Yes
Marginal means
(CAL types)

CAL types
Full doc available
Paragraph Excerpt only
CAL-D Average
CAL-P Average
CAL-D&Search Average
CAL-P&Search Average
Average of Full doc available Average with only Paragraph excerpt
p value (Full doc vs. Paragraph)
CAL types
Full doc Paragraph
available
only
58.3
97.9
51.4
65.4
54.8
81.6∗
p < 0.001

Marginal means
(search)
78.1∗
p < 0.001
58.4
Overall Mean
68.2

(a) Mean Number of User Reported Relevant Documents

Search
Available
No
Yes
Marginal means
(CAL types)

CAL types
Full doc Paragraph
available
only
26.5
42.3
27.8
33.4
27.2
37.8∗
p < 0.001

Marginal means
(search)
34.4
p = 0.065
30.6
Overall Mean
32.5

(b) Mean Number of User Found NIST Relevant Documents

Search
Available
No
Yes
Marginal means
(CAL types)

CAL types
Full doc Paragraph
available
only
0.20
0.27
0.23
0.25
0.22
0.26∗
p = 0.002

Marginal means
(search)
0.24
p = 0.108
0.24
Overall Mean
0.24

(c) Mean Recall

Table 3: The main results of comparing four system variations. We have marked with a ∗ the differences that are significant at p < 0.05.
Table 4: Performance measures for the task of test collection
construction (see Section 3.6). Shown are Kendall’s τ , τAP ,
and the RMSE computed based on scoring the TREC 2017
Common Core runs with mean average precision. We compare the 4 high-recall system variations / treatments (see Table 1) with their qrels versus the NIST qrels. Shown in brackets are 95% confidence intervals.
treatment
CAL-P
CAL-D
CAL-P&Search
CAL-D&Search

τ
0.70 [0.54, 0.80]
0.52 [0.32, 0.69]
0.45 [0.26, 0.64]
0.47 [0.27, 0.63]

τAP
0.58 [0.43, 0.70]
0.43 [0.27, 0.61]
0.38 [0.19, 0.56]
0.39 [0.21, 0.57]

RMSE
0.12 [0.11, 0.14]
0.11 [0.09, 0.13]
0.10 [0.08, 0.12]
0.08 [0.06, 0.10]

Marginal means
(search)
Average without Search p value (Search
vs. No Search)
Average with Search
Overall Mean

the number of relevant documents found decreases when search is
available, it is clear that people on average find relevant documents
at a slower rate via searching than via CAL. Indeed, with CAL-P,
participants took an average of only 22.7 seconds per submitted
relevance judgment while they took an average of 56.8 seconds
using CAL-D.
For CAL-D and CAL-D&Search, users were allowed to click
to view the full documents in the CAL interface. We found that
users on average made 73% (CAL-D) and 63% (CAL-D&Search)
of total judgments from CAL by viewing the full document. It
reflects that users like to view the full document in many cases. For
those assessments by only viewing excerpts without viewing full
documents in CAL, users spent on average 13.2 (CAL-D) and 12.3
seconds (CAL-D&Search) on assessing each excerpt. While for the
assessments made by clicking to view full documents in CAL, users
spent 52.7 (CAL-D) and 44.1 (CAL-D&Search) seconds on judging
each document. In short, viewing a full document cost significantly
more time than just viewing a paragraph-length excerpt.
Under the treatments CAL-P&Search and CAL-D&Search, a
search interface was provided to users for use. By summing up
the active time on the search interface, we found that users on
average spent 40% (CAL-P&Search) and 44% (CAL-D&Search) of
total time on the search interface. Accordingly, the users made
29% (CAL-P&Search) and 39% (CAL-D&Search) of total judgments
by using search. They on average made 5.1 (CAL-P&Search) and
4.5 queries (CAL-D&Search) with the search engine within one
hour. They also made 4.8 (CAL-P&Search) and 3.8 (CAL-D&Search)
switches between the CAL interface and the search interface.
Unfortunately, adding search to CAL can further slow down
the rate of finding relevant documents. With CAL-P&Search, participants took an average of 35.4 second per judgment. CAL-D is
so slow that adding search does not slow it down, for with CALD&Search, participants took 54.1 seconds per judgment.
Since the availability of search hurts the number of NIST relevant documents found and hurts the recall of CAL-P, the question
arises whether this decrease in performance is because of judgment
mistakes during search or because of the lower rate of judgments.
To answer this question, we examined the rate at which participants
found NIST relevant documents compared to the rate at which participants found self-reported relevant documents. To see how these
rates changed as participants made judgments, for each participant
we computed the cumulative number of NIST relevant documents
found vs. the number of self-reported relevant documents found.
We then averaged the cumulative number of NIST relevant documents across participants at each number of self-reported relevant
documents for the participants who at least had that many selfreported relevant documents. Thus, as the number of self-reported

Search
Available

# User Found NIST Relevant documents

30

CAL-P
CAL-D
CAL-P&Search
CAL-D&Search

25

No
Yes
Marginal means
(CAL types)

20

Marginal means
(search)
0.48
p = 0.006
0.54∗
Overall Mean
0.51

(a) Mean Precision

15

Search
Available

10

5

0

CAL types
Full doc Paragraph
available
only
0.50
0.45
0.57
0.52
0.53∗
0.48
p = 0.043

0

10

20

30

40
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# User reported relevant documents

Figure 1: Average number of participant found NIST relevant documents vs. number of self-reported relevant documents for the first 50 self-reported relevant documents.
relevant documents increases, there are fewer participants in the
average. Figure 1 shows this analysis. The slope of each curve in
Figure 1 is the precision of each treatment.
The first thing noticeable in Figure 1 is that both CAL-P and
CAL-D have effectively the same precision. As participants report
finding relevant documents, effectively the same fraction are also
considered relevant by NIST for CAL-P and CAL-D. The second
thing we see is that when search is available, the precision improves
regardless of the type of CAL. Thus we can conclude that search
hurts CAL with paragraphs because it slows down the rate of judgment rather than somehow hurting the quality of the judgments or
CAL’s ability to find relevant documents.
Providing users with an ability to view documents in CAL slows
down their rate of judgment, and so does providing them with
search. However, search improves precision. Thus if a user is to
work slowly with CAL-D, the user is better off with CAL-D&Search.
While search helps the precision of CAL-P, the decrease in speed
overwhelms the small increase in precision, and the user is better
with CAL-P alone rather than with CAL-P&Search.
Table 5a reports the mean precision, but these figures need to
be interpret with caution. Our analysis with Figure 1 showed that
precision of CAL with paragraphs, and CAL with documents were
effectively the same, but Table 5a shows CAL with documents has
a better precision at a statistically significant level. The issue here
is that precision is being measured over different sets and amounts
of documents. In high-recall retrieval systems, we expect relevant
documents to be easier to find in the beginning and be harder as the
search continues. CAL with paragraphs allows users to work much
faster and thus explore more of the collection. As the prevalence
experienced by the user drops, it is reasonable to expect the user to
falsely judge documents relevant at higher rates.
To better compare the precision of different treatments, we report the mean precision of a reduced judgment set in Table 5c. The
reduced judgment set is created by considering only the first k
documents that the participant reported as relevant. Given a topic,

No
Yes
Marginal means
(CAL types)

CAL types
Full doc Paragraph
available
only
0.24
0.31
0.28
0.29
0.26
0.30∗
p < 0.001

Marginal means
(search)
0.28
p = 0.063
0.29
Overall Mean
0.28

(b) Mean F 1

Search
Available
No
Yes
Marginal means
(CAL types)

CAL types
Full doc Paragraph
available
only
0.53
0.52
0.57
0.57
0.55
0.55
p = 0.935

Marginal means
(search)
0.52
p = 0.091
0.57
Overall Mean
0.55

(c) Mean Precision at Min. Number of User Reported Relevant Docs.

Table 5: The secondary results of comparing four system
variations. We have marked with a ∗ the differences that are
significant at p < 0.05.

k is the minimum total number of relevant documents that participants reported across all the treatments. We found no statistically
significant difference for precision at k judgments with or without
the option to search, and with or without the ability to view full
documents.
To capture the tradeoff between recall and precision, we report
the average F 1 in Table 5b. CAL with paragraphs is better than CAL
with documents at a statistically significant level. While search
improves precision, the increased precision does not compensate for
the loss of recall. As with recall, search improves the F 1 performance
of CAL with documents and hurts CAL with paragraphs, and there
is a statistically significant interaction effect between CAL and
search (p = 0.03).
Shown in Table 4, the CAL-P judgment set produces MAP scores
for the runs that achieve the highest τ and τAP rank correlation with
the MAP scores produced with NIST qrels. This result is consistent
with the results in Table 3 where we found that CAL with documents
is worse than CAL with paragraphs. However, the CAL-D&Search
produced MAP scores have the lowest RMSE compared to MAP
scores from NIST qrels. While CAL-P produces the best ranking
of runs compared to NIST, the addition of search appears to help
run scores on average be closer to the scores produced with the
NIST qrels (lower RMSE). We hypothesize that search may help
find high value documents that CAL had not yet found in the hour
of searching. All system variations had trouble producing good

scores for the automatic runs that used existing qrels (routing runs).
Future work is needed to better understand the issues with scoring
the routing runs.

6

CONCLUSION

We conducted a user study with 50 participants, each tasked with
finding as many relevant documents as possible in one hour. The
participants used four variations of a high-recall retrieval system
built around an implementation of continuous active learning (CAL).
For the CAL component, we tested whether it is better for participants to have the ability to view a full document or for participants
to be restricted to viewing a machine selected paragraph-length excerpt. We found for our primary measures of performance—finding
more user reported relevant documents, finding more NIST relevant documents, and achieving higher recall—that a single excerpt
was better than a full document. We also tested whether or not
having the ability to use a search engine to find relevant documents would help or hurt performance. Having access to search
hurt performance, but this difference was not always statistically
significant.
High-recall information retrieval (HRIR) makes large demands
on the user. State-of-the-art HRIR has the user provide relevance
feedback on a stream of documents until some stopping criteria
is met. In restricting user interaction to the viewing and judging
of short document excerpts, our study participants were able to
find more relevant documents in the same amount of time as compared to versions of our system that gave the participants more
freedom to examine and search for relevant documents. There may
be situations where users refuse to be so restricted and demand that
they must be able to see full documents as needed. In these cases,
it appears that making search available to users would actually
improve performance when performance is measured in terms of
recall or F 1 . We did see an increase in the precision of the system
when search is available, and thus carefully limited usage of search
early in a high-recall task may be beneficial, but we leave testing
of this idea for future work.
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