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Abstract

Mild cognitive impairment (MCI) is characterized by subjective and objective memory
impairment in the absence of dementia. MCI is a strong predictor for the development of
Alzheimer’s disease, and may represent an early stage in the disease course in many cases. A
standard task used in the diagnosis of MCI is verbal fluency, where participants produce as many
items from a specific category (e.g., animals) as possible. Verbal fluency performance is
typically analyzed by counting the number of items produced. However, analysis of the semantic
path of the items produced can provide valuable additional information. We introduce a
cognitive model that uses multiple types of lexical information in conjunction with a standard
memory search process. The model used a semantic representation derived from a standard
semantic space model in conjunction with a memory searching mechanism derived from the
Luce choice rule (Luce, 1977). The model was able to detect differences in the memory
searching process of patients who were developing MCI, suggesting that the formal analysis of
verbal fluency data is a promising avenue to examine the underlying changes occurring in the
development of cognitive impairment.
Keywords: cognitive modeling, mild cognitive impairment, semantic memory, language
modeling, verbal fluency
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Cognitive modeling is a fundamental tool used to understand the processes that underlie
behavior, and has become a standard technique in the cognitive sciences (Busemeyer &
Diederich, 2010; Lewandowsky & Farrell, 2010). However, it is typically the case that cognitive
modeling is used for theoretical purposes, as a method to derive formal accounts of the mind, and
not necessarily as a tool to aid or solve an applied problems (there are exceptions of course, such
as automated essay grading using distributional models of semantics; e.g. Foltz, Laham, &
Landauer, 1999). To demonstrate the usefulness and potential of cognitive models it is important
to take models that have been developed to explain a cognitive or behavioral phenomenon, and
apply them to unresolved problems in similar domains. That is, cognitive models should be both
theories of cognition and cognitive tools that can be used to analyze behavior.
One area that has received a great deal of attention in cognitive modeling is the verbal
fluency task (Abbott, Austerweil, & Griffiths, 2015; Hills, Todd, & Jones, 2012; Taler, Johns,
Sheppard, Young, & Jones, 2013). In this task, the participant is required to produce as many
items as possible from a specific category (e.g., animals) within a given time period (typically
one minute). This task has received attention because it provides an interesting insight into the
patterns of memory search and retrieval, which other standard tasks do not provide.
The verbal fluency task is also widely used in the neuropsychological literature to assess
semantic memory functioning (for a review, see Taler & Philips, 2008). In particular, it is a focus
of tests that are designed to assess the development of dementia (particularly Alzheimer’s
disease) and mild cognitive impairment. Mild cognitive impairment (MCI; Petersen et al., 1999)
is a relatively recent clinical diagnostic category, which is characterized by subjective and
objective memory impairment in the absence of dementia (Petersen, et al., 1999). The diagnosis
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of MCI is a strong predictor of the development of Alzheimer’s disease (AD) and other
dementias, with a conversion rate of 10-15% a year, compared with a conversion rate of 1-2%
for the general population (e.g., Petersen, et al., 2001). Hence, MCI is often seen as an early
marker in a continuum of decline that culminates in dementia, making detection of MCI a crucial
goal to target early intervention.
While declines in semantic memory functioning are not necessary for a diagnosis of MCI
(Petersen et al., 1999; Albert et al., 2011), many studies have found deficits in semantic memory
for patients diagnosed with MCI, including verbal fluency and comprehension measures (Adlam,
Bozeat, Arnold, Watson, & Hodges, 2006), object and person naming (e.g. Ahmed, Arnold,
Thompson, Graham, & Hodges, 2008; Joubert, et al., 2010), conceptual processing of famous
people and events (Joubert, Felician, Barbeau, Didic, Poncet, & Ceccaldi, 2008), and
longitudinal changes in semantic memory performance (Mickes, et al., 2007), among others (for
a review, see Taler & Phillips, 2008). The exact nature of the semantic impairment in MCI
remains unclear. There is evidence for both content and process accounts; that is, people with
MCI may experience both semantic control deficits and broad taxonomic loss of semantic
knowledge (Reilly, Peelle, Antonucci, & Grossman, 2011; Taler, Voronchikhina, Gorfine, &
Lukasik, 2014).
In terms of the verbal fluency task, it is well established that individuals with AD produce
fewer items than healthy controls (see Taler & Phillips, 2008). However, the pattern is less clear
in MCI: while some studies find that people with MCI produce significantly fewer items than
controls, other studies have found that significant differences only emerge once individuals with
MCI progress to AD (e.g., Lambon Ralph, et al., 2003).
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The standard approach in analyzing this task is to simply count of the total number of

items produced in the fluency task. This is a coarse measure that ignores potentially diagnostic
information contained in the path taken through semantic memory. Consider two short sequences
of animals: dog, cat, mouse and dog, wolf, deer. A count of the sequences collapses both to the
same number, and ignores the semantic variance inherent in the path. The semantic cohesion of
the path taken is thought to be a particularly salient component of the early stages of memory
degradation.
In order to examine the semantic pathway that a subject takes during a fluency
experiment, Troyer, et al. (1998) developed a method of analysis in which the number of
semantic clusters and the number of switches between clusters are counted. Clusters are
identified using a hand-coding system. It has been found that patients with AD and MCI produce
less coherent clusters with fewer switches among the clusters (Troyer, et al., 1998; Murphy,
Rich, & Troyer, 2006). While many important insights have been obtained using this method,
there are some drawbacks, mainly that coding is time-consuming and requires multiple human
raters for reliability.
With the advent of computational cognitive models of verbal fluency (e.g. Hills, et al.,
2012), it is now possible to have automated scoring measures of verbal fluency performance.
That is, it is possible to take the theories that have been developed to explain this type of
behavior and use it in a more applied setting as a cognitive tool to better understand the type of
underlying changes that are occurring in a clinical population.
The underlying operation of models such as Hills, et al. (2012) and Taler, et al. (2013) is
the use of semantic space models (SSMs) of lexical semantic memory (Jones, Willits, & Dennis,
2015) to form a basis of word meanings. More specifically, Hills, et al. (2012) proposed a
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memory foraging model that uses a mechanism similar to Troyer et al.’s (1998) clustering-andswitching methodology, but is fully automated and operates on a memory representation learned
by a semantic space model trained on a large linguistic corpus. The model can make predictions
for any sequence of items produced in a fluency task, and can infer the most likely weighting of
cognitive variables used by the individual to generate the observed pattern of items. A similar
method has been used to assess the semantic memory system of bilinguals (Taler, et al., 2013),
by analyzing changes in the use of different linguistic information types across fluency tasks.
Additionally, a recent paper by Hills, Mata, Wilke, and Samanez-Larkin (2013) also used this
type of model to examine age-related changes in memory searching strategies, demonstrating the
power of this approach to analyze different participant types.
The purpose of the current work is to use a simple memory search model, similar to Hills
et al. (2012), to examine the longitudinal changes that occur in the development of MCI.
Semantic fluency data were collected from participants at a memory disorders clinic; cognitively
healthy participants were also assessed at this clinic. A cognitive model was used to assess the
changes in searching behaviors that are seen with the development of MCI. The goal of this
research is to provide insights into the underlying changes in the semantic memory system that
are occurring in people who are developing MCI. We use a formal analysis, which can shed light
on the particular cognitive variables that are changing over time as cognitive impairment
develops. This will provide an increased level understanding about the changes occurring in
semantic memory in patients with MCI, and also offer a new cognitive tool to analyze verbal
fluency data.
Modeling Fluency Performance
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The primary function of semantic space models is to take very large pieces of language (e.g.
encyclopedias, collections of books, newspapers, etc…) and use these materials to construct
representations of word meanings (ideally for every word in a language). These representations
have provided an additional tool to researchers: the ability to analyze behavior at the item level.
This has led to a variety of important insights, including into semantic priming (Jones, Kintsch,
& Mewhort, 2006; Hare, et al., 2009), bilingual language switching (Taler, et al., 2013), false
memory (Johns, Jones, & Mewhort, 2012), sentence processing (Johns & Jones, 2015), among
many others. SSMs have begun to be used to examine deficits in clinical populations (e.g.
Hoffman, Rogers, & Lambon Ralph, 2011), which is coherent with the goals of the current
model. The reason why this ability to analyze item-level behavior is important in examining
verbal fluency performance, is that it allows for the path of the production to be analyzed, which
allows for a greater amount of information to be attained about a complex behavior.
The model used here aims to assess changes in the use of differential lexical information
sources in people who go on to develop MCI. This will be done by collecting a number of lexical
variables, namely a variety of similarity values and word frequency, and using these variables in
a simple and canonical memory search model. The use of these different lexical variables in the
searching mechanism will be assessed in a parameter fitting and model testing framework, which
will allow for a determination of the most important variables used in verbal fluency, and also
how these variables are changing in the development of cognitive impairment.
Specifically, following early work by Romney, Brewer, and Batchelder (1993), we model
the path taken by participants through semantic space using Luce’s (1977) choice axiom, a
ubiquitous decision rule in cognitive psychology and economics. Rather than basing our estimate
of memory space on subjective ratings, as Romney et al. did, we use multiple sources of
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information learned by semantic models. Specifically, we estimate linguistic similarity between
items using the BEAGLE model (Jones & Mewhort, 2007), which learns both contextual and
role information about a word’s usage in language, and we estimate perceptual similarity
between items using the perceptual inference model of Johns and Jones (2012).

Conceptual Representation
Similar to other popular semantic space models, BEAGLE (Jones & Mewhort, 2007)
constructs lexical semantic representations by observing statistical redundancies in a large text
corpus. This model works at the sentence level and records the usage of a word by learning two
types of statistical information: context (the words that co-occur with a given word in language,
e.g., cat-mouse), and order (the shared temporal roles of words with respect to other words, e.g.,
both cat and panther pounce on prey). This information is stored in a large, distributed vector,
somewhat akin to the hidden layer in a neural network. Context information is similar to pure cooccurrence information, and marks the probability of two words occurring together, while order
information is more akin to simple syntactic information, akin to how a word is used in language.
The model was trained to learn both types of information on a 20-million sentence corpus taken
from Wikipedia. The corpus was preprocessed such that multiword animal names were
concatenated into a single lemma in the corpus (e.g., “polar bear” was recoded as “polarbear”).
Frequency information was obtained from the same corpus.
An additional information source integrated into the model is perceptual similarity of the
animal exemplars, estimated by a model proposed by Johns and Jones (2012) that constructs
inferred perceptual representations for words based on the feature norms of McRae, et al. (2005).
The original McRae et al. norms contain subject-generated feature vectors for only 133 animals,
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but the perceptual inference model uses lexical similarity among words to infer the perceptual
feature vector for animals that were not originally normed with a high degree of accuracy.
The information that is taken from these models are word-word similarity values.
Similarity was assessed with a vector cosine, which is a normalized dot product and gives a
value between -1 and 1. These values were normalized into a range of 0 to 1 in order to be able
to be used in probability calculations in the memory search mechanism. The technical details of
the BEAGLE and the GPR models can be found in Appendix A and B, respectively.

Processing Mechanism
Our model of fluency makes decisions about sequences of animals to produce based on
the Luce choice axiom (Luce, 1977). The axiom defines how humans probabilistically select an
item from possible alternatives, such as selecting the word dog from the set of {cat, dog, horse,
…, zebra} in a fluency task. The model will use two types of information: the similarity value
between the previous word and a set of possible words, and a bias factor (a base rate production
value, assumed to be word frequency; normalized between 0 and 1 by dividing all frequency
values by the most frequent word). Formally, Luce’s axiom states that the probability of
responding to stimulus Si (previous word produced) with response Rj (word about to be
produced) is defined as:
!

𝑃 𝑅! 𝑆! =

𝛽! ! 𝑆 𝑖, 𝑗
!!
!
!!! 𝛽! 𝑆

!!

𝑖, 𝑘

!!

  ,

(1)

where βj is the response bias for item j, and S(i,j) is the similarity between item i and j. The
parameters 𝜆! and 𝜆! control the relative contributions of base rate (frequency) and similarity in
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producing the response (both are positive real values). The set of alternatives is all of the
category members that the subjects in the experiments produced.
As an example of how this memory search model works, consider that a participant has
three animals in their lexicon: dog, wolf, and horse. Assume these words have a normalized
frequency value of 0.8, 0.4, and 0.6 respectively. The first word is produced by sampling
randomly based on the normalized frequency, as there is no similarity value possible, and this led
to dog being produced. The word dog had a 44.4% chance of being produced first:
0.8
= 0.444
0.8 + 0.4 + 0.6
To produce the next word, both the similarity between dog-wolf and dog-horse and the bias
factors are used in the probability calculations. To calculate this, assume that the semantic
similarity between dog-wolf is 0.8 and dog-horse is 0.3. The words wolf and horse would then
have the following probabilities, as derived from equation (1):
Pr 𝑤𝑜𝑙𝑓 𝑑𝑜𝑔 =

0.4 ∗ 0.8
= 0.64
0.4 ∗ 0.8 + (0.6 ∗ 0.3)

Pr ℎ𝑜𝑟𝑠𝑒 𝑑𝑜𝑔 =

0.6 ∗ 0.3
= 0.36
0.4 ∗ 0.8 + (0.6 ∗ 0.3)

Thus, wolf and horse would have a 64% and 36% chance of being produced, respectively, under
these conditions.
Our model uses multiple information sources when making a decision (frequency,
context, order, and perceptual similarity). Similarity between two words is computed as the
cosine between their length-normalized vectors. The parameters of the model control how much
attention is allocated to a particular information source when producing a word. Given that we
are using three different similarity types, the full Luce rule may be expressed as:
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where wi is the current word, wi-1 is the previous word, 𝛽! is the normalized log-frequency of the
current word, and 𝑠! ,   𝑠! , and 𝑠! are context, order, and perceptual similarity, respectively. Each
of the 𝜆! … 𝜆! parameters control the importance of their respective information sources. It has
been found that transforming the values with an exponential function provide superior fit of this
type of model to verbal fluency data (Taler, et al., 2013), and so this has also been done here.
This leads to the canonical form of the model being described with the following equation:
𝑃 𝑤! 𝑤!!! =

!! ∗!! (!!!! ,!! )
!
!!! !
!! ∗!! ! ! !! ∗!! (!!!! ,!! )
!∈!"#$%&' !
!!!

! !! ∗!!

(3)

Another advantage of using this type of transformation is that it is now the case that as you
increase the value of a parameter it causes a corresponding increase in the importance of that
information source in the memory searching operation, allowing for easier visualization of the
contributions of different information sources.
Parameter Fitting and Model Evaluation
For each participant’s sequence of items produced, we determine the most likely set of
parameters that would have generated the observed data if the model were correct. To understand
this process, consider the example of dog-wolf-horse above. Using the same similarity and
frequency values, and the exponential transformation used in equation (3), wolf has a 57.5%
probability of being produced after dog, while horse has a 42.5% chance, when λ is set at 1 for
both. However, if the λ for semantic similarity is set at 4 while the λ for frequency remains at 1,
the probability values switch to 86% for wolf and just 14% for horse, due to the increased import
of semantic similarity in the searching operation. However, if these parameter values are
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switched to emphasize the importance of frequency, these probabilities change to 42.5% for dog
and 57.5% for horse, reflecting a shift towards sampling from base rates. By optimally fitting the
parameters to an individual’s verbal fluency output in this manner, a look into the type of
information that is being used by the person is found.
This evaluation is performed longitudinally for each subject during multiple annual
follow-up tests. We compare a variety of nested models in their goodness-of-fit to the fluency
data, each representing a potential cognitive process that may have generated the data. As stated,
the models used 4 different types of information in memory search: 1) order similarity, 2)
context similarity, 3) perceptual similarity, and 4) frequency. Each information type has its own
parameter within the searching mechanism. With four parameters, there are a total of 12 different
models that have to be tested. Parameters were fit for each participant under each of the above
models using maximum likelihood estimation (Myung, 2003). Specifically, a grid-search
algorithm was used to find the optimal set of parameters to maximize the log-likelihood that the
model generated the data. All parameter values between 0 and 30, in steps of 1.0 were tested.
Models were compared using the Akaike information criterion (AIC; Akaike, 1974), a
standard method to compare models’ ability to quantitatively fit human data (Shiffrin, Lee, Kim,
& Wagenmakers, 2008). The AIC compares the quantitative fit of a model to human data (based
on log-likelihood), intrinsically penalizing models as a function of the number of free
parameters. Models with the lowest AIC value are preferred, and this value will be used to select
among the different proposed models. Parameters were fit to each individual across the different
testing sessions.
The model described above provides a simple mechanism with which to examine the use
of differential information sources, derived from the environmental structure of language, in
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category fluency. To demonstrate how different models will predict different retrieval strategies,
Figure 1 displays the predicted output from a limited set of animals {cat, lion, robin, sparrow,
chicken} for three different models (frequency, frequency * order, and frequency * order *
perceptual). For the frequency only model, the output is simply determined by relative
frequency. The two-parameter model generates its output using lexical similarity and frequency:
for instance, cat and robin occur in more similar lexical contexts than cat and lion. However,
when perceptual information is included in the production mechanism, cat now cues lion due to
greater feature overlap of their percepts. Given that the order and context similarity values likely
account for similar types of variance it is questionable whether these two sources will both
provide significant power in accounting for verbal fluency performance, but it is predicted that
both frequency and perceptual similarity should account for large amounts of variance. By
estimating the usage of various nested information sources, application of this model provides
insight into the memory retrieval strategies used in the task, and also the dynamic changes that
are occurring in the development of MCI.

Method
All data was were collected prior to diagnosis of an aging disorder (no participants had any preexisting neurological or psychiatric conditions), so there were no impairments in the patient's
ability to make informed consent. Additionally, all data were analyzed anonymously, so linking
an individual patient with their data was not possible.

Participants
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The overall goal of our study was to formally examine the longitudinal changes in

semantic memory that occur as MCI develops. In order to accomplish this, we identified every
cognitively healthy older adult in the Indiana Alzheimer Disease Center database who received
an eventual diagnosis of amnestic mild cognitive impairment (aMCI), and for whom
neuropsychological data were available at least two years prior to diagnosis. The two-year cutoff
was based on the annual assessment done in the memory clinic, which ensured the availability of
at least two data points for each participant prior to diagnosis. We then identified healthy older
controls who were best-matched on an individual basis to the eventual aMCI patients. MCI and
control participants were matched for age (±5 years), education (±3 years), and sex. The final
sample comprised 13 people with MCI, and 13 matched controls.
Even though our final sample had only an n=26, this is a very well controlled subset. A
larger sample could have been used, but at the cost of reduced power (error variance would be
introduced to the effect) and the introduction of confounds in causal variables (see
Wagenmakers, et al., 2014 for a discussion on issues of power in the behavioral literature). The
increased control in our dataset increases the likelihood that any differences between the groups
are due to the underlying cognitive change occurring in the MCI group, rather than to an
unidentified confound. Hence, even though the size of the pre-experimental sample was
significantly reduced by our selection criteria, this was countered by ensuring that our sample
would be reflective of changes occurring in pre-MCI patients. Because our aim is to assess
cognitive changes occurring across time in memory search processes in people undergoing
cognitive change, by reducing noise in our sample we hope to increase the probability that the
model described above will find an informative difference between the two groups.
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Participants had no neurological or psychiatric history other than aMCI. The diagnosis of

aMCI was made using a consensus conference format composed of psychiatrists, neurologists,
and neuropsychologists and was based on a review of the clinical assessment material. Criteria
were consistent with Petersen (2004) as follows: (a) informant-reported or physician-detected
decline in cognition or memory, or (b) psychometric test scores below approximately the 7th
percentile of age- and education-matched peers, and (c) no significant impairment in activities of
daily living. Average number of assessments and number of years followed, demographic
characteristics and baseline neuropsychological performance are provided in Table 1.

Procedure
Participants completed a verbal fluency task as part of a neuropsychological battery
completed in the memory clinic. The full battery lasted approximately 2-3 hours. For the verbal
fluency task, participants were instructed that they would receive a category and be asked to
produce as many items as possible within that category in one minute. They were then told that
the category was “animals,” and the experimenter recorded manually each item that the
participant produced.

Results
Behavioral Analyses
Mean number of items produced by cognitively healthy participants (M = 18.42; s = 2.06) was
statistically equal to the number produced by pre-MCI patients (M = 17.42; s = 3.28), F(1,24)=
0.80, ns. However, analyses using mean total items ignore potentially important changes across
assessments in the number of items produced. We therefore computed the slope of the number of
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items produced across testing sessions for each participant. Again, the mean slope of items
produced across testing sessions was statistically equal between healthy controls (M = -0.01, s =
0.29) and pre-MCI patients (M = -0.29, s = 0.32), F(1,24) = 0.75, ns. For this sample of pre-MCI
and cognitively healthy control participants, neither number of items produced nor the decrease
in number of items produced across assessments was a significant indication of the development
of MCI.
There are a number of possible reasons for the lack of behavioral differences seen in the
data reported here. One possibility is that the repeated testing that was used could have led to
practice effects, leading to no differences in number of items produced. Another possibility is
that our sample had a high average IQ (112.46), which may have protected this sample from
deficits in verbal fluency production performance. However, the goal of this study was to assess
differences in the semantic pattern of items produced by our subjects, not simply the number of
items produced. We suggest that, while behavioral data is very important in assessment and
diagnosis, cognitive modeling can provide additional insights into the cognitive changes that
occur as cognitive impairment develops.

Cognitive Model Fits
Figure 2 displays the AIC fits for pre-MCI (top panel) and control participants (bottom panel) for
the best 2- and 3-parameter models. As the figure shows, both the control and pre-MCI
participants have the same trends in terms of the pattern of best-fitting models. For both groups,
all information sources provide a better fit over a random model (where transitions among words
are equiprobable). The best model for each group was the three-parameter model that integrated
order similarity, perceptual similarity, and frequency. A Bayes factor conversion of AIC (Berger
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& Pericchi, 1996) indicated that the three-parameter model was 1,259 times more likely than the
two-parameter model to have generated the data, and 49 times more likely than the full model.
Thus, our analysis of the parameters will focus on the three-parameter model.
The model fits demonstrate that in terms of semantic similarity based on linguistic
experience, order information (shared role) is more predictive of searching patterns than simple
context information. Additionally, even though the type of perceptual similarity that we are using
is rather low in resolution, it still adds power to the model. This suggests that verbal fluency is
not entirely based on linguistic information, but grounded perceptual information may play a role
as well. As was expected, frequency was also an important search cue to predict transitions.

Parameter Analyses
As a first examination into the item-level patterns of production for the control and patient
groups that the modeling analysis can be compared against, a category analysis using Troyer
categories was done. To do this, the extended Troyer categories from Hills, Jones, & Todd
(2012) was used to assess both the number of categories sampled by each participant, and also
the slope of the changes in number of categories produced. The average number of categories
produced for the control participants was 12.35, while the pre-MCI participants produced 13.01
categories per fluency session, a non-significant effect [F(1,25)=1.528, n.s.]. The slope of the
change in number of categories produced was also assessed, in order to examine the temporal
changes associated with the development of MCI. Control participants had an average slope of
0.0637, while pre-MCI participants had an average slope of -0.169, also a non-significant effect
[F(1, 25)=0.689, n.s.]. This indicates that whatever changes are occurring in the patient group, an

	
  

18

analysis examining the overall categories that are being produced in not sensitive enough to
detect them.
For the cognitive model, our first analysis of interest explores whether the best-fitting
parameters differ between control and pre-MCI participants. The top panel of Figure 3 displays
the mean parameter values for the three parameter types between groups. Although control
participants have a slightly higher value on all three parameters relative to pre-MCI participants,
a multivariate ANOVA indicated no significant differences between groups in any of the
parameters (order parameter: F(1,124) = 0.469, ns; frequency parameter: F(1,124) = 0.544, ns;
perception parameter: F(1,124) = 0.684, ns), nor any significant interactions. Echoing the
behavioral analysis, the average cognitive parameters most likely to have generated the fluency
data were insensitive to the difference between pre-MCI and control participants.
As discussed in the behavioral result section above, however, the mean parameter does
not take into account how the parameters change across assessments. To examine change, the
slope of the parameters across assessments was computed; the results are displayed in the bottom
panel of Figure 3. For all three parameters, the slope of the parameter was positive for pre-MCI
participants, but negative for healthy controls. This difference was statistically significant for the
order similarity parameter [F(1,25) = 8.702 p < 0.01; η2 = 0.266] and the frequency parameter
[F(1,25) = 6.803, p < 0.05; η2= 0.221], but not for the perceptual similarity parameter [F(1,24) =
2.87, p > 0.1; η2 = 0.107]. To ensure that this effect was not simply due to the final measurement
(when patients were diagnosed with having MCI) a subsequent analysis was conducted with the
final session removed from the calculation of slope. All effects remained the same, with
differences in order [F(1,25) = 7.379, p < 0.01; η2 = 0.235] and frequency [F(1,25) = 6.056, p <
0.05; η2 = 0.201] remaining significant, but no difference in the use of perceptual information
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[F(1,25) = 2.188, p > 0.1; η2 = 0.084]. This demonstrates that the model can detect differences
over time in the memory searching patterns of cognitively healthy older adults from those who
will go one to be diagnosed with MCI.

General Discussion
This article describes a model-based analysis of the changes in semantic memory occurring
across time prior to a person being diagnosed with MCI, which is often a precursor to the
development of Alzheimer’s disease. This model uses a standard decision mechanism, a
generalization of the Luce choice rule, together with multiple sources of information about words
learned from vector space models, to model semantic fluency. The best fitting model was found
to be a cue integration model that combines sentence order information from BEAGLE (Jones &
Mewhort, 2007), perceptual information from the GPR model (Johns & Jones, 2012), and word
frequency. Context information from BEAGLE was also tested, but did not provide a superior fit
over the simpler three-parameter model, suggesting that it was too redundant with order
information to provide a unique contribution to the memory searching process.
The behavioral data came from 13 participants who went on to develop MCI and 13 who
remained cognitively healthy. They completed verbal fluency tasks in annual assessments.
Neither the total number of items produced, nor the slope of changes in number of items
produced over time, was able to differentiate those participants who went on to develop MCI
from those who did not. In addition, the average parameter values of the model also could not
differentiate the two groups. However, the changes in parameter values across time differed
significantly between the groups. Specifically, the order and frequency parameters increased
over time for the pre-MCI participants, but were stable for the cognitively healthy controls. That
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is, even though the two groups produce the same total number of items, the pattern of items
produced by pre-MCI participants is more likely to be guided by high frequency cues that are
from more closely connected regions of semantic memory. This same pattern has previously
been found to separate older subjects from the demented and very old (Morais, Neth, & Hills,
2013), which points to converging evidence for this result. Cognitively healthy control
participants’ longitudinal data are more likely to be generated by a model with no changes in
parameter values over time: for healthy controls the average slope was not statistically different
from zero.
There was a difference in the perceptual parameter, but this difference was not large
enough to reach statistical significance, suggesting that this type of information is not impacted
as strongly as lexical-semantic information. However, given the limitations in the assessment of
perceptual similarity within the model, more research is required to determine the importance of
perceptual and grounded knowledge in memory search. It is worth noting, however, that
conceptual processing (which is an aspect of the McRae et al. norms) is less impaired in MCI
and AD than other types of semantic knowledge (Ober & Shenaut, 1999), suggesting that this
type of information may be minimally impacted early in the disease course, compared with other
types of language-based information.
Although there were no detectable differences between the groups in the behavioral
measures (e.g., number of items produced), the changes in model parameters across assessments
were able to differentiate the groups. For example, although the sequences robin-worm-snake
and robin-sparrow-chicken both include three items, the parameters that determine the different
paths taken through memory differ greatly, and the modeling approach described here captures
additional variance that is sensitive to early group differences. The inclusion of cognitive
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modeling in the analysis of verbal fluency data may thus provide valuable additional information
about semantic function that is not necessarily available directly from the behavioral data. It also
demonstrates that cognitive models are a powerful tool in a behavioral scientist’s toolbox that
allows for more information to be extracted from data, which surface level examinations are
unable to provide.
One important distinction to make about the results of this study is whether the parameter
differences found between the healthy controls and pre-MCI patients reflect executive function
changes or degradation of lexical representations in the development of cognitive impairment.
Previously, we have used the same model reported here to examine language switching in young
bilinguals (see Taler, et al., 2013), a task that is thought to heavily involve executive functioning.
It was found that the model is sensitive to behavioral changes that are reflective of executive
functioning changes. Specifically, it was found that when you force bilinguals to repeatedly
switch between languages they use frequency information at a much greater rate than pairwise
semantic similarity. That is, there seems to be an active switch in strategy that is used in memory
search. So, within the context of past results, it is possible that the deficits results from a change
in executive functioning performance, rather than say a degradation of lexical representations.
However, based on the results reported in this paper it is not possible to put support to either
proposition, and to separate the two positions will require additional empirical and modeling
work.
This analysis demonstrates that a simple memory search model that utilizes semantic
information about words is capable of assessing temporal changes in semantic function prior to
the development of MCI. The model was able to find alterations in the path that the different
groups were taking through semantic space, indicating that subtle cognitive changes may occur
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many years prior to clinical memory dysfunction. This suggests that cognitive modeling can play
an important role in understanding complex clinical data, and is a promising tool to explore the
underlying changes occurring in cognitive impairment.
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Table 1
Descriptive statistics of groups
Pre-MCI
Participants

Control
Participants

N

13

13

Sex

10 men, 3 women

10 men, 3 women

Age at final
assessment

77.69 ± 6.80

75.77 ± 6.39

Education

15.23 ± 3.35

14.31 ± 3.12

# of assessments

3.31 ± 2.02

3.00 ± 1.22

Years of follow-up

4.85 ± 1.82

4.46 ± 2.18

Estimated full-scale
IQ

112.46 ± 9.68

113.31 ± 5.30

Mini-mental state
examination (/30)

28.54 ± 1.20

28.85 ± 1.21
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Figure Captions

Figure 1. Examples of item sequences in a fluency task predicted by progressively higher
parameter models. The same set of four items is used to demonstrate how the most likely
sequence generated would change as additional information sources are added.
Figure 2. Quantitative model fit (Akaike Information Criterion) of various nested versions of the
fluency production model for pre-MCI participants (top panel) and healthy controls (bottom
panel). A smaller AIC indicates a better fit to the human data.
Figure 3. Average parameter values (top panel) and slope of parameters across trials (bottom
panel) for pre-MCI and healthy individuals using the most likely three-parameter model. Error
bars represent standard error.
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Appendix A
BEAGLE-RP Model

Originally, the BEAGLE model used circular convolution of words in a sentence was used to
learn order information (Jones & Mewhort, 2007). However, this technique is computationally
expensive, so a technique using random permutations (RPs) was thus developed (Sahlgren, et al.,
2007). This technique has been shown to perform better, as it is capable of scaling up to larger
corpora (Recchia, Jones, Sahlgren, & Kanerva, 2010), so it is used here. As in the original
model, words are initially represented with a static environmental vector, which is assumed to
represent perceptual properties of a word. However, instead of the Gaussian representation that
the original model utilizes, BEAGLE-RP uses sparse ternary vectors (non-zero locations sampled
equally from 1 and -1). The environmental vectors used in the current analysis had a
dimensionality of 10,000 with 6 non-zero items. The environmental vectors are used to build
both context and order vectors, which are dynamic vectors that change across time. Context
vectors represent pure co-occurrence information across a corpus. These vectors are computed
for a given word in a sentence, ci, by summing the environmental vectors for the other n-1 words
in the sentence:
!

𝐶! =

𝑒!       𝑤ℎ𝑒𝑟𝑒  𝑖 ≠ 𝑗
!!!

Where n goes through each word in the sentence.
Order vectors are assumed to represent rudimentary syntactic information, by recording the
position of word’s in a sentence relative to the word being updated, and here random
permutations of environmental vectors are used to learn this information type. A random
permutation is simply a random shuffling of an input vector into an output vector. Each location
within a sentence is given its own permutation, which does not change across training, allowing
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for a simple method of encoding word order. For any given word’s order vector, oi, this is
updated by permuting the word’s that surround the word o. For a word o, in position i, this
process is described with the following equation:
!

𝑅𝑃!!! 𝑒!

𝑜! =
!!!

Where RPx is a specific RP for a given location. Negative RPs are simply the inverse of
their positive counterparts, and are used to encode the respective position of words within the
sentence (i.e. if a word occurs before or after the word under question). Order vectors are
updated for each word in the sentence.
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Appendix B
The Generating Perceptual Representations (GPR) Model
The technique we employ here to generate perceptual similarity values are attained from
the Generating Perceptual Representations (GPR) model described in Johns & Jones (2012). The
GPR uses global lexical similarity to construct perceptual representations about words that had
no perceptual information in their lexical representations, based on the processing of a classic
model of memory (Hintzman, 1986). The bases of the representation are the feature norms from
McRae, Cree, Seidenberg, & McNorgan (2005). These norms only contain representations for
around 500 words, but Johns & Jones (2012) used the global lexical similarity among words to
generate perceptual representations. The result of this process is that all words have inferred
perceptual representations, which were cross-validated with reasonable precision.
At the beginning of the process, each word in the lexicon has a pure co-occurrence
representation, which is represented with a large Word x Document matrix, where words are
contained in rows and documents in columns. A word gets a value of 1.0 if it occurs in a
document, and a value of 0.0 if it does not. The featural representation for the 500 words from
the McRae norms are concatenated onto their respective lexical representations. For words that
were not contained in the norms, their perceptual representations were initially left empty.
In the first step of the model, each representation in memory with a zero perceptual
vector has an estimated perceptual vector constructed based on its weighted similarity to lexical
entries that have non-zero perceptual vectors:
𝑃𝑒𝑟𝑐! =

!
!!! 𝑇!

∗ 𝑆 𝑇! , 𝑇!

!
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Where M represents the size of the lexicon, T represents the lexical trace for a word, S is

similarity function (here, vector cosine), and λ is a similarity weighting parameter. In the second
step of the model, the process from step 1 is iterated, but inference for each word is made from
global similarity to all lexical entries (as they all now contain an inferred perceptual vector).
Hence, representations in step 1 are inferred from a limited amount of data (only words that have
been “perceived” by the model). In step 2, representations for each word are inferred from the
full lexicon—aggregate linguistic and perceptual information inferred from step 1. Johns &
Jones (2012) demonstrated that this model is able to make accurate perceptual inferences, so here
these inferred perceptual representations are used to construct rudimentary perceptual similarity
values into a memory searching process.

