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ABSTRACT

1

Because of terminology mismatches, health consumers frequently
face difficulties while searching the Web for health information.
Difficulties arise in query formulation but also in understanding
the retrieved documents. In this work we analyze how documents’
readability affects users’ comprehension and how both affect the
retrieval performance, measured in different ways. In addition, we
analyze how performance measures relate with each other. For this
purpose we have conducted a laboratory user study with 40 participants. We found that readability is essential for a document to be
at least partially relevant and that it becomes even more important
if the document has medico-scientific terminology. Moreover, the
relevance of a document to a specific user highly depends on its
comprehension. In lay queries we found the medical accuracy of
users’ answers is related to the session’s relevance assessments.
This shows that users can, at least in part, relate their relevance
assessments with the medical accuracy of the documents. On the
other hand, this relationship does not exist with medico-scientific
queries.

There are obvious mismatches between the terminology used by
consumers and the one used in health documents and standard medical vocabularies [3, 25]. This makes searching for health information
difficult for health consumers. Difficulties emerge when users are
formulating the queries and, for this reason, some works propose
and evaluate strategies to translate lay terms to medico-scientific
ones [15] and others present query suggestion systems [16, 17, 26].
While these systems might help users reach topically relevant
documents, studies have shown that the average user also experiences difficulty in understanding the retrieved results [5]. For this
reason, the assistance provided by search engines to consumers
cannot be limited to the query formulation stage. Search engines
should also assist users understanding the retrieved information.
The readability of documents is a characteristic that might influence
users’ comprehension.
Another important issue in consumer health search is the evaluation of its performance. In this domain, traditional measures based
on topical relevance are important but should be combined with
measures that assess utility such as the medical accuracy of the
knowledge obtained during the search session and users’ satisfaction with it. Ideally, this evaluation should take into account users,
tasks, search applications and underlying information retrieval systems in a holistic perspective assuring that global aspects can be
assessed [1].
In this work we study the interplay between the readability of
documents, their comprehension, and aspects related to the evaluation of the retrieval performance, namely, sessions’ precision,
sessions’ medical accuracy and tasks’ motivational relevance. The
latter relates user’s goals and motivations with the information objects [21]. We want to know how readability affects comprehension
and how both affect the retrieval performance. In addition, we want
to understand how different evaluation measures relate to each
other. We will do this analysis across query terminology (lay and
medico-scientific) using a previously proposed system that suggests
alternative queries using these terminologies. A description of this
system and its effects can be found in previous works [12, 13].
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INTRODUCTION

RELATED WORK

Readability is the ease with which someone can read a certain text.
It depends highly on the vocabulary and syntax of the text and popular readability metrics are based on characters, syllables and word
counts. For example, the Simple Measure of Gobbledygook (SMOG)
readability metric considers the number of polysyllables per sentence. The Flesch-Kincaid one is based on a weighted combination

of the number of words and number of syllables in a sentence. The
Gunning-Fog uses sentence length and frequency of complex words.
All these metrics indirectly assess the educational grade level necessary to understand a document and a higher score indicates that
the text is more difficult to read.
Several works report high scores of readability metrics when
applied to health contents on the Web, which may be an obstacle
for some users, particularly to those with lower literacy. Friedman
et al. [5] assessed the readability level of 55 websites on breast,
colon, and prostate cancers using SMOG, Flesch-Kincaid and Flesch
Reading Ease metrics. Authors concluded that cancer information
on the Internet is accessible to people having at least a college level,
excluding a segment of the population that is at risk of cancer. Similar conclusions were found by these authors in a study conducted 2
years later [6] with a larger sample of websites (100) and the same
readability metrics. Also focused on cancer, Hoppe [7] assesses text
from the National Cancer Institute’s website and concludes that text
is written at a level between the 10th and 12th grade, much above
the 7th-grade reading level, which is the average American reading
level identified by the United States Department of Health and Human Services. Walsh et al. [24] also found that health information
available on the Web exceeds the 7th-grade reading level. In their
work, authors used SMOG, Gunning-Fog and Flesch-Kincaid to assess 100 health articles randomly collected from consumer-oriented
websites of reputable American associations.
Towards the simplification of health contents, researchers have
worked to find text features that raise difficulty so that barriers
to reading can be lowered and understanding of information increased [9, 10]. First, authors systematically manipulated the sentence structure, noun phrase complexity and function word density
and assessed difficulty by means of questions posed to the users [10].
Although these changes improved on the perceived difficulty of text,
they were insufficient to simplify text and improve understanding.
On a later work, Leroy and other authors developed algorithms
that automatically identify difficult sections in text and provide
easier alternatives [9]. Term familiarity was estimated using term
frequencies in Google Web Corpus and alternatives were synonyms,
hypernyms, definitions and semantic types extracted from WordNet, the Unified Medical Language System (UMLS), and Wiktionary.
With this strategy, authors found strong beneficial effects of the
simplification on both perceived and actual difficulty of the text.
Still in 2013, Leroy et al. [11] also evaluated the simplification of
text through lexical simplification and coherence enhancement.
Lexical simplification reduced the perceived difficulty of texts but
negatively impacted the flow of the text. Coherence enhancement
reduced the actual difficulty of the text.
Readability has also been used to improve search engine results.
Collins-Thompson et al. [23] proposed models and algorithms to
estimate user’s reading level, document’s reading level and to rerank results based on the reading levels. Their work shows the
importance of finding results at an appropriate reading level. Tan et
al. [22] reach a similar conclusion modelling text readability (or text
comprehensibility, as the authors call it) and building user profiles.
Muresan et al. [18] concluded that a higher readability has positive
effects on retrieval performance.
Other researchers use readability metrics as a proxy to comprehension. Zuccon [27], for example, estimates understandability

based on readability metrics computed for each retrieved document,
and proposes understandability-biased evaluation measures based
on rank-biased precision to evaluate information retrieval systems
for consumer health search. He concludes that considering both understandability and topicality in the evaluation of retrieval systems
leads to conclusions that differ from those obtained when considering topicality alone. Palotti et al. [19] use readability metrics and
medical lexical aspects to infer understandability and combine it
with relevance in a learning to rank approach. Authors concluded
that this approach promotes documents that are at the same time
topically relevant and understandable.

3

USER STUDY

Three research questions, all focused on both lay and medicoscientific queries, drove this study:
(1) How does documents’ readability affect users’ comprehension and the precision, medical accuracy and motivational
relevance of the session?
(2) How does comprehension affect the precision, medical accuracy and motivational relevance of the session?
(3) How are precision, medical accuracy and motivational relevance related?
Note that although sometimes understandability or comprehension is used as a synonym of readability, in this work, readability
is different of comprehension. Readability is a characteristic of the
text, independent of the user and comprehension depends on both
the text and the user. A certain text may be comprehended by some
and not be comprehended by others.
The interdependencies that we analyzed in lay and medicoscientific terminologies are depicted in Figure 1.

Readability

Precision

Comprehension

Medical
Accuracy

Motivational
relevance

Performance measures

Figure 1: Analyzed interdependencies.
To answer these questions we conducted a laboratory user study
with forty information science undergraduate students (25 females;
15 males) with a mean age of 22.25 years (sd=6.42).
We defined 8 information needs based on questions submitted
to the health category of Yahoo! Answers, where all require finding a treatment for a particular disease or condition. Researchers
formulated medico-scientific and lay queries for each information
need and, using Google as a black-box search engine, collected the
top-30 results. The selected information needs (IN) are:
• About 3 days ago, I started having a burning feeling every
time I urinated. How should I treat this?
• For the past 5 days my head has been very itchy and I don’t
have lice. What can I do to stop the itching?

• I have high uric acid (8.0 mg/dL) with reference units 3.6 7.7. How can I lower my uric acid level?
• I am suffering with an inflammation on my lips and mouth
area for more than a year. I have difficulties eating. What
can I do to treat it?
• My father got bit by a dog and is in the hospital with a bone
infection. How is this treated?
• I frequently get heartburn even when I stay away from spicy
stuff. What can I do to prevent it?
• I have been noticing lots of hair coming out from my head.
Usually I only comb my hair once a day. What can I do to
stop losing my hair?
• I’m on the computer all day so I type a lot and use the mouse.
My right pointing finger is starting to give me some joint
pain. How I can treat my finger?
Users had to assess, in a 3-value scale, the relevance and comprehension of the top-30 documents retrieved by one of the queries
defined for each information need. For relevance, the three values were “not relevant”, “partially relevant” and “totally relevant”,
denoted by 0, 1 and 2, respectively. For comprehension, the three
values were “not understood”, “Partially understood” and “Totally
understood”, denoted by 0, 1 and 2, respectively. As this assessment was an initial task of an academic assignment, they had an
additional stimulus to do it carefully. Assessments were done in
a custom designed system. Each user assessed every information
need, that is, 8 sets of documents.
In a post-search questionnaire users evaluated their feeling of
success with the task in a scale of 1 (lowest level of success) to
5 (highest level of success). This information was used to assess
motivational relevance that expresses the “relation between the
intents, goals, and motivations of a user, and texts retrieved by a
system” [21]. According to Saracevic [21], “satisfaction, success,
accomplishment, and the like are criteria for inferring motivational
relevance”.
In this same questionnaire, users had to write an answer to the information need that drove the task. A medical doctor evaluated this
answer in relation to the correct and incorrect content it possessed.
Answer’s correctness was evaluated in a scale of 0 (inappropriate
answer) to 2 (appropriate answer). The 1 was used for answers with
“some value”. In terms of answer’s incorrectness, user’s answer was
classified with 0 (all or almost all content is incorrect), 1 (some
incorrect content) or 2 (no incorrect content). These values were
added into a single variable called “medical accuracy” that, therefore, varies between 0 (lowest accuracy) and 4 (highest accuracy).
To evaluate the reliability of the medical assessments, a second medical doctor judged 30% of the answers and we estimated
the inter-rater reliability through the weighted Cohen’s Kappa, an
adaptation of Cohen’s Kappa to ordinal scales that treats disagreements differently [2]. The measured weighted Cohen’s Kappa, with
squared weights, for the correctness ratings is 0.68 (95% CI: [0.54,
0.77]), indicating a substantial agreement [8]. For the incorrectness
ratings, this measure is 0.7 (95% CI: [0.48, 0.84]), also pointing to a
substantial agreement. These inter-rater reliability results assure
the quality of the initial ratings.
The readability of documents was evaluated using the SMOG
metric where a higher score indicates that the text is more difficult to

read. To compute this metric we used a web service1 after extracting
the main content of the documents. We chose this metric because it
was recommended as a measure of readability in consumer-oriented
healthcare documents [4]. To evaluate precision, we have used
individual relevance assessments and Graded Average Precision
(GAP), a measure proposed by Robertson et al. [20] that is based
on the probabilistic model and generalizes average precision to the
case of multi-graded relevance.

4

DATA ANALYSIS

Whenever possible we applied a parametric test instead of a nonparametric one due to the former’s greater statistical power. The
selection of the hypothesis test depends on the number of groups to
be compared and on the scale of the variable that is being compared.
In situations where ordinal variables are involved, we employed
the Mann-Whitney test and used the W letter to indicate the test
value. When more than two groups are being compared we initially
applied the one way ANOVA or the Kruskal-Wallis test (KW), if
the ANOVA assumptions are not verified, to investigate if there
were significant differences between the groups and, if so, we either
applied the Tukey’s test or we did a pairwise comparison. In the
pairwise comparison we applied the Bonferroni correction, dividing
α by the total number of comparisons to minimize the type I error.
These comparisons allowed us to detect where the differences are
located. Henceforward, a * signs a result statistically significant at
α = 0.05 and a ** signs a result statistically significant at α = 0.01.

4.1

Readability impact

4.1.1 On Comprehension. Figure 2 shows that in medico-scientific
queries the comprehension increases with documents’ readability,
i.e., as SMOG gets lower. In fact, in these queries, we found statistically significant differences in readability between all levels
of comprehension (Table 1). In lay queries we found the readability of the documents does not affect the comprehension so much.
Surprisingly, as seen in Table 1, we even found that documents “totally understood” are significantly harder to read than documents
“partially understood”.
Table 1: Significant differences in the mean SMOG between
comprehension levels.

S MOG 0
S MOG 0
S MOG 1
S MOG 1

>
>
<
>

S MOG 1
S MOG 2
S MOG 2
S MOG 2

Lay queries

Medico-scientific queries

-

W=353147.5, p = 8.71e-08**

-

W = 449795, p < 2.2e-16**

W=1890011, p =1.1e-04**

-

-

W=2177938, p = 3.08e-08**

SMOGn is the SMOG at comprehension level n.

4.1.2 On Precision. To analyze how the readability of the documents affects precision we do not use graded precision but compare
the readability score of the documents with their relevance assessments. The mean SMOG by relevance level and type of query is
plotted in Figure 3. This figure shows that, in both types of queries,
1 https://github.com/ipeirotis/ReadabilityMetrics

Table 2: Significant differences in the mean SMOG between
levels of relevance.
Lay queries

S MOG 0 > S MOG 1
S MOG 0 > S MOG 2

Medico-scientific queries

W = 1492732, p = 3.967e-15**

W = 1206654, p = 4.522e-08**

W = 1300120, p = 3.489e-08**

W = 1266217, p = 5.693e-09**

SMOGn is the SMOG at comprehension level n.

found significant statistical differences in the mean SMOG between
levels of medical accuracy in each query type (for lay queries, F(4)=
4.264, p=0.0019**; for medico-scientific queries, KW χ 2 = 49.65 ,
p=4.27e-10**).

Figure 2: Mean SMOG by comprehension level and type of
query.
easier to read documents tend to be associated with higher relevance scores. Table 2 shows the significant differences that were
found in the mean SMOG between not relevant documents and the
others. Since we are performing multiple comparisons, we applied
the Bonferroni correction, dividing α by the number of tests performed in each type of query, i.e., 3. These results show that a low
readability (that corresponds to a higher SMOG) can be considered
an obstacle for a document’s relevance, disregarding the type of
terminology.

Figure 4: Mean SMOG by answer’s medical accuracy and type
of query.
Table 3 presents the significant results of the pairwise comparisons in each type of query. In lay queries we used Tukey’s HSD
test and in medico-scientific queries we used several Wilcoxon tests
with the Bonferroni correction. We found that, with both types of
queries, documents associated with sessions with a medical accuracy of 3 are more complex (higher SMOG mean) than documents of
sessions with a medical accuracy of 1 and 2. With medico-scientific
queries, they are also more complex than documents of sessions
with a medical accuracy of 0. Moreover, sessions with a medical
accuracy of 2 are associated with less readable documents than
sessions with a medical accuracy of 0 and 1.
Figure 3: Mean SMOG by relevance level and type of query.

4.1.3 On Medical accuracy. Figure 4 shows that, with some exceptions, documents that are harder to read (higher SMOG) tend
o be associated with answers with higher medical accuracy. Answers with the highest level of medical accuracy (4) stand out as
an exception, with a lower mean SMOG (mean=7.39, sd=0.09) than
answers with a medical accuracy of 3 (mean=7.69, sd=0.06). We

4.1.4 On Motivational Relevance. In Figure 5 we plotted the
mean SMOG by motivational relevance and query type. As can
be seen, in medico-scientific queries less readable documents are
associated with sessions with lowest satisfaction rates (1 and 2). In
lay queries this only happens with the first level of motivational
relevance. In sessions where users feel “completely satisfied”, documents are less readable than those in previous levels of satisfaction.
In medico-scientific queries we detected no significant differences
in the mean SMOG between levels of satisfaction with the task but
we found them in lay queries (F(4)=5.91, p=9.7e-05**).

Table 3: Mean SMOG significant differences between levels
of medical accuracy by types of query.
Lay queries

S MOG 0
S MOG 0
S MOG 1
S MOG 1
S MOG 2

<
<
<
<
<

S MOG 2
S MOG 3
S MOG 2
S MOG 3
S MOG 3

Medico-scientific queries
W = 213191.5, p = 0.0021*
W = 123912, p = 4.964e-06**

of the documents increases, so does their comprehension. As can
be seen in Table 5 all these differences are statistically significant.
In line with the previous results, the comprehension median is
higher in lay queries in every level of relevance: 0 (W = 1991875,
p<2.2e-16**), 1 (W = 987763, p<2.2e-16**) and 2 (W = 908917, p =
5.161e-14**).

W=656522, p = 1.28e-05**
(0.071; 0.717), p=0.0078**

W=382476.5, p = 2.282e-10**

(0.023; 0.572), p=0.026*

W=873451.5, p = 0.0011**

SMOGn is the SMOG at medical accuracy level n.

Figure 6: Proportion of documents by comprehension, relevance level and query type.

Table 5: Significant differences in the comprehension median between relevance levels.
Figure 5: Mean SMOG by motivational relevance and type of
query.
We can see in Table 4 that documents associated with sessions
where users feel “completely unsatisfied” are less readable than
the ones of sessions associated with levels 3 and 4 of motivational
relevance. Moreover, this also happens with documents of sessions
where the users feel “completely satisfied” (level 5) when compared
with documents of sessions where users feel “satisfied” (level 4).
Table 4: Significant differences in the SMOG metric between
levels of motivational relevance in lay queries.
S MOG 1 > S MOG 3

S MOG 1 > S MOG 4

S MOG 5 > S MOG 4

(-1.459; -0.051)

(-1.657; -0.264)

(0.055; 0.751)

p=0.029*

p=0.001**

p=0.014*

SMOGn is the SMOG at motivational relevance level n.

4.2

Comprehension Impact

4.2.1 On Precision. We can see, in Figure 6, that comprehension
and relevance are simultaneously high or low, in both types of
queries. With lay queries we found that “totally relevant” documents have a comprehension median higher than the other documents (Table 5). With medico-scientific queries, as the relevance

Comp0 < Comp1
Comp0 < Comp2
Comp1 < Comp2

Lay queries

Medico-scientific queries

W=906232.5, p < 2.2e-16**

W=765754.5, p < 2.2e-16**

W=614633.5, p < 2.2e-16**

W=654833.5, p < 2.2e-16**

W = 965872, p = 1.023e-08**

Compn is Comprehension at relevance level n.

4.2.2 On Medical accuracy. Relating comprehension with medical accuracy we observe different behaviors in lay and medicoscientific queries. In lay queries the tendency shows that, as the
accuracy of the answer improves, the global comprehension of the
documents of that session also increases. As can be seen in Figure 7,
in this type of queries, higher levels of medical accuracy have more
“totally understood” and less “partially understood” documents. Using the Kruskal-Wallis test we detected significant differences on
the median of comprehension between levels of medical accuracy
(KW χ 2 (4) = 41.59, p=2.026e-08**).
With further analysis (Table 6) we concluded that the comprehension in the lowest levels of medical accuracy (0 and 1) with
lay queries is lower than the comprehension in the levels 2 and
4 of medical accuracy. This means that, when medical terminology is not an issue, comprehension may be a decisive factor to the
accuracy of the knowledge obtained from a session.
In medico-scientific queries the reality is different and we found
that some of the lower levels of medical accuracy, namely 0 and 1,
are associated with documents that are comprehended better than

Figure 8: Distributions of comprehension by motivational
relevance and query type.
Figure 7: Proportion of documents by comprehension, level
of medical accuracy and query type.

Table 6: Significant differences in the comprehension median between medical accuracy levels.
Lay queries

Comp0
Comp0
Comp1
Comp1
Comp0
Comp0
Comp1
Comp1

< Comp2
< Comp4
< Comp2
< Comp4
> Comp2
> Comp3
> Comp2
> Comp3

Medico-scientific queries

W = 269071.5, p = 0.0002384**
W = 75189.5, p = 2.511e-07**
W = 610154.5, p = 3.858e-05**
W = 170947.5, p = 3.684e-08**
W = 267363, p = 0.00019**
W = 166383, p = 0.0006**
W = 794181.5, p = 3.452e-05**
W = 493273, p = 0.00053**

Table 7: Statistically significant differences in the median of
comprehension between levels of motivational relevance.
Lay queries

Comp1
Comp1
Comp1
Comp1
Comp2
Comp2
Comp2
Comp3
Comp3
Comp4

< Comp2
< Comp3
< Comp4
< Comp5
< Comp3
< Comp4
< Comp5
< Comp4
< Comp5
< Comp5

Medico-scientific queries

W = 11676.5, p=7.391e-07**

W = 5119.5, p=2.106e-06**

W = 66599.5, p=2.279e-09**

W = 26407.5, p=1.526e-10**

W = 89145.5, p=1.23e-14**

W = 32663.5, p=3.76e-14**

W= 20048, p < 2.2e-16**

W = 6652.5, p < 2.2e-16**

-

W = 187861, p=0.0007877**

-

W = 239695.5, p=1.406e-09**

W= 63345.5, p=3.12e-07**

W = 49552.5, p < 2.2e-16**

W = 1600860, p=1.384e-07**

W = 1622274, p=6.437e-08**

W = 356269.5, p=4.38e-15**

W = 340579.5, p < 2.2e-16**

W= 573607, p=6.649e-07**

W = 535750.5, p=2.475e-09**

Compn is Comprehension at motivational relevance level n.

Compn is Comprehension at medical accuracy level n.

4.3

the ones of higher levels of medical accuracy, namely 2 and 3. These
differences are statistically significant as can be seen in Table 6.
This makes us conjecture that, when medico-scientific terminology
is used in documents, comprehension is not so preponderant to
the answers’ medical accuracy. Users may understand documents a
little worse but still be able to assimilate the main message.
4.2.3 On Motivational Relevance. Figure 8 shows that the comprehension and the feeling of success in the search task are simultaneously high or low. In both types of queries we detected
significant differences in the median of comprehension between levels of motivational relevance (lay - KW χ 2 (4) = 121.47, p<2.2e-16**;
medico-scientific - KW χ 2 (4) = 164.95, p<2.2e-16**). As shown in
Table 7, a set of Wilcoxon tests with the Bonferroni correction
allowed us to conclude that, in medico-scientific queries, the comprehension significantly grows as we move from lower levels to
higher levels in the motivational relevance scale. In lay queries, this
also happens with the exception of the comparison of the 2nd level
with the 3rd and the 4th levels.

Relation between precision, medical
accuracy and motivational relevance

4.3.1 Relation of Precision with Medical accuracy. Figure 9 shows
the distributions of GAP by medical accuracy and query type. We
cannot detect a clear pattern of association between answer’s medical accuracy and GAP. Within medico-scientific queries, we could
not detect significant differences in the mean GAP between levels of
medical accuracy. On the other hand, we detected them in sessions
with lay queries (F(4)=2.767, p=0.029*). Tukey’s HSD test allowed
us to conclude that answers with the lowest medical accuracy (0)
are associated with sessions with lower mean GAP than sessions of
answers with a medical accuracy of 1 ((0.025, 0.41), p=0.017*) and 3
((0.009, 0.372), p=0.033*).
4.3.2 Relation of Precision with Motivational Relevance. Globally, and as expected, the median of GAP and the the degree of
satisfaction with the session tend to be directly associated (Figure
10). In lay queries we found significant differences between levels
of motivational relevance (F(4)=6.65, p=5.78e-05**). In Table 8 we
present the significant differences found, i.e., sessions where users
feel “unsatisfied” (2) have a lower mean GAP than sessions with
higher feeling of success. In medico-scientific queries we found no
significant differences between levels of motivational relevance.

Figure 9: Distributions of GAP by answer’s medical accuracy
and query type.

Figure 10: Distributions of GAP by motivational relevance
and query type.
Table 8: Significant differences in GAP between levels of motivational relevance in lay queries.
GAP2 < GAP3

GAP 2 < GAP 4

GAP2 < GAP5

(0.0198; 0.4155)

(0.118; 0.505)

(0.1278; 0.5713)

p=0.023*

p=0.00016**

p=0.0002**

GAPn is the GAP at motivational relevance level n.

4.3.3 Relation of Medical Accuracy with Motivational Relevance.
The median of the medical accuracy is almost always 2, independently of the motivational relevance and query type. The only
exception lays in the most successful search tasks with lay queries
where the median of medical accuracy is 3 (Figure 11). We did not
find any significant differences between the medians of medical
accuracy between levels of motivational relevance in any of the
types of query.

5

DISCUSSION

The relations between the analyzed dimensions are summarized in
Table 9. Low readability can be an obstacle to document’s relevance,

Figure 11: Distributions of medical accuracy by motivational
relevance and query type.

agreeing with Muresan et al. [18] who concluded that a higher
readability has positive effects on retrieval performance.
Readability is more important for comprehension in documents
with medico-scientific terminology. In documents retrieved with
lay queries this is less important and we even found cases where
less readable documents were better understood than documents
easier to read. This suggests that the presence of medical-scientific
terminology is a greater obstacle to comprehension than traditional
parameters used in readability formulas (e.g.: number of words
per sentence or number of syllables per word). This supports the
need for systems that assist health consumers through medical
annotations like the one built by Lopes and Sousa [14].
About medical accuracy, we observed that lay sessions with
almost maximum accuracy (3) are associated with documents less
readable than the ones of sessions with medical accuracy of 1 and
2. In medico-scientific queries, this relation is more systematic.
These results suggest that documents with more accurate medical
contents are significantly harder to read, creating an obstacle to
low literacy users.
Regarding the motivational relevance, with lay queries, we found
that sessions where users feel “completely unsatisfied” have less
readable documents than sessions where they are “unsatisfied” or
“neutral”. Although documents’ lack of readability may be an obstacle to, at least, some success in the task, this is not true in the
highest level of motivational relevance. In fact, we found that, with
lay queries, sessions where users feel “completely satisfied” have
documents harder to read than sessions where they feel “satisfied”
and “neutral”.
Through the relation between precision and comprehension we
can see the relevance of a document highly depends on its comprehension. Looking into the relationship of precision with medical accuracy we observe that, in lay queries, users relevance assessments
are related to the medical accuracy of their answers. The number
of relevant documents or the degree of documents’ relevance affect
users’ answers. Since we found no significant differences in medicoscientific queries, we can speculate that, with this type of queries,
either relevance assessments are less related with the accuracy of
the documents’ contents, or users assess documents by an estimate
of their relevance to others.

Table 9: Statistical significant relationships between analyzed dimensions. L = lay; MS = medico-scientific.
Comprehension

Precision

Med. accuracy

Motivational relevance

Readability

Readability not so crucial to
comprehension as in professional queries [L]. Comprehension increases with readability
[MS].

Not relevant documents are
less readable than partially and
totally relevant ones [L&MS].

Highest levels of med. accuracy associated with less readable documents [L].
As the medical accuracy of the session
increases, the readability of their documents decreases [MS].

Less readable documents are associated
with sessions where the user feels “unsatisfied” [L].

Comprehension

-

Totally relevant documents are
better understood than less
relevant documents [L]. Relevance systematically increases
with comprehension [MS].

Comprehension in the lowest levels of
medical accuracy is lower than comprehension in higher levels of medical accuracy [L]. Lowest levels of medical accuracy are associated with higher comprehension than higher levels of medical
accuracy [MS].

Comprehension grows as we move from
lower levels to higher levels in the motivational relevance scale [L&MS].

Precision

-

-

Sessions with the lowest medical accuracy have lower GAP than sessions with
a medical accuracy of 1 and 3 [L].

Sessions where users feel “unsatisfied”
have lower precision than sessions with
higher feeling of success [L].

Med. Accuracy

-

-

-

No relationship found [L&MS].
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Figure 12: Summary of direct (+ and ++) and inverse (-) associations in lay (L) and medico-scientific (MS) queries.

This can happen, for example, if a user assesses a document as
relevant when the content seems related to the topic but they cannot
understand it or use it for their own benefit. Finally, in the last cell
of the “precision” row of Table 9, we can see that, in lay sessions,
the users’ feeling of success is related with session’s precision. The
considerations presented for the absence of relationship between
precision and medical accuracy may also explain why no relation
was found between precision and motivational relevance in medicoscientific queries.
The relation between comprehension and medical accuracy in
lay queries indicates that, when medical terminology is not a question, comprehension may be an important factor to the accuracy
of the obtained knowledge. In medico-scientific queries, the opposite finding let us say that, when medico-scientific terminology
is used in documents, comprehension is not so preponderant to
the answers’ medical accuracy. Either the users understand documents worse but are still able to assimilate at least part of the
contents, or the higher accuracy of medico-scientific documents,
when compared with lay documents, compensates users’ lower
comprehension of these documents. With respect to motivational
relevance, comprehension is an important and influent factor.
Figure 12 provides a quick overview on our main findings, illustrating the direct and inverse associations found between the
variables under study.

CONCLUSION

In this paper we study the interplay between aspects of the information retrieval experience, namely, documents’ readability,
documents’ comprehension, sessions’ precision, sessions’ medical accuracy and tasks’ motivational relevance, considering the
terminology of the query.
This analysis allows us to conclude that readability is essential
for a document to be at least partially relevant; that it becomes even
more important if the document has medico-scientific terminology
and that it is crucial in the lower satisfaction levels but not in the
higher ones. This information is valuable both to search engines and
to health websites. Search engines can explore this, incorporating
readability in their ranking algorithm, not only in searches associated with lay queries but also in search performed by consumers
using professional queries. Through past behaviors it should not be
difficult to predict if the user is a professional or a consumer. Search
engines should be aware that the relevance of a document depends
highly on its comprehension and that unsuccessful tasks have lower
precision than more successful ones. Health websites that want to
provide information to consumers should also be aware that, if they
need to use medico-scientific terminology, they need, at least, to
simplify the remaining contents. A conjecture that is also worth
mentioning is that the more accurate documents are, the harder
they are to read.
In lay queries we found the medical accuracy of users’ answers
is related to the session’s relevance assessments. This shows that
users can, at least in part, relate their relevance assessments with
the medical accuracy of the documents. On the other hand, in
medico-scientific queries we expect this relationship to be weaker.
In lay queries, comprehension is more crucial to the accuracy of
the resulting knowledge than in medico-scientific queries. In the
latter, either the user understands documents worse but is still able
to assimilate at least part of the content, or the higher accuracy of
medico-scientific documents, when compared with lay documents,
compensates users’ lower comprehension.
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