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1. Introduction

Annotation has the potential to greatly improve human ability to comprehend text
by serving as a cognitive artifact, facilitating comprehension, or even enhancing
automated reasoning systems when applied to raw text input. Reading and
understanding involve many complex and interrelated processes, however, which
make studying the efficacy of annotation to the human user difficult but crucially
important.

In this report, we overview a relevant area of education research, focusing on the
roles played by the text type and the type of question being asked about the text in
developing annotation strategies that are effective for text comprehension. We
begin by discussing automation schemes and variety therein. We then review
existing work on variation in text types and how amenable they are to annotation
for improved comprehension. Finally, we present original research across a range
of annotation schemes for intelligence analysis.

2. Text Annotation and Comprehension

2.1 Annotation Schemes

Annotation schemes typically describe a hierarchical breakdown of a semantic
space enabling the decomposition of a sentence into meaningful categories of
information. Annotation of text is intended to aid comprehension, either directly
(e.g., highlighting important passages helps a reader recognize and understand key
ideas) or downstream for purposes of information extraction (IE). For example,
named entity recognition (NER) may be employed to populate a database to help
synthesize multiple documents. Annotation schemes can vary widely in the type
and density of information they extract (e.g., one key idea, all named entities). We
illustrate this variation by applying annotation styles, based on three distinct
annotation schemes, varying in the complexity of their semantic integration, to a
task-specific context. These annotation schemes are based on standard markup
guideline definitions: Message Understanding Conference (MUC; Grishman and
Sundheim 1996), Low Density Languages (LODL; Simpson et al. 2008), and
Automatic Content Extraction (ACE; Doddington et al. 2004). Examples of the
styles, developed on the basis of these schemes, are provided in later sections of the
report.

The style developed on the basis of MUC annotation is relatively sparse,
recognizing only two categories of information: numbers and named entities.
Although rarely encountered in current technology, it can be used for filling



templates found in legacy systems or enhancing static descriptions, inventories, and
generically single-out numeric features without subcategory tags. The LODL
annotation scheme, loosely based on MUC-7, was originally designed to be used
on text in low-resource languages as an aid in system training for quick ramp-up of
automatic content processors. The scheme expanded on the earlier work to pull out
named entities in several categories, such as PERson, ORGanization, and
LOCation, and distinguish NUMeric EXpression subcategories of Date, Time,
money, and percentage amounts. The ACE annotation scheme is the most
sophisticated of the three, recognizing events and co-references and categorizing a
variety of named entities and numeric expressions, very useful for training systems
for populating knowledge bases from new material.

It is noteworthy that each of the schemes from which the experiments’ styles were
derived originated as data designs serving the development of computational
processes. It was humans who developed the guidelines, applied the annotation,
and evaluated the systems trained on the annotated data. Because the tagged
categories are thus meaningful to humans, the moment has arrived for researchers
to explore strategies for enhancing human use and exploitation of the output of
these and similar systems.

2.2 Annotation for Comprehension

Research on annotation for text comprehension acknowledges that, despite the goal
of improving human comprehension of text, annotation runs the risk of increasing
cognitive load to the detriment of comprehension. Factors investigated in reading
comprehension research (i.e., text type, question type, context) could provide some
insight on the limitations of annotation in human interpretation and understanding
of text-based information.

For example, Eason et al. (2012) investigated potential differences in ability to
comprehend specific types of text (i.e., narrative, expository, functional) and
answering specific types of questions (i.e., initial understanding, interpretation,
critical analysis). Significant differences in task performance were found among
subjects assigned the three types of text. Functional texts were found to be easier to
understand than both narrative and expository text. Functional text is designed to
replicate “real world” situations, such as reading signs or following directions.
Since the structure of functional text is commonly procedural in nature (i.e.,
presented in a list format), it may be easier to comprehend when the goal is to
answer questions following the text. Significant differences on performance by
experimental subjects assigned the three question types were observed as well. Not
surprisingly, critical analysis questions proved to be the most difficult for readers



overall. This question type requires readers not only to comprehend the text but
also to analyze and evaluate the text while using reading strategies to recognize text
structures. Higher-level cognitive skills (i.e., inferencing, planning, organizing) are
required to answer these types of questions. Eason et al. (2012) is only one example
in a significant body of reading comprehension research accumulated over several
decades.

A limited number of reading comprehension studies actually incorporate annotation
as a factor in the understanding and processing of textual information. Jan et al.
(2016) conducted a study on collaborative annotation that showed improved
reading comprehension when annotation was filtered such that participants viewed
less, higher-quality annotation. In this study, high school chemistry students
participated in a digital reading and annotating activity where they were ultimately
asked to answer comprehension questions on annotated text with and without
annotation filtering. The text was an expository chemistry article, and
comprehension was measured through multiple-choice reading comprehension
questions designed by an instructor to address recall, main idea, inference, and
application. Participants annotated text through highlighting, and they labeled
highlighted text as one of five categories: importance, quizzing, query, example,
and summary. Participants showed better comprehension when using a high-quality
annotation filter, leading the authors to recommend frequency-based filtering of
user-submitted annotation to increase annotation quality and reduce annotation
quantity and cognitive load. This demonstrates that more annotation is not
necessarily better and that quality matters.

Additionally, research has delved into the importance of the type of task that
annotation is intended to support. Wallen et al. (2005) conducted a study using
expert annotation of digital texts, finding that different types of annotation
facilitated different types of learning and that using multiple types of annotation at
once increased cognitive load and lowered performance. They used three types of
annotation that were hypothesized to support different cognitive processes:
selection (select relevant information to enable high-level processes), organization
(organize information into meaningful representations by building connections to
support comprehension), and integration (integrate representations between visual
and verbal information and prior knowledge to support processes like the creation
of new ideas). Three tests were used to measure these different levels of learning:
arecognition test (recall of facts), a comprehension test (conceptual understanding),
and a transfer test (higher-level understanding). Participants in their study read
digital 650-word expository scientific texts in one of seven conditions: plain, with
one of the three annotation types, or with two annotation types. They found that the
different annotation types facilitated different types of learning, and participants



had lower cognitive load and performed better when using only one type of
annotation compared to two types presented together.

Ben-Yehudah and Eshet-Alkalai (2014) compared print and digital texts and found
that annotation’s effect on comprehension varied across question types. Participants
read a four-page passage about fossils from a textbook, and half of participants were
asked to highlight text and take notes directly on the page in a way that they thought
would help them retain information for a later test. After reading and annotating the
passage, the text annotation was removed and participants were asked factual and
inference questions. Participants performed similarly on factual questions with or
without annotating, using digital or print materials. For inference questions,
however, annotation improved performance, but only for print text.

Reading comprehension models and experimental results may provide theoretical
grounding for additional studies on the cognitive processes associated with reading
annotated texts. As studies mentioned show, the usefulness of annotation cannot be
taken for granted because it varies depending on annotation quality, quantity, and
complexity, as well as the medium. Moreover, different types of annotation
facilitate different types of learning. While these studies vary with respect to
annotation scheme and the types of questions asked, they are similar in that they
each focus on the humans’ cognizing of annotated expository texts. In the next
section, we present experiments using several types of annotation schemes applied
to field report style texts containing information useful for intelligence purposes.

3. Experiments

Three experiments investigating the impact of text annotation schemes on problem
solving in a task-specific context were performed using crowdsourcing
technologies enabling the recruitment of large numbers of participants from
Amazon Mechanical Turk (AMT).

In each of the experiments, participants played the role of intelligence analysts
required to solve a problem. Participants read text formatted as field reports one to
three sentences in length. The reports had characteristics similar to those of
expository texts. Expository texts provide information about a particular topic
possibly including scientific or technical vocabulary, and exhibit distinct structural
qualities (Medina and Pilonieta 2006; Eason et al. 2012; McNamara et al. 2012).
Depending on the experiment and condition, an annotation scheme was applied to
the text in the intelligence reports. The participant’s level of reading comprehension
was an important factor in solving the intelligence analysis problem.



Section 3.1 overviews two experiments comparing comprehension of intelligence
reports with and without an ACE-style annotation. Accuracy and task-relevance of
the annotation were manipulated across the two experiments. Section 3.2 looks at
a third experiment, also using ACE annotation, along with two additional
annotation schemes (MUC and LODL), which have a lower level of semantic
integration. In that experiment, text was marked up with the annotation schemes
and question complexity was manipulated. Section 3.3 discusses trends in question
answering accuracy across the three experiments.

3.1 Experimental Laboratory for the Investigation of
Collaboration, Information Sharing, and Trust (ELICIT)
Experiments

In a pair of experiments, participants read lists of sentences that together describe
a hypothetical adversarial attack. These lists of sentences were presented either as
plain text or with an ACE-style annotation. The participants, acting in the role of
intelligence analysts, were tasked with identifying the attacker, target, time, and
location of the adversarial attack. Performance with and without annotation was
compared to determine whether the annotation assisted in identifying the
adversarial attack.

3.1.1 Text and Questions

The text used in both experiments was drawn from ELICIT (Ruddy 2007). ELICIT
provides capabilities to simulate an intelligence analysis task containing a number
of hypothetical adversary attack scenarios.

Each scenario is a list of 68 simple sentences that together allow a reader to deduce
the attacker, target, attack time, and attack location (Who, What, Where, and When)
of an anticipated adversary attack. While some answers may be straightforwardly
identified in the text (e.g., “The attack will be at 3 pm”), other answers require
multiple logical steps through two or more sentences to deduce the correct answer.
Half of the sentences are noise (i.e., they do not help the participant deduce the
correct responses), but the entire set of sentences is logically consistent. The
sentences are not ordered, and, while they are loosely interconnected, do not build
a narrative. Instead the sentences resemble facts, simulating streaming data
collected via multiple sources of intelligence.

To solve an ELICIT scenario, participants must answer the Who/What/Where/ When
questions using seven dropdown menus (When is broken down into separate menus
for month, date, time of day, and am/pm) before a 20-min timer forces them to
move on. Figure 1 shows example sentences from an ELICIT scenario.



The Gray and Teal groups do not employ suicide bombers

The Turquosse group focuses on destroving energy infrastrocture

No attacks are bemg planned on religious organizations in Sigmaland

The target 15 in a coalinon country (Muland, Xiland, Omscronland, Piland, or Sigmaland)

An attack 1s being planned for the first month of the year

The [= Gray] and [rer Teal] [-= groups] do not employ [#e= bombers)
The Turquoise [c=c growp] focuses on destroyving energy infrastructure

No are being planned on religious [ore organizations] in [ce
Sigmaland]

The [oec target] is in a [cre coalition] [cer country] ([cre Muland], [cee Xilamd], [ce
Omicronland), Piland, or Sigmaland)

An 5 being planned for the first month of the year

(LTS v W= e do not employ suscide bombers
rgucise proupRTaeit R S I e ey infrastructred
No artacks are being planned on T OO RO L r T A
The JIE is in a coalition country (DT COEN. & AR Lo RS il an )

An anack 15 bemp planned for TG OERTe RN RTRET

Fig.1 Example excerpts of an ELICIT scenario: plain text (top) with ACE annotation
(middle) and hand-generated annotation (bottom)

3.1.2 Experiment 1: ACE annotation

In the first experiment, the ELICIT scenarios were presented either plain text, see
the top of Fig. 1, or with ACE markup from an IE pipeline (Li et al. 2013, Li and Ji
2014), see the middle of Fig. 1. This markup was generated using named entity
recognition and event detection to indicate entities (e.g., person, vehicle, geo-
political entity) and events (e.g., attack), shown via bracketing and subscripts, with
mouse-over revealing additional information (e.g., an event’s arguments, the class
an entity belongs to).

The participants’ accuracy and response times were compared across plain text and
ACE annotation conditions. Results showed participants’ performance was
significantly worse (lower accuracy, slower response time) in the ACE condition
compared to the plain text condition. Participants also supplied workload and
preference ratings comparing these two conditions, and again the plain text
condition was shown to be superior.

3.1.3 Experiment 2: Hand-generated annotation

Because the ACE annotation used in this first experiment was generated by an IE
pipeline not specifically designed for the ELICIT intelligence task, its accuracy and
task-relevance were not perfect. Therefore, to create a best-case scenario for
annotation, the experiment was repeated using hand-generated markup (see the
bottom of Fig. 1). The automatically generated ACE annotation in Experiment 1



indiscriminately draws participants’ attention to all detected entities and events,
whereas the hand-generated markup highlighted all and only potential answers to
the Who/What/Where/When questions. In this way, the hand-generated markup is
highly relevant to the task, and by carefully creating it by hand and verifying its
correctness with other researchers, the markup is likely to be highly accurate.
Furthermore, the hand-generated markup provided less information overall,
marking up fewer words and doing so with simple highlighting instead of including
information about an entity’s classification. This has the advantage of reducing the
risk of information overload (Marusich 2016).

Results from the experiment indicated participants still failed to show a
performance advantage in the hand-generated annotation condition, although no
significant performance advantage was shown for the plain text condition as was
the case in Experiment 1. Further, ratings of workload and preference showed that
participants preferred to work with the hand-generated annotation and felt that they
performed better with it. For further details on these studies and their results, see
Zaroukian (2018, 2019) and Zaroukian et al. (2019a, 2019b).

3.2 Human-Assisted Machine Information Exploitation (HAMIE)
Experiment

Similar to the ELICIT experiments, participants in the HAMIE experiment acted in
the role of intelligence analysts tasked with solving a problem. The task required
participants to read and understand a series of sentences formatted as brief
intelligence reports. Participants were randomly assigned to answer a question
concerning a factious network of individuals and events in the Kandahar region.
Text in the intelligence reports was marked up using one of three annotation styles
schemes (MUC, LODL, ACE). Two subtasks (relation identification and link
diagram formation) were designed to assist the participant in answering the
question. Participants’ performance was compared across the three annotation
styles and three types of questions to determine the impact of annotation on problem
solving in an intelligence analysis context.

3.2.1 Text and Questions

The text used in HAMIE appeared as five types of short simulated reports one to
three sentences in length representing: open-source information, blog posts,
biographies, records of criminal history, and intelligence information reports.
Similar to the ELICIT experiment, the text was expository in nature and contained
noise, which was not relevant in answering the questions. The HAMIE experiment
contained three annotation conditions and three question conditions.



HAMIE’s three annotation conditions (MUC, LODL, ACE) varied in the types and,
hence, number of entities marked up. In addition to the ACE-based markup used in
the ELICIT experiments, the two less complex markups were also compared. The
MUC annotation highlighted named and numeric entities. The LODL annotation
highlighted named, information, and event entities. Figure 2 shows an example
intelligence report marked up with MUC (top), LODL (middle), and ACE (bottom).

[MR3) inteiligence Information Report-03
e § May 2018

A Kanaanar

[WR3] Intelligence Information Report-03
Date: 4 May 2015

ocaton Kandaha

[NR3] Inteiligence Information Report-03

ve 4 May 2018

Kandahar

Fig.2  Example intelligence report from HAMIE with MUC annotation (top), LODL
annotation (middle), and ACE annotation (bottom)

The three question conditions in HAMIE varied by level of problem-solving
difficulty. The first question required participants to determine whether critical
intelligence information was true or false. For this question, the relevant facts where
clearly stated in the text. The second question queried participants about potential
corruptness of government leaders. This was a multiple-choice question with one
correct answer, which required inference as all the facts were not clearly stated in
the text. The third question asked participants to identify the individuals responsible
for carrying out a bombing that killed the assistant police chief. This was also a
multiple-choice question, but required the selection of three correct answers out of
the seven provided. This question involved judgmental input as the text in the
reports contained conflicting facts pertaining to the question solution.

3.2.2 Question Answering Performance

A number of performance recording mechanisms were built into the HAMIE task
as a whole (i.e., question answering accuracy and total response time) and per
individual subtask (i.e., relation identification and link diagram formation accuracy



and response times). A point scheme relative to question difficulty was developed
(i.e., first question 300 points, second question 1,100 points, third question
2,400 points).

Results across tasks indicated that annotation scheme significantly affected
question answering performance. Participants assigned the MUC annotation
scheme outperformed participants using the LODL annotation scheme and ACE
annotation scheme. Performance between the ACE and LODL annotation schemes
was not significantly different. This indicates that the MUC annotation scheme may
constitute an ideal level of annotation for this type of task.

Additionally, question complexity affected performance. The lowest degree of
performance occurred in the most difficult question scenario across the three
annotation schemes. It appears that assistance provided by annotation in
understanding the text is only beneficial when answering easier questions. For
additional details on the HAMIE experimental design and analysis results, see Kase
et al. (2017a, 2017b) and Neigel et al. (2018).

3.3 Discussion

The extent to which annotation—whether it be automatic or human-generated—
helps humans to extract information from text is not well understood, especially
when applied in task-relevant contexts. The three experiments described in this
report represented a simplified intelligence analysis task requiring participants to
answer one or more questions across a range of difficulty levels. The expository
text type, which remained consistent across experiments, had a distinct structure,
but without following a timeline and without the high cohesion of the narrative text
type (Best et al. 2005). Several annotation schemes were compared to each other,
with the most complex also compared to plain text.

The two ELICIT experiments demonstrated a failure of annotation (both ACE and
hand-generated) to produce a performance advantage over plain text. While the
hand-generated annotation was more accurate and supposedly task-relevant, it is
possible that annotation of this sort, or annotation in general, is not particularly
useful for answering deductive questions from a list of sentences. Perhaps a
different type of text and a different type of problem solving would show different
results.

The HAMIE experiment showed that the least complex annotation scheme (MUC),
highlighting only named entities and numeric values—when compared with the
more complex annotation schemes (LODL and ACE)—was associated with better
performance by subjects, not only in number of points scored across subtasks but



also in answering the question. Surprisingly, LODL and ACE offering a greater
number of highlighted entity categories intended to aid comprehension and
question answering proved to be rather ineffective. Less surprisingly, the least
difficult question, the answer to which was found in facts clearly stated in the text,
benefited most from applying the simple MUC annotation scheme.

The three experiments show we need to learn more about how annotated text assists
readers as decision makers, with both comprehending textual content and
potentially answering critical questions in a timely manner. The related research
discussed in Section 2.2 offers key concepts, which can be incorporated, as factors,
into experimental new directions in annotation research. These include
understanding the cognitive skills and processes relevant to reading
comprehension, cognition, and information overload, which also—in tandem with
text type and question type—require consideration. Development of fine-grained
performance metrics, which may someday inform algorithms predicting correct
question answering by humans in a specified timeframe, would bridge another
research gap. Lastly, investigations focused on customizing the annotation scheme
for the task at hand might provide important direction for understanding a decision
maker’s interaction with annotated text.

4. Conclusion

With the limited research to date on the use of text annotation for comprehension,
it appears that less is more. More complex texts and more complex questions will
still challenge human analysts without sophisticated decision aids, the development
and testing of which will have incorporated these crucial factors. However, a
principled means for pairing task to tool for reduced cognitive load are, as yet,
lacking. Our hope is that insights achieved in the bringing together of research in
natural language processing and reading comprehension will lead to novel
approaches designed to address this issue.
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Army Research Laboratory
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decision making

Experimental Laboratory for the Investigation of Collaboration,
Information Sharing, and Trust

Human-Assisted Machine Information Exploitation
information extraction

Low Density Languages

Message Understanding Conference

Seventh Message Understanding Conference

named entity recognition
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(PDF)

(PDF)

(PDF)

DEFENSE TECHNICAL
INFORMATION CTR
DTIC OCA

CCDC ARL
FCDD RLD DCI
TECH LIB

CCDC ARL
FCDD RLC IT
E ZAROUKIAN
S E KASE
M VANNI
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