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ABSTRACT 

Information extraction (IE) pipelines aim to point human decision makers toward relevant information, but beyond the accuracy of 
the pipeline itself, designing the presentation of the output of the pipeline for optimal human understanding should be a goal. This 
paper establishes a framework for testing comprehension of text documents with and without markup from an IE pipeline and 
reports the results of a behavioral experiment where an information extraction pipeline, instead of helping, seems to hurt both 
objective and subjective measures of performance. These results suggest further steps that can be taken toward developing more 
human-usable IE pipeline outputs. 

Introduction 

Information extraction (IE) pipelines have been developed as a way to pull relevant information from 
large document sets. When a decision maker such as a military intelligence analyst has mountains of 
documents to synthesize in a limited amount of time, a reliable IE pipeline may be an invaluable aid for 
making selections of relevant documents or portions of documents for further summarization to facilitate 
decision making.  

While the output of an IE pipeline can take many forms, it often provides markup for input texts, 
identifying, for example, relevant entities and events. Research on these pipelines typically focuses on 
precision and recall of the computational outputs, and while these are important measures, the end (human) 
user is often overlooked. What work that has focused on human users typically looks at user experience 
with highly specific or low-level features such as font size and serifs, e.g., [1-3]. Little research on markup 
and its effect on reading comprehension is available, and in particular there is a paucity of work comparing 
text with markup to text without markup to assess what value markup adds. In response, this paper aims to 
establish a framework for assessing markup by presenting an experiment comparing comprehension of text 
documents with and without markup from an IE pipeline. Results of such experiments can then lead us 
toward developing more human-useable IE pipeline outputs.  

Starting with simple text documents and the output of an existing IE pipeline, this paper asks:  Does 
markup improve human comprehension of text documents? Comprehension in this experiment is measured 
objectively as the accuracy and speed with which participants answer questions about the text, and it is 
measured subjectively through ratings of workload (self-reported mental task demands) and preference 
(preferred document representation with or without markup). Here, marked-up text surprisingly leads to 
worse comprehension (lower accuracy, slower response times, higher workload ratings, and lower 
preference ratings) than comparable text without markup. Further work is proposed to gain a clearer 
understanding of why this pattern emerged and what it means for creating useful markup. 

Section I: Methods and Procedure 

1) Participants 

One hundred participants were recruited through Amazon Mechanical Turk to take part in this 
experiment. Each participant was compensated $2.00.   



2) Materials and Equipment 

The experiment was prepared using the Ibex tool for running behavioral psycholinguistic experiments 
(https://code.google.com/archive/p/webspr/) and run online through Amazon Mechanical Turk. 

The markup used in this experiment was generated using an IE pipeline developed at Rensselaer 
Polytechnic Institute [4][5]. This markup highlights a variety of entities (e.g., person, vehicle, geo-political 
entity), and mouse-over reveals additional information (e.g., a relation’s arguments, the class an entity 
belongs to). See Fig. 1 for an example of text marked up through this IE pipeline. 

 

Figure 1: Excerpt from an ELICIT scenario showing markup with mouse-over information for “entered”. 

The text used in this experiment was drawn from ELICIT, the Experimental Laboratory for the 
Investigation of Collaboration, Information Sharing, and Trust [6]. ELICIT is a type of hidden profile task, 
which requires deductive reasoning to solve a problem given different pieces of information. Specifically, 
ELICIT is a simulated intelligence task containing a number of hypothetical adversary attack scenarios, 
each in the form of a list of 68 simple sentences that together allow a reader to deduce the Who, What, 
When, and Where of an anticipated adversary attack.1   These questions are answered in this experiment 
through seven dropdown menus (When is broken down into separate menus for month, date, time of day, 
and am/pm). See Fig. 1 above for example sentences from an ELICIT scenario. 

This experiment included two questionnaires: a demographic questionnaire and a modified version of 
the NASA Task Load Index (NASA-TLX) [8]. The modified NASA-TLX asked participants to directly 
compare the two versions of the task (with and without markup) on a variety of workload measures as well 
as on overall task-version preference. These questions can be seen in Table I. Participants responded to 
each question by choosing a point on a 21-point scale where the ends of the scale represent a strong 
preference for each of the versions.  

3) Procedure 

At the beginning of the experiment, participants completed a demographic questionnaire and read a 
page of instructions explaining the experiment. Before each test scenario, participants completed an 
abbreviated practice scenario in order to familiarize them with the scenario presentation and the method for 
answering questions. At the end of the experiment, participants completed the workload and preference 
questionnaire. Participants were randomly assigned to see the scale in this questionnaire either with the 
version with markup on the left and the version without markup on the right, or they were assigned to see 
the reverse. 

                                                       
1 See also [7] for work with ELICIT and additional scenarios. 



Each participant completed two test scenarios, one with markup (markup condition) and one without 
(plain condition). The two scenarios were chosen randomly from a set of four scenarios and were assigned 
randomly to a condition (markup or plain) and order (markup trial first or second). Accuracy and response 
time were collected for each test scenario. 

Section II: Results 

Participants’ accuracy and response times are shown for plain and markup trials separately in Fig. 2. 
Overall, these results point to an advantage for text without markup over text with markup. 

 

Figure 2: Accuracy count (number of correctly answered questions) versus response time in minutes for each participant in each 
condition. Medians are shown as dotted lines. 

1) Accuracy 

Accuracy count (the number of correctly answered questions for a trial, from 0 to 7) are shown on the 
y axis in Fig. 2 above. A Wilcoxon signed-rank test indicated that participants answered significantly more 
questions correctly in the plain condition (median = 5) than in the markup condition (median = 4.5, p = 
0.04), with 46 out of 77 (60%) participants scoring higher in the plain condition (23 participants scored the 
same across conditions). 

Participants scored similarly in their first (median = 5) and second trials (median = 5), with 45 out of 
77 (58%) participants scoring higher on the second trial than on the first. A Wilcoxon signed-rank test 
indicated no significant difference in accuracy between trials (p = 0.08), showing no clear learning across 
trials.  

 

Figure 3: Accuracy count (number of correctly answered questions) for each participant in trial 1 and trial 2. Medians are 
connected with a dotted line. 



The effect of the order of trial condition on participant accuracy is examined in Fig. 4. Among 
participants whose first trial was in the plain condition, 23 out of 45 (51%) scored higher in the plain 
condition (median = 5) than in the markup condition (median = 5; 16 participants scored the same across 
trials2). Among participants whose first trial was in the markup condition, 23 out of 32 (72%) scored higher 
in the plain condition (median = 5) than in the markup condition (median = 4; 7 participants score the same 
across trials). 

 

Figure 4: Each participant’s accuracy count in plain and markup conditions, connected by a line. Median response times are 
connected with a dotted line. The plot on the left shows participants who saw the plain trial before the markup trial. The plot on 

the right shows participants who saw the markup trial before the plain trial. 

It is unwise to draw conclusions using only medians from small pools of data, but these results suggest, and 
further results will support, that a learning advantage is only seen in plain trials: when plain trials are seen 
second, they seem to benefit from this position, but when markup trails are seen second, they do not 
experience a similar boost. This asymmetric transfer suggests that, while participants are overall more 
accurate on plain trials than markup trials, something about them is in some sense hurting later performance.  

2) Speed 

Response time, or the time elapsed from the beginning of a trial until the participant has selected their 
answers and clicks the submit button, is shown on the x axis in Fig. 2 above. A Wilcoxon sign-rank test 
indicated that participants responded significantly faster in the plain condition (median = 6.19 minutes) 
than in the markup condition (median = 6.83 minutes, p = 0.02), with 58 out of 100 (58%) participants 
responding faster in the plain condition. 

As shown in Fig. 5, the median of participants’ response times is faster for the second trial (median = 
5.93 minutes) than the first trial (median = 6.64 minutes), with 53 out of 100 participants responding faster 
on the second trial than on the first trial. A Wilcoxon sign-rank test indicated no significant difference in 
reaction times between trials (p = 0.52), again showing no clear sign of learning across trials.  

                                                       
2 Participants’ trial orders were randomly assigned as they launched the experiment, which resulted in 61 participants’ 
first trial being in the plain condition and 39 participants’ first trial being in the markup condition. Due to this 
asymmetry, the overall results above may underrepresent the advantage participants had with in the plain condition. 
With respect to trial condition order, the data is not only unbalanced, but also non-normally distributed and somewhat 
sparse, so the decision was made to not run inferential statics within sub-groups. 



 

Figure 5: Response time (in minutes) for each participant in trial 1 and trial 2. Medians are connected with a dotted line. 

The effect of the order of trial conditions on participant response time is examined in Fig. 6. Among 
participants whose first trial was in the plain condition, 33 out of 61 (54%) responded faster in the plain 
condition (median = 6.84 minutes) than in the markup condition (median = 8.05 minutes). Among 
participants whose first trial was in the markup condition, 25 out of 39 (64%) responded faster in the plain 
condition (median = 3.90 minutes) than in the markup condition (median = 5.60 minutes).  

 

Figure 6: Each participant’s reaction time in plain and markup conditions, connected by a line. Median response times are 
connected with a dotted line. The plot on the left shows participants who saw the plain trial before the markup trial. The plot on 

the right shows participants who saw the markup trial before the plain trial. 

As suggested above, plain trials seem to experience a learning advantage, while markup trails do not. 

3) Workload and Preference 

Responses to the workload and preference questionnaire are summarized in Table 1, where the Even 
column gives the percentage of participants who chose the exact middle of the 21-point scale, the Plain 
column gives the percentage of participants leaning toward the plain version of the task, and the Markup 
column gives the percentage of participants leaning toward the markup version of the task. 

Table 1: Workload and preference. 

Question 
Percent of participants that 
chose this version of the task 
Plain Markup Even 

Which version of the task felt more mentally demanding? 29 64 7 
Which version of the task felt more physically demanding? 22 45 33 
Which version of the task felt more hurried or rushed? 21 49 30 
On which version of the task do you think you performed better? 57 34 9 
On which version of the task did you feel you had to work harder? 25 64 11 



Which version of the task lead you to feel more insecure, 
discouraged, irritated, stressed, or annoyed? 26 62 12 
Overall, which version of the task you do you prefer? 66 30 4 

 

This qualitatively shows that participants tended to prefer the plain version of the task and generally 
associated it with lower workload. 

Separating participants into the 66 who prefer the plain version and the 30 who prefer the markup 
version, shown in Table 2, participants tended to associate a lower workload to their preferred version of 
the task. 

Table 2: Workload and preference by preference. 

Question 

Percent of participants that chose this version of the 
task 

Plain preference Markup preference 
Plain Markup Even Plain Markup Even 

Which version of the task felt more mentally demanding? 11 83 6 73 23 3 
Which version of the task felt more physically demanding? 8 59 33 57 17 27 
Which version of the task felt more hurried or rushed? 11 61 29 47 27 27 
On which version of the task do you think you performed better? 80 8 12 7 90 3 
On which version of the task did you feel you had to work harder? 8 86 6 67 17 17 
Which version of the task lead you to feel more insecure, 
discouraged, irritated, stressed, or annoyed? 

6 86 8 73 7 2 

Overall, which version of the task you do you prefer? 100 0 0 0 100 0 

 

Furthermore, descriptively, participants are more accurate on their preferred version of the task, though 
markup trials are slower for both groups, as summarized in Table 3.  

Table 3: Accuracy and speed by preference. 

Preference N Condition 
Median 

accuracy 
count 

Median 
response time 

(min) 
Plain 66 Plain 6 6.82 

Markup 4 7.15 
Markup 30 Plain 4 4.10 

Markup 5 5.25 
 

Looking between these two preference groups, their overall performance differs. Mann-Whitney U tests 
show that participants who prefer the markup version completed the task significantly faster than 
participants who preferred the plain version (plain-preference median = 7.06, markup-preference median = 
4.48, p < 0.01), though their accuracy was not significantly worse (plain-preference median = 5, markup-
preference median = 4.5, p = 0.33). While this test with relatively small sample sizes has fairly low power, 
these results reveal some hope for the markup used here, at least with certain participants. Overall, however, 
participants appear to have found the plain version easier to work with. 

Finally, recall that learning transfer, appeared to only occur from markup to plain trials, and not from 
plain to markup trials. Table 1 shows a tendency to for participants to prefer plain trials, but this tendency 
is stronger if a participant’s first trial is plain: participants whose first trial is plain have a 2.9:1 preference 



for plain over markup, whereas participants whose first trial is markup have only a 1.5:1 preference for 
plain over markup.  

Table 4: Percent of participants by trial order and preference. 

Trial order 

Preference 

Plain Markup Even 

Plain first, markup second 70 25 5 

Plain second, markup first 59 38 3 

 

This tendency to develop a preference for the first condition seen, plus an overall preference for plain trials, 
may cause a resistance to switching conditions between trials that is especially strong when switching from 
plain to markup. This can be tested in subsequent studies by adding more trials or treating condition as a 
between subjects manipulation [9]. Additionally, this suggests that the plain preference in Table 1 may give 
a slightly exaggerated picture, given that 61 out of 100 participants saw their plain trial first; a more accurate 
picture may come from averaging the columns in Table 4.  

Section III: Discussion 

This paper presented a framework for evaluating text markup from an IE pipeline, which was then used 
to evaluate output from an existing IE pipeline. Markup in this experiment, instead of helping, seems overall 
to hurt performance, both in accuracy and in speed. Additionally, participants tended to find that markup 
leads to higher workload and is dispreferred in favor of plain, non-marked-up text. 

Not all participants performed better without markup, and in fact, descriptively, those who prefer 
markup are more accurate on markup trials than on plain trials, and while markup trials are slower than 
plain trials for both groups, participants who prefer markup are overall faster than participants who prefer 
no markup without suffering from significantly lower accuracy. This human variability points toward the 
importance of providing the user with means of toggling the markup so that it is only present when it is 
helpful. 

There are a number of additional paths toward better understanding the results presented here as well 
as how human users can best benefit from the work of an IE pipeline. The markup used in this study was 
generated automatically by an independently created IE pipeline, so it was not completely accurate, and the 
categories were not necessarily useful for discovering the Who/What/Where/When of the hypothetical 
adversarial attack. Studies on collaborative annotation suggest that readers perform better with less, higher 
quality annotation [10]. Similar results were found in [11], where three annotation schemes were compared, 
and the best performance was found with the simplest, most accurate scheme. In light of this, the next step 
in this project will be to provide more optimized markup – hand-created markup that is maximally accurate 
and relevant to the task – to attempt to find better performance with markup than without. If this can be 
established, it may subsequently be possible to independently vary accuracy and relevance to find 
thresholds that must be met for markup to be useful. Markup will be a between-subjects between-subjects 
manipulation in order to avoid asymmetrical transfer between conditions, and additional questions (e.g., 
occupation, trust in automation) will be added which may shed light on why participants prefer or disprefer 
markup.  



While this experiment used a simple set of texts from which a participant can deduce answers to 
ELICIT’s Who, What, Where, and When questions, texts are typically more complicated, do not come with 
predefined questions, and do not necessarily point to a single answer to any question. It is not obvious that 
different kinds of texts and tasks would yield the same patterns of results. When considering different ways 
to mark up these texts, it should be kept in mind that adding markup to text turns reading into a visual search 
task, and by better aligning markup with what is known about human visual search (e.g., improved use of 
color and space) [10] and visual analytics, markup may better reflect the hypothesized advantage provided 
by information extraction. While the current plans for this research framework remain necessarily narrow, 
many avenues remain in optimizing the output of IE pipelines for human understanding. 
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