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Abstract

A number of cognitive processes are involved in the process of information search: memory, attention,
comprehension, problem solving, executive control and decision making. Several cognitive factors
such as aging-related cognitive abilities in turn influence either positively or negatively the above
cognitive processes. We argue that the traditional click models from information retrieval community
that predict user clicks do not take into account the effects of aging. We propose to exploit the
capabilities of computational cognitive models that can simulate the effects of cognitive factors on
information search behavior. In this direction, we present some ideas to incorporate effects of aging
into a computational cognitive model called CoLiDeS+. Preliminary analysis of our ideas on predicting
individual differences due to aging effects show promising outcomes.

1 Introduction

Internet is transforming how we communicate, shop, get health-related advice, plan a
vacation, entertain ourselves and all in all how we do just about anything. It is pervasive,
ubiquitous and becoming an indispensable part of human life today. However, a number of
barriers still exist preventing large scale adoption and optimal usage of the Internet. One of
the reasons for the slow adoption is that a number of cognitive processes are involved during
an information search process such as memory (keeping track of previously viewed
information), attention (understanding the visual layout of the website or search engine result
pages), comprehension (evaluating the relevance of search results, understanding the content
of websites), problem solving (information can be found in multiple locations and there
could be multiple paths leading to them), decision making (choosing a relevant search result)
and executive control (reformulating unfruitful queries, backtracking to earlier pages,
comparing new information with what was found earlier). These cognitive processes, in turn,
are known to be affected by one or more cognitive factors such as age (Chevalier et al.,
2015).
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Modeling and simulation of user behavior during information search has been an active area
of research in the information retrieval community. Many click models to simulate and
predict user behavior during information search have been proposed (Chucklin et al., 2015).
However, except for a few models (Xing et al., 2013, Shen et al., 2012, Hu et al., 2011),
most of them do not consider variations caused by cognitive factors and do not treat search
behavior as a sequence of interdependent steps. Moreover, they provide only limited process
description. Our focus therefore in this paper, will be on computational cognitive models.
The focus of computational cognitive models is on describing and explaining the process that
leads to arriving at the target information given an information need and they are therefore
more capable of providing opportunities to incorporate behavioral differences due to
variations in cognitive factors. In this paper, we propose some preliminary ideas that can be
incorporated into computational cognitive models to simulate the behavioral differences in
information search performance due to aging as cognitive factor.

The remainder of this paper is organized as follows. Section 2 introduces the computational
cognitive model CoLiDeS+ (Juvina & Van Oostendorp, 2008), which is based on well tested
theories of cognitive psychology and cognitive science on information search and gives a
process view of information search. Section 3 describes the effects of aging on information
search performance and Section 4 gives details on how age-related differences in information
search behavior can be incorporated into CoLiDeS+. Section 5 concludes the paper.

2  Cognitive Model CoLiDeS+

CoLiDeS+ (Juvina & Van Oostendorp, 2008) shares the main theoretical foundations
(Construction-Integration theory of text-comprehension (Kintsch, 1998) and Information
Foraging Theory (Pirolli & Card, 1999) on which it is based with its predecessor CoLiDeS
(Comprehension-based Linked model of Deliberate Search) proposed by Kitajima et al.,
2000. The notion of information scent is central to both models. It is defined as the estimate
of the value or cost of information sources represented by proximal cues (such as
hyperlinks). Information scent is operationalized as the semantic similarity between the user
goal and each of the hyperlinks. Information scent has been found to be one of the driving
factors steering navigation. The higher the information scent of a cue is, the higher the
probability of a user clicking on it is.

CoLiDeS+ further augments CoLiDeS and makes it more consistent with its theoretical
assumptions by drawing inspiration from work on text comprehension that lays emphasis on
the role of context (Budiu & Anderson, 2004). Analogously, when interacting with a search
engine or navigating on a website, users often encounter information that is varying in its
degree of ambiguity. CoLiDeS+ retains in memory the selected links which are used to
compute the navigation path and path adequacy (PA) in addition to information scent. The
navigation path is the sequence of hyperlinks clicked by a user at any given moment and path
adequacy is defined as the semantic similarity between the user goal and the navigation path.
Only if the information from an incoming hyperlink increases in information scent (i.e., the
semantic similarity with the user goal), it is considered for selection. If it does not increase in
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information scent, path adequacy is checked. If path adequacy increases, then the incoming
hyperlink is selected even when it does not increase in information scent.
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Figure 1: Schematic diagram of steps involved in CoLiDeS+ (reproduced from Van Oostendorp & Juvina, 2008).
Shaded circles marked by (1) indicate the locations where individual differences due to aging are involved. See also
later in text references to these locations.

In other words, first semantic similarity is locally evaluated based on information scent, and
only when it is not satisfying, a more effortful evaluation of the context is performed by
checking the path adequacy. If path adequacy also does not increase, a latent impasse is said
to have occurred and CoLiDeS+ invokes backtracking strategy i.e., backtracking to other
regions within the same page and eventually to the previously visited pages and the next-best
strategy. CoLiDeS+ stops when the user declares the current page is the page with the target
information. CoLiDeS+ uses Latent Semantic Analysis (LSA, henceforth) (Landauer et al.,
1998), to compute the semantic similarities corresponding to path adequacy and information
scent. LSA is an unsupervised machine learning technique that builds a high dimensional
semantic space using a large corpus of documents that represent a given user population’s
knowledge and understanding of words. The meaning of a word or sentence is represented as
a vector in that high dimensional space. The degree of similarity between a link and the goal
of the user is measured by the cosine value (correlation) between the corresponding vectors
(Martin & Berry, 2007). Each cosine value lies between +1 and -1. The closer the value to +1
is, the higher the similarity between the two words is. Figure 1 shows a schematic diagram
of the steps involved in CoLiDeS+. See Karanam, Van Oostendorp & Fu, (2015) for a
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detailed process description of both models. The CoLiDeS model is developed to describe
the navigation path within websites but we have shown it can also be applied to the
interaction with search engines (Karanam et al., 2015). Both applications offer a process
description of the interaction of the participants with the information environment and the
system.

3 Aging and Information Search

Aging leads to a natural decline in motor skills and fluid intelligence involving processing
speed, cognitive flexibility or ability to switch processing strategies, attentional control and
visuospatial span (Horn, 2012, Wang & Kaufman, 1993). However, crystallized knowledge
(vocabulary skills and knowledge in a specialized domain such as health) seems stable or
even increases with age.

Some of these cognitive abilities directly influence the cognitive processes underlying
information search resulting in lower efficiency of older adults on information search tasks.
Many studies have shown that older adults generate less queries, use less keywords per
query, reformulate less, spend longer time evaluating the search results, spend more time
evaluating the content of websites opened from search engine result pages (SERPS,
henceforth), switch less often between SERPs and websites, find it difficult to reformulate
unsuccessful queries (Queen et al., 2012, Pak & Price, 2008, Dommes et al., 2011) and
produce semantically less relevant queries as they reformulate (Karanam & Van Oostendorp,
2016). Older adults were found to allocate less resources to exploration (fewer keywords,
fewer clicks on search results etc.) and more resources to exploitation (longer time on a
search result page, deeper navigation into websites opened from the search results) compared
to younger adults (Chin et al., 2015).

4 Modeling Aging Effects on Information Search

In this section, we will describe how we incorporate age-related differences in information
search behavior into the CoLiDeS+ model. We present here some preliminary ideas to
simulate the differences in the number of search results clicked by younger and older adults
on a SERP. First, we vary during running the model the number of times the next-best
strategy is applied (ranging from 0 to 9) by CoLiDeS+. This measure indicates how often a
participant, after clicking on a search result and exploring the content of the corresponding
website, comes back to the search result page to select one or more of the other search
results. A higher value indicates more exploration from the side of the participant. Secondly,
we also vary the minimum LSA value of a search result (computed in relation to the query,
ranging from 0 to 0.9) which is an estimate of its relevancy. A low LSA value indicates that
a search result is considered for clicking even when it has a low similarity value with the
query. The steps involved in CoLiDeS+ that get affected by these variations have been
marked with (1) in Figure 1. To demonstrate the effects of these variations on the match with
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user behavior, we ran simulations using CoLiDeS+ under all possible combinations of the
two parameters on twelve information search tasks and computed the frequency of matches
of the model predictions with actual user clicks (true positives) from a behavioral experiment
in which 24 younger adults and 24 older adults solved these tasks (Karanam & Van
Oostendorp, 2016).

As younger adults are more impulsive and follow an explore-more and exploit-less strategy,
we expect that they apply more often the next-best strategy and click more often on search
results with a lower LSA value compared to older adults. Therefore, we expect the difference
in the mean number of matches between younger and older adults to increase as the number
of times the next-best strategy is applied, is increased and the minimum LSA value of a
search result is decreased.

T
Eos Age
<]
303 old
% 02 W voung
c
50.1
=

0.0

0 1 2 3 4 5 6 7 8 9
Number of times next-best strategy is applied
(b)

®
1
505
T
o4 Age
=]
303 old
2
% 02 B voung
c
T0.1
=

00

0 0.1 02 03 07 0.8 09

04 0.5 0.6
Minimum LSA Threshold

Figure 2: Mean number of matches in relation to variations in (a) number of times next-best strategy is applied and
(b) minimum LSA value of a search result.

A repeated measures ANOVA with age as between-subjects variable and the number of
times the next-best strategy is applied as within-subjects variable and mean number of
matches as dependent variable was conducted. The main effect of age was significant
F(1,46) = 5.8, p<.05, indicating that the model matched behavior of younger participants
significantly better than that of older participants (See Figure 2(a)). The main effect of
number of times the next-best strategy is applied was significant F(1,46) = 108.34, p<.001.
As the number of times the next-best strategy is applied increased, the match between the
model and the actual user behavior also increased. Also, the interaction of the number of
times the next-best strategy is applied and age was significant F(1,46) = 5.08, p<.05. Post-
hoc tests show that the rate of increase in match was higher for young participants compared
to old participants.

A similar ANOVA with the minimum LSA value of a search result as within-subjects
variable was conducted. The main effect of age was significant F(1,46) = 6.2, p<.05 (See
Figure 2(b)). The model matched behavior of younger participants significantly better than
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that of older participants. The main effect of the minimum LSA value of a search result was
significant F(1,46) = 159.39, p<.001. As the minimum LSA value of a search result
decreased, the match between the model and the actual user behavior increased. Also, the
interaction of the minimum LSA value of a search result and age was significant F(1,46) =
9.45, p<.001. Post-hoc tests show that the rate of increase in match was higher for young
participants compared to old participants when LSA decreased.

These outcomes are in-line with our expectations. Most importantly, these results imply that
the match between the model and the actual behavior varies significantly with the number of
times the next-best strategy is applied and the minimum LSA value of a search result that is
used as a threshold in the model. We are currently performing more analyses to understand
the optimum parameter values for younger and older adults.

5 Conclusions and Discussion

In this paper, using a computational cognitive model called CoLiDeS+, we presented
preliminary ideas to simulate variations in information search behavior due to the effects of
aging. By varying the number of times the next-best strategy is applied by CoLiDeS+ and the
minimum LSA value of a search result, we were able to simulate the variations in the number
of search results clicked by younger and older adults on SERPs and compute their matches
with the model predictions. It appeared that the mean number of matches between the model-
predicted clicks and the actual user clicks for younger and older adults increased as the
number of times the next-best strategy is increased (Figure 2a) and as the minimum LSA
value of a search result decreased (Figure 2b) with the rate of increase being higher for
younger adults in both cases. It is also clear from the shape of the curves in figure 2 that the
‘optimum' value for the next-best strategy for young participants is higher than for older
participants, while it is lower for the minimum LSA value. The optimum value for the
number of next-best strategies is between 3 and 5 for younger adults and 2 and 4 for older
adults. Similarly, the optimum value for the minimum LSA threshold is between 0.2 and 0
for younger adults and 0.5 and 0.3 for older adults. We can imagine that a third factor is
involved at the same time — the cost of running the model — measured in terms of the number
of false positives. A deeper analysis which takes into account the cost factor could give a
better insight into the optimum values for younger and older adults.

The influence of aging as discussed in this paper on the psychological processes during
information search can be simulated in more than one location in the model (Figure 1). It is
not clear, at this moment, whether the influence on one location in the model is more
significant than the other. Our long term goal is to understand this issue. Also, there exist
other cognitive factors (not discussed in this paper) such as prior domain knowledge, spatial
ability, need for cognition, internet experience, gender, complexity of a task and interface
characteristics which can have an influence on information search behavior and can be
located in the model.
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