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1. INTRODUCTION

Semantic verbal fluency is a commonly-used neuropsycho-
logical test which typically allows 60 seconds for a participant
to generate as many words as possible belonging to a speci-
fied semantic category such as animals or vegetables [1]. Ver-
bal fluency is commonly used for evaluating the integrity of
memory and executive functions. Performance on the task is
contingent on retrieval of words from long-term storage and
executive control of the process. Evidence suggests that these
tasks are sensitive to the presence of most forms of brain dam-
age [2]. In addition, age-related differences in semantic flu-
ency have been demonstrated, with older participants tending
to generate fewer words than younger participants [1]. Re-
searchers have also observed differences between older adults
with dementia and those who do not have dementia [3, 4].

There are two fundamental types of scoring that can be
applied to the verbal fluency test: quantitative and qualita-
tive. The main quantitative measure is the number of words
produced. Commonly used qualitative measures include clus-
tering and switching. Clustering is defined as the production
of a group of words in sequence that all belong to the same
subcategory. A switch is simply a transition between clusters.
Other qualitative measures could include any type of measure
that analyzes the qualities of the words produced, for exam-
ple, a measure of their semantic relatedness.

Another type of verbal of verbal fluency test is the phone-
mic verbal fluency test, in which participants are asked to
generate words beginning with a specified letter. We will
not consider the phonemic verbal fluency in depth, but men-
tion it as some researchers have identified ”task-discrepant
clustering”—the use of phonemic clusters in a semantic test
or vice versa—as potentially indicating an explicit use of strat-
egy [2].

The original motivation for this research was to investi-
gate whether semantic verbal fluency could be used to diag-
nose individuals with other brain disorders, in particular, At-
tention Deficit Hyperactivity Disorder (ADHD). We did not
have access to data from ADHD patients during the scope
of this project as we had hoped, so we focused on looking at
various approaches to scoring the semantic verbal fluency test

using data from both healthy adults and adults with dementia.
We investigated the use of NLP techniques to enable more
sophisticated approaches toward scoring and interpreting the
test. In particular, we seek to extend and increase the rigor of
qualitative measures such as clustering and switching.

2. CURRENT SCORING METHODS

A number of methods of scoring verbal fluency test have been
proposed. Traditionally, the test is scored by the number of
acceptable responses within the allotted time. However, the
fluency test provides qualitative information as well, includ-
ing the characteristics of the words generated and patterns
among the words [2]. There has been significant disagree-
ment among researchers on how to best score and interpret
the qualitative aspects of the test. Troyer et.al. [1] review ev-
idence from lesion studies and functional brain imaging and
conclude that the weight of evidence is that multiple brain
regions are involved in the fluency task, and that semantic flu-
ency seems to be more associated with temporal lesions. They
also note that evidence from temporal and semantic analyses
of word generation over extended time periods reveals that
words tend to be produced in temporal clusters, with a short
time interval between clusters and a longer pause between
clusters. In addition, in the semantic fluency task, the words
within the temporal clusters tend to be semantically related.
For example, given the sequence cat-dog-lion-elephant-zebra,
the subcategories might be labeled pets and African animals,
with cats and dogs falling in the pet subcategory and the rest
in the African animal subcategory. Troyer et. al. state that
this response pattern has led to suggestions that performance
on semantic fluency involves two processes: a) a search for
subcategories and b) a search for and production of words
within the subcategories. Troyer et. al. [1] propose an ad-
ditional component of fluency, switching, that has not been
emphasized previously . They define switching as the abil-
ity to shift efficiently to a new subcategory, and clustering as
the production of words within semantic or phonemic subcat-
egories. They propose a model of verbal fluency in which
switching is associated with executive processes governed by
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the frontal lobe and production of words within clusters is
associated with semantic memory processes governed by the
temporal lobes. Troyer [5] has also produced normative data
that corrects for several demographic variables: age, educa-
tion and sex. These normative data would be useful for any
future work based on the Troyer system.

Troyer et. al. [1] suggest that phonemic clusters are rarely
produced. In the data we examined, 2 out of 26 participants
used an alphabetic strategy, generating exemplars in which
each starts with a subsequent letter of the alphabet from the
previous exemplar (e.g. aardvark-bear-cat-dog-elephant) and
maintain this strategy through all or most of the allotted time
period. The alphabetic strategy may not meet the strict defi-
nition of phonemic clustering used by some researchers, but
it is clearly not semantic clustering, and 2/26 does not seem
rare. Although we do not have enough data to analyze corre-
lation between task discrepant clustering and overall perfor-
mance, both participants who used an alphabetic strategy per-
formed better than average which suggests that this question
merits further research. Other researchers have suggested that
the use of task-discrepant clustering may indicate intentional
strategy use on both tasks [2]. It seems plausible that measur-
ing intentional strategy use could have diagnostic value, so
any automatic scoring system should be able to detect the use
of alphabetic and other task-discrepant clustering.

Table 1 gives an example of an actual protocol from our
dataset and illustrates scoring using the Troyer system as well
as some additional measures used by other researchers or de-
veloped by us. Three measures are computed in the Troyer
system: 1) Total number of correct words generated, defined
as the sum of all words produced, excluding errors and rep-
etitions; 2) Mean cluster size, where cluster size is counted
starting with the 2nd word in a cluster, and includes errors
and repetitions; and 3) Number of switches, defined as the
total number of transitions between clusters, including single
words as well as errors and repetitions. March and Pattison
[6] also measure the raw number of subcategories and track
the number of repetitions and category errors (e.g. naming a
fruit when the semantic category is vegetables). In the exam-
ple given, no repetitions or errors occurred, so these measures
are not shown in the table. The mean latency within clus-
ters and mean latency between clusters are measures that we
added because we had time-aligned data. Additional mea-
sures used by other researcher or that would be enabled by
techniques discussed in this paper will be discussed below.

A number of researchers have criticized various aspects
of Troyer et. al.s [1] scoring system (referred to as the Troyer
system from here on for simplicity). Others have adopted the
Troyer system but have extended or refined it.

Abwender et. al. [2] performed a review and compari-
son of several scoring methods, including the Troyer system.
They suggest that while Troyer et. al. [1] report a positive cor-
relation between clustering and total productivity, this is not
sufficient evidence that clustering necessarily leads to produc-

tion of more words or is a strategic process, since the more
words that are produced, the more likely it is that what ap-
pear to be meaningful clusters will appear by chance. Ab-
wender et. al. also state that the definition of switching used
by Troyer et. al. is problematic with respect to their inter-
pretation of how switching reflects underlying cognitive pro-
cesses. Because Troyer et. al. define switching and clustering
as mutually exclusive, a negative correlation must obtain for
a given number of words generated. Also, by considering
single words as clusters of size 0, smaller mean cluster sizes
caused by many single words will be accompanied by a larger
number of switches for a given number of words generated.
These issues may limit the conceptual dissociability of these
constructs, calling into question Troyer et. al.’s interpretation
that switching is a product of strategic searching and mental
flexibility. It is also possible that switching simply reflects a
lack of ability to cluster. Also, positive correlations between
switching and total word output do not prove that output is
dependent on switching. Abwender et. al. point out that Ep-
ker et. al. [3] have suggested that the number of switches
depends on total word output.

Ulrich Mayr [7] states that the Troyer system does not
allow unambiguous inferences regarding the selective impair-
ment of the switching process. This is because the number
of switches depends on both the difficulty that a participant
has in accessing a new cluster as well as the difficulty that a
participant has in generating new words within clusters, be-
cause the more time a participant spends within a cluster, the
less time remains for accessing clusters. Hence, the number
of switches score does not differentiate between difficulties in
accessing new clusters and difficulties in accessing new words
within clusters. Mayr gives the following example: suppose a
participant produces only three words from the same cluster
after 15, 30, and 45s and no additional words in the remaining
15 s. In this case, the average cluster size is 2, and the number
of switches is 0, but it is clear that the lack of switches is not
due to a switching deficit, but rather a difficulty in retrieving
words from memory.

Mayr and Kliegl [8] propose another model of how se-
mantic and executive processes affect semantic fluency. They
suggest that the time for every act of retrieval contains two
additive components: one executive and the other semantic in
nature. The executive component consists of tasks such as up-
dating the current search criterion and stopping or starting sin-
gle retrieval processes. It is assumed to be relatively constant,
whether it occurs within or between clusters. The semantic
component reflects the actual semantic search demands, such
as spreading of activation in the semantic network. In this
model, between-cluster retrieval (equivalent to switching in
Troyer’s model) should require more of the same semantic
processing that occurs within cluster rather than seperate ex-
ecutive processing. Mayr and Kliegl point out that like Troyer
et. al. [1] this model assumes both semantic and executive
components in semantic fluency but makes different assump-
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exemplar latency (ms) label word cluster no. of no. of mean latency mean latency
total size switches subcategories within cluster between clusters

cat 647.8 pet
dog 0 pet
bird 2395.9 pet 2
monkey 3602.7 African
elephant 0 African
lion 541.3 African
tiger 0 African
giraffe 496.9 African 4
mouse 2014.3 rodent
mole 1144.7 rodent 1
fish 11287.2 fish 0
antelope 14019.2 deer
deer 0 deer
moose 6344.6 deer 2

14 1.8 4 5 1213.7 7748.9

Table 1. Scoring a semantic verbal fluency protocol

tions about where executive componentsvs. semantic retrieval
come into play.

March and Pattison [6] use the Troyer system but add
an additional variable: the raw number of subcategories pro-
duced. This additional variable is motivated by the observa-
tion that a participant can access as few as two subcategories
and still demonstrate high rates of switching by spontaneously
alternating between two. Hence, the switching variable does
not account well for the variety of subcategories accessed dur-
ing word generation. March and Pattison’s study also mea-
sures two error patterns: 1) number of repetitions and 2) num-
ber of categorical errors.

Epker et. al. [3] performed a study using the Troyer sys-
tem, but concluded that switching is dependent on the num-
ber of words produced, most likely because as a participant
produces more words, there is more opportunity to switch to
different clusters. The study found no differences between
groups in switching and clustering when normalized by word
counts, but did find differences in word counts. Epker et. al.
do suggest that qualitative measures could be useful for look-
ing at certain disorders, as well as from a clinical standpoint.

Reverberi et. al. [9] suggest that several cognitive func-
tions involved in verbal fluency could be attributed to the
frontal lobes. They discuss compliance with a strategy as a
new component to be analyzed and define two new constructs:
1) Loss of strategy as evidenced by lower average relatedness
between successive words and higher frequency of switching
between subcategories; and 2) Loss of switching evidenced
by a lower switch rate, higher semantic relatedness between
words, and few subcategories overall. They suggest that in-
stead of counting switches, an index describing the structure
of the word sequence would be more useful. They propose
using the mean semantic proximity (i.e. relatedness) between

successive pairs of words to measure the degree of semantic
organization of a sequence. Their study used fruits as the se-
mantic category, so it was feasible to obtain human judgments
of semantic relatedness as the number of fruits is smaller than
the number of animals.

We found only one study that used the semantic verbal flu-
ency to try to identify differences between participants with
ADHD and healthy participants. Tucha et. al. [10] used the
Troyer system, but also counted the number of labels pro-
duced (e.g. ”bird” or ”reptile” vs. ”robin” or ”chameleon”)
as well as clusters within clusters. They found a significant
difference in word count and switching between patients with
ADHD and healthy participants. We believe that to the extent
that ADHD is associated with deficits in executive functions,
a measure such as the one proposed by Reverberi may also be
useful.

As computer scientists, we do not take a position on the
implications of verbal fluency for understanding of brain func-
tion, but our research is informed by these debates, and we
seek to both develop approaches to scoring that will allow for
multiple perspectives and in particular, to expand the types
of measures that can be obtained from verbal fluency data in
ways that might enable future research. We agree with Mayr
[7] that obtaining time-alignment data would help to over-
come some of the issues with previous scoring methods dis-
cussed above, and we believe that it could also lead to the
development of new measures that might be useful for diag-
nostic purposes. Also, we believe that a measure of semantic
similarity between words within the semantic category being
used for the test would allow for various kinds of analyses that
do not depend on categorizing the production of each exem-
plar as either a switch or within the same cluster as the previ-
ous exemplar. This approach is motivated by the observation
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that words can belong to more than one subcategory and thus
it can be ambiguous whether a word is starting a new sub-
category. For example, in the sequence cat-dog-horse-zebra-
lion-giraffe, zebra could be considered as both equine and in
a cluster with horse, as well as African and in a cluster with
lion and giraffe. We suggest that with a measure of semantic
similarity and latency data, the test can be evaluated without
needing to categorize zebra as either equine or African.

3. METHODS AND EXPERIMENTAL RESULTS

Our research had two main goals: 1) to develop an algorithm
for automatically labeling data and detect the use of task-
discrepant clustering; and 2) to develop a measure of seman-
tic relatedness. We also intended to evaluate possible uses of
time-alignment data. We did not have sufficient data to do the
evaluation, but we do identify several time-based measures
that may be useful in future research.

3.1. Automatic Labeling and Detection of Task-Discrepant
Clustering

We investigated using a Hidden Markov Model (HMM) tag-
ger to automatically label semantic fluency data, in order to
facilitate computation of measures based on clustering and
switching. We built a model for a set of hand-labeled data
consisting of 11 protocols obtained from elderly adult par-
ticipants, including both patients with dementia as well as
healthy older adults. The protocols were hand-labeled using
the Troyer system, with one exception. In the Troyer system,
more than one tag can be assigned to an exemplar. For ex-
ample, in the sequence mule-horse-zebra-lion-giraffe, zebra
could be tagged as both ”equine” and ”African”. We decided
to assign only one tag to an exemplar because allowing multi-
ple tags seems to overly complicate the system without adding
much in terms of explanatory power and because Troyer is not
explicit on whether an exemplar labeled with two tags should
be counted as a switch. Furthermore, we believe that latency
can be used in judging whether a switch has occurred.

We then built a tagger using the Viterbi algorithm. We ap-
plied the model to a set of 16 protocols from a similar popula-
tion that were first hand-labeled, in order to be able to evaluate
the performance of the tagger. The tagger achieved 69% accu-
racy at the exemplar level. This is not very high compared to
the performance of HMM taggers on other tasks, such as part-
of-speech tagging, but there were several issues that could be
remedied fairly easily which affected the performance. The
first is that there were some discrepancies between some of
the default labels used (i.e. the label assigned to an item if it is
not part of a cluster) in labeling the first set and second set of
data. This could be remedied by explicitly defining default la-
bels for each animal prior to doing the hand labeling. The sec-
ond issue is that the initial model was based on a very small
dataset. It would be relatively easy to obtain additional data

and either hand-label it, or use the initial model as a starting
point and use Expectation Maximization to incorporate addi-
tional unlabeled data into the model. Third, we used a very
simple method of dealing with unseen data. For an unseen an-
imal, we assumed that the animal was equally probable given
any tag and relied only on tag transition probabilities to calcu-
late the probability of each tag given that animal. For an un-
seen tag transition, we gave it an arbitrarily low probability of
.01. Incorporating more data into the model would reduce the
amount of unseen data. Also, a more sophisticated smoothing
approach such as the backoff or deleted interpolation algo-
rithms described by Jurafsky and Martin [11] could be used.
Finally, we used a first-order Markov model. A second-order
Markov model would probably perform better, assuming that
the data sparsity issue could be overcome. This is a particu-
larly important issue in this case since the tagging decision is
heavily dependent on the tags that follow the current word, as
well as the tags that precede it.

In addition, our HMM tagger produces a set of labelings
that deviates from the Troyer approach in that each word is
labeled with one and only one tag, whereas the Troyer system
allows two tags to be assigned to a word if it belongs to more
than one subcategory. We chose not to follow the Troyer sys-
tem exactly, because we believe that timing data can be used
to make an unambiguous labeling decision in almost all cases.
We assume, based on our analysis of time-aligned data that
the longer the latency of a word, the more likely the word is
to represent a switch. In hand labeling our data we used the
following heuristic: if word latency is greater than 1 s and
it belongs to a subcategory that is different from the previ-
ous label and is the same as a subcategory that the following
word belongs to, it represents a switch and is labeled accord-
ingly. For example given the sequence tiger-lion-cat-dog, the
labeling of cat is dependent on its latency. If it is greater than
1 s, we label it pet, otherwise, we would label it feline. In
the Troyer method, cat would be labeled as both feline and
pet, and presumably counted as a switch. We believe our
approach provides a more unambiguous measure of switch-
ing and clustering than the Troyer approach. Our approach
is also consistent with the model of verbal fluency proposed
by Mayr and Kliegl [8] which, as a reminder, suggests that
switching and producing words within a cluster both reflect
the same type of semantic processing in the brain, and what
is termed switching by Troyer represents greater distance in
the semantic memory network and is not associated with a
specific executive function.

Our HMM tagger was not successful in detecting the al-
phabetic strategy. It is not clear whether this is due to data
sparsity or whether a probabilistic approach is just not suit-
able for this task, given that the majority of participants do
not use task-discrepant strategies. In the latter case, it would
be relatively straightforward to develop an algorithm that ex-
plicitly detects the use of task-discrepant strategies.
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3.2. Semantic Relatedness

3.2.1. Introduction

Early in our research, we had the sense that having an objec-
tive measure of semantic similarity between exemplars would
be useful. In particular, we thought that there might be sig-
nificant differences between patients with ADHD and healthy
controls on an index of overall semantic similarity in a test
protocol. Our hypothesis was that patients with ADHD would
exhibit less semantic similarity between words than would a
healthy control group. Although we arrived at this viewpoint
independently, our ideas are supported by the work of Rever-
beri et. al [9]. These researchers determined the mean se-
mantic proximity between each successive pair of words in a
protocol. They detemined semantic proximity scores for word
pairs by having 78 healthy subjects rate the semantic proxim-
ity between each pair of fruit of in set of 32 fruits most fre-
quently most frequently reported in a semantic fluency task.
In addition, eight healthy participants rated 420 additional
pairs of fruit items in order to produce an objective similar-
ity rating between all possible pairs of fruits that occurred
in their experiment. One approach to doing this for animals
would be to use human ratings, but this would not be feasible.
There are roughly 200 animals that might reasonably be ex-
pected to occur in a fluency test using animals as the semantic
category, resulting in 19,900 possible pairs. It would not be
practical to rate that many pairs using human subjects. There-
fore, we investigated the possibility of using other methods
of estimating semantic relatedness, namely, deriving a mea-
sure from statistics obtained from a large corpus, and from
a taxonomy such as WordNet. Both approaches have been
extensively researched.

The terms semantic similarity, semantic relatedness and
semantic distance are used somewhat interchangeably in the
literature. Budanitsky and Hirst [12] propose the following
definitions of the terms. Semantic relatedness is the broader
terms and encompasses similarity as well as meronymy, antonymy,
functional association, and other non-classical relations. Sim-
ilarity is based on shared features, whereas relatedness is based
on the other types of relatedness referred to above. For exam-
ple, ”dog” and ”wolf” are similar, because they are closely
phylogenetically related. ”Dog” and ”cat” are related because
they are both commonly kept as pets. Budanitsky and Hirst
suggest that the concept of semantic distance is inherently
ambiguous, as it can be used as the inverse of either simi-
larity or relatedness. These two uses are often consistent, but
not always. For example, antonymous concepts are dissimi-
lar and distant in that sense, but also semantically related, and
not distant in that sense. Budanitsky and Hirst also point out
that semantic relationships are between concepts, or particu-
lar senses of words, not between words themselves. Hence,
semantic similarity is not the same as the similarity of dis-
tributional or co-occurrence behavior of the words. However,
some researchers have investigated the use of distributional or

co-occurrence similarity as a proxy for semantic similarity or
relatedness, with varying degrees of success (e.g. Mohammad
and Hirst [13]).

In the case of animal pairs that occur in verbal fluency
tests, we see examples of both semantic relatedness and sim-
ilarity. In the sequence lion-zebra-giraffe, the concepts are
related because they all are found in Africa. Yet, they are
not very similar to each other. On the other hand, a sequence
like deer-elk-antelope might be considered as a subcategory
of deer, and these concepts are similar. Because the term
semantic relatedness encompasses semantic similarity in the
Budanitsky and Hirst definition, we will use the term seman-
tic relatedness in general, and use the term semantic similarity
only when we specifically need to refer to a case of a similar-
ity relationship.

There are some challenges to using distributional similar-
ity and co-occurrence behavior as a proxy for semantic relat-
edness. For example, a large portion of our corpus consisted
of Wall Street Journal text, in which bull and bear occur fre-
quently, and probably more often in their financial senses than
in the animal senses. This could distort a measure of related-
ness between their animal senses and other animals.

3.2.2. WordNet-based Measures

The simplest method of computing semantic relatedness is to
use lexical resources, such as WordNet. Several researchers
have found that WordNet based methods work better than
corpus-based methods when evaluated against human-rated
sets of word pairs such as the Rubenstein-Goodenough set or
the Miller-Charles set [12, 14, 15]. At first, we did not think
a WordNet based approach would be suitable for computing
semantic relatedness of word pairs in the verbal fluency task,
because the majority of the relations in WordNet are hypon-
omy/hypernymy, whereas many of the word pairs in the ver-
bal fluency tests are based on other relations. For example,
if the word dog appears in a protocol, there is a very high
probability that cat will follow it. In any WordNet based mea-
sure, however, dog would be more related to wolf than to cat
because wolf is closer to dog than cat in a network based on
hyponymy/hypernymy relations.

Later in our research, we came back to WordNet and dis-
covered that for some animal pairs, a WordNet based related-
ness score appears to perform better than co-occurrence based
statistics. We used a simple WordNet-based approach, com-
puting the path length between two word senses by counting
the number of edges between them. More sophisticated mea-
sures exist, which tend to perform better than the simple mea-
sure that we used, at least on some tasks (see [12, 16] for def-
initions and evaluations of other WordNet-based measures).

3.2.3. Corpus-based Measures

Next, we turned to corpus-based measures of relatedness. As
mentioned earlier, distributional similarity of words is not the
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same as semantic relatedness of word senses. A key ques-
tion is the extent to which distributional similarity can act as
a proxy for semantic relatedness. Budanitsky and Hirst [12]
define the distributional similarity of two words w1 and w2 as
1) the extent to which they occur in similar contexts, for some
definition of context; 2) the extent that the set of words that
w1 tends to occur with is the same as the set that w2 tends
to occur with; or 3) the extent to which if w1 is substituted
for w2 in a context, its plausibility is unchanged. A context
may be a small or large window around the word, an entire
document, or a syntactic relationship. An example of distri-
butional similarity based on syntactic relationships would be
using verbs as a context for nouns in the object position, so
that nouns would be similar to the extent that they occur as
direct objects of the same set of verb. We hypothesized that
sentential co-occurrence would be a useful approach because
many of the subcategories we observed in our data were based
on geography or living environment. For example, one would
expect that zebra and giraffe to co-occur with Africa, and pos-
sibly specific African countries.

A number of measures of distributional similarity have
been proposed (see Mohammad and Hirst [13] for an in-depth
survey). We evaluated three, using a very large corpus of over
300 million words drawn from multiple sources including the
Switchboard Corpus and the Wall Street Journal. We used
the Porter Stemmer [17] to reduce words to their linguistic
roots, and a stop list to filter out closed-class words. Our ini-
tial approach was to look at sentential co-occurrence based on
the log-likelihood statistic, for a set of animals. We identified
the set of words that co-occurred with any of the animals in
the set with a log-likelihood ratio of greater than 10.83. We
used this set as the components of feature vector and mea-
sured the cosine of the angle between the vectors represent-
ing two animals, similar to the approach used by McDonald
[18]. The cutoff of 10.83 was motivated by the fact that if
λ is a likelihood ratio, the quantity −2logλ is asymptotically
χ2 distributed [19]. Therefore, we compute the log-likelihood
statistic as −2logλ and use 10.83 as a threshold, which rep-
resents significance at the p = 0.001 level. As an example,
suppose that cat and dog have the following co-occurrences,
with the log-likelihood score shown in parentheses (note that
these log-likelihood scores are made up for illustrative pur-
poses):

cat kitten(21.4) cute(38.7) meow(59.0) scratch(14.3) pet(44.8)

dog puppy(33.7) cute(29.8) bark(40.0) bite(15.8) pet(55.8)
The feature vectors would be

kitten cute meow scratch pet puppy bark bite

cat 21.4 38.7 59.0 14.3 44.8 0 0 0

dog 0 29.8 0 0 55.8 33.7 40.0 15.8

The cosine of the angle between vectors is computed by nor-
malizing the vectors and taking their dot product.

We also used the vector space approach using pointwise
mutual information (PMI) as the vector components instead

of log-likelihood. According to Manning and Schutze [19],
the log-likelihood ratio is considered to be a better indicator
of co-occurrence than pointwise mutual information for two
key reasons. The first is that PMI tends to artificially increase
scores of infrequently occurring word pairs. The second is
that they measure different things. Given a word pair w1w2,
log-likelihood measures how likely it is that w1 is dependent
on w2. PMI measures how much information about the oc-
currence of w2 is provided by the occurrence of w1, or how
well w1 predicts w2. For most tasks, the reduction in uncer-
tainty measured by PMI does not correspond to collocation
or co-occurrence as well as the dependency measured by log-
likelihood.

Despite the argument advanced by Manning and Schütze,
we decided to use pointwise mutual information, because the
mix of similarity and other relations that occurs in the seman-
tic verbal fluency task seems to set it apart from may other
tasks where collocation might be used. Preliminary results
suggest that PMI actually performs better in this case. It may
be that for our task, the overestimating of low-frequency word
pairs is beneficial, because it may highlight context words that
are actually are most strongly associated with a given ani-
mal. For example, kangaroo co-occurs with Australia, which
is clearly a feature that one would expect it to have in com-
mon with other animals such as koala or wombat. How-
ever, kangaroo also co-occurs with a number of other words
that don’t seem particularly relevant. Because the frequency
of kangaroo-Australia is low relative to the frequency of a
number of other words that don’t seem particularly relevant,
PMI would do a better job of measuring the relatedness of a
pair such as kangaroo-wombat compared to the log-likelihood
statistic.

Our third measure was simply the log-likelihood statistic
for the co-occurrence of two animals.

To get a rough idea of how well the vector space measures
worked, we looked at the 50 pairs of animals with the high-
est cosines, using log-likelihood scores as the vector com-
ponents. In looking at the top 50 based on the initial set of
vectors, we observed that the vector space method did not
seem to do a very good job at identifying semantically re-
lated animals. Boar and burro were rated as the most similar
with a cosine of .557, which is not very intuitive, and dog
and cat, which are clearly the most related based on obser-
vations of the test protocols, had a cosine of .208, although
kitten and dog had a cosine of .550 and was ranked third.
Kitten and cat had a cosine of only .201. To get a sense of
what might be causing the overall poor results, we investi-
gated two pairs, wombat-platypus and wombat-kangaroo. In-
tuition suggests that these pairs have a similar level of seman-
tic relatedness, yet the vector approach yielded a score for
wombat-platypus that was significantly higher than wombat-
kangaroo. (0.557 for wombat-platypus vs. .225 for wombat-
kangaroo). In investigating the words that each of these three
animals co-occurred with, we noted that kangaroo was asso-
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ciated with many more words than either wombat or platypus,
which is why the cosine is lower for wombat-kangaroo than
for wombat-platypus. Also the association of wombat with
Australia was lost because the wombat occurred with an in-
stance of Australia with a period at the end. It is clear that
while the vector space method yielded plausible scores for
many animal pairs, there were some significant issues. We
experimented with a possible direction for improving the re-
sults by manually choosing certain words to remove from the
vectors, such as the names of cities (assuming that they were
associated with sports team names), and other words that did
not seem likely to be good context words either because the
seemed to be associated with other words senses or did not
seem to be related to animals in ways that would be relevant
for the task. Table 2 shows the top 50 pairs in each of 4 itera-
tions. After the 1st iteration, we removed additional words in
each subsequent iteration.

We did not attempt to formally evaluate the different sets
of features, but in looking at the four iterations, it is clear that
pruning the context words does have an impact, and it appears
that in some cases, it is improving the scores. For example,
cat and kitten show up in the 4th set (which is the most re-
stricted,) but not in any of the others. By the fourth iteration,
several pairs that seem related got added (e.g. lizard-snake
and gerbil-hamster) and some that didnt seem very related got
dropped (e.g. weasel-burro and parrot-squirrel). Boar-burro,
which was at the top of the list in the first iteration, dropped
off the list in the fourth iteration as well.

Based on these results, we assume that further reducing
the dimensionality of the vectors would lead to even better re-
sults. We next attempted to find a more principled method of
reducing the dimensionality, first investigating the use of Prin-
cipal Components Analysis (PCA). PCA is a mathematical
technique that reduces dimensionality by projecting a high-
dimensional space onto a lower-dimensional space (see Smith
[20] for a good overview of the technique). We performed
PCA on the initial set of vectors, experimenting with a wide
range of number of dimensions retained. Again lacking a
good formal evaluation method, we used k-means cluster-
ing to cluster the animals into subcategories, before apply-
ing PCA and after performing PCA with various numbers
of dimensions retained. Clustering at least gives an intuitive
sense of how effective the method was. After the experiment,
we concluded that PCA was not an effective approach to di-
mensionality reduction for this task. Table 3 shows some
of the clusters that were produced. Note that after applying
PCA, a number of small clusters and one very large cluster
were formed. This result occurred, regardless of the number
of dimensions retained and the number of clusters produced.
While some of the clusters obtained after applying PCA make
sense (e.g. cat, dog), many others do not (e.g. frog, bear).
After examining the clusters, it does not appear that PCA is
a viable approach for this task, although it might be worth
correlating the vectors produced by PCA with an objective

standard, if one becomes available, to confirm this prelimi-
nary judgment.

As mentioned earlier, each measure does well with some
animal pairs and not with others, and tends to do well on a dif-
ferent set of animal pairs. Several approaches could be taken
to remedy this problem. One would be to refine the vector-
based space measures by trying measures other than the co-
sine, and possibly interpolating between the log-likelihood
and pointwise mutual information measures. In addition, in-
corporating the vector-based measures, the co-occurrence of
animal pairs and a WordNet based measure into one overall
measure might be effective, since the different measures seem
to work well on different sets of animal pairs. The challenge
here is that the measures use different units and have different
ranges so there is no obvious way to combine them. In order
to get a sense of whether combining the measures would im-
prove performance, we scaled the co-occurrence values and
then standardized the data by computing z-scores. The z-
score expresses an observation in terms of the number of stan-
dard deviations away from the mean it is. Z-scores are appro-
priate when the distributions approximate the normal distri-
bution. Some of these measures probably not normally dis-
tributed, but we proceeded with this assumption to determine
whether the approach seemed feasible.

We scaled the co-occurrence values as follows:
Range Scaled Value
0-10.83 0
10.84-99 1
100-199 2
200-299 3
300-399 4
400-499 5
500-599 6
600-699 7
700-799 8
800-899 9
>900 10

We then evaluated each of the measures in isolation as
well as in the model
score = α ∗ (λ ∗ v1 + (1 − λ) ∗ v2) + β ∗ c − γ ∗ t where
v1 = the cosine of angle between vectors using the log-likelihood
statistic as the vector components
v2 = the cosine of angle between vectors using pointwise mu-
tual information as the vector components
c = the log-likelihood statistic for the co-occurrence of the
two animals in a pair
t = the WordNet-based measure
λ = the interpolation factor, 0 ≤ λ ≤ 1
α = the weight of the interpolated cosines
β = the weight of the co-occurrence measure
γ = the weight of the WordNet-based measure

Lacking a gold standard, we evaluated the measures by
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1st Iteration 2nd Iteration 3rd Iteration 4th Iteration
boar burro 0.565 wombat platypus 0.573 wombat platypus 0.573 wombat platypus 0.700
wombat platypus 0.557 boar burro 0.564 boar burro 0.564 orangutan panda 0.646
kitten dog 0.550 kitten dog 0.546 lion otter 0.552 vicuna alpaca 0.616
lion otter 0.533 lion otter 0.532 kitten dog 0.550 moth wasp 0.596
orangutan panda 0.522 orangutan panda 0.519 orangutan panda 0.523 wombat kangaroo 0.483
vicuna alpaca 0.510 vicuna alpaca 0.510 vicuna alpaca 0.510 panda gorilla 0.480
mink chinchilla 0.491 mink chinchilla 0.492 mink chinchilla 0.500 koala panda 0.475
wolf zebra 0.478 boar weasel 0.462 boar weasel 0.467 hippo panda 0.460
raccoon opossum 0.473 dingo cat 0.430 stallion otter 0.436 boar mule 0.457
boar weasel 0.454 stallion otter 0.423 dingo cat 0.431 leopard cheetah 0.452
ferret cat 0.443 raccoon opossum 0.421 ferret cat 0.424 ant wasp 0.434
dingo cat 0.419 ferret cat 0.417 boar aardvark 0.422 mink chinchilla 0.423
stallion otter 0.414 goat lamb 0.408 raccoon opossum 0.421 vole rat 0.423
goat lamb 0.405 bison elk 0.398 goat lamb 0.408 gerbil rat 0.421
bison elk 0.404 dingo boar 0.389 bison elk 0.399 goat cow 0.418
bird fish 0.394 bird fish 0.376 dingo boar 0.389 goat lamb 0.417
dingo boar 0.387 whale otter 0.369 whale otter 0.377 llama vicuna 0.416
deer bison 0.374 boar aardvark 0.363 bird fish 0.374 opossum squirrel 0.409
whale otter 0.372 gerbil cat 0.357 lamb chicken 0.360 orangutan gorilla 0.408
boar aardvark 0.368 parakeet cat 0.354 deer bison 0.359 raccoon opossum 0.404
gerbil cat 0.366 lamb chicken 0.351 gerbil cat 0.358 deer bison 0.402
opossum squirrel 0.358 deer bison 0.349 parakeet cat 0.357 lamb chicken 0.398
chipmunk opossum 0.357 deer elk 0.343 parrot squirrel 0.351 elk mule 0.395
lamb chicken 0.350 moth wasp 0.336 koala kangaroo 0.350 chipmunk rabbit 0.392
deer elk 0.349 stallion lion 0.333 stallion lion 0.346 kangaroo platypus 0.380
parakeet cat 0.345 burro mule 0.328 deer elk 0.341 ant moth 0.377
doe zebra 0.343 llama vicuna 0.328 moth wasp 0.336 sheep cow 0.373
bird parrot 0.341 dingo burro 0.323 bird parrot 0.335 raccoon mule 0.372
bird squirrel 0.340 whale fish 0.323 burro mule 0.329 gerbil hamster 0.368
burro mule 0.339 elk mule 0.320 llama vicuna 0.328 bison elk 0.365
moth wasp 0.337 weasel burro 0.319 elk mule 0.325 chipmunk opossum 0.365
whale fish 0.337 chipmunk opossum 0.318 finch parakeet 0.324 orangutan koala 0.353
sheep goat 0.328 finch parakeet 0.317 dingo burro 0.323 opossum mule 0.350
deer squirrel 0.325 puma stallion 0.313 whale fish 0.323 llama gnu 0.347
elk mule 0.324 sheep goat 0.312 puma stallion 0.322 dolphin fish 0.343
stallion lion 0.324 doe zebra 0.306 weasel burro 0.322 cat kitten 0.342
llama vicuna 0.319 otter fish 0.306 chipmunk opossum 0.320 hippo orangutan 0.342
raccoon muskrat 0.317 hare opossum 0.303 cougar jaguar 0.313 hare opossum 0.329
dingo burro 0.316 cougar jaguar 0.300 gerbil hamster 0.313 hog robin 0.327
finch parakeet 0.310 opossum squirrel 0.298 sheep goat 0.311 koala kangaroo 0.326
otter fish 0.310 raccoon muskrat 0.298 hare opossum 0.304 leopard lion 0.326
weasel burro 0.308 koala kangaroo 0.297 otter fish 0.304 hamster rat 0.323
gerbil rat 0.307 gerbil rat 0.296 parrot parakeet 0.301 colt ram 0.322
raccoon mule 0.303 bird parrot 0.295 opossum squirrel 0.300 panda cheetah 0.322
deer bird 0.302 deer squirrel 0.294 deer squirrel 0.298 raccoon muskrat 0.322
puma stallion 0.302 bird squirrel 0.292 gerbil rat 0.298 kitten dog 0.312
ferret dog 0.301 raccoon mule 0.289 hippo panda 0.298 koala impala 0.311
bird otter 0.300 gerbil hamster 0.288 raccoon muskrat 0.298 lizard snake 0.310
parrot squirrel 0.298 bird otter 0.287 bird squirrel 0.295 boar opossum 0.306
sheep bison 0.298 whale lion 0.285 whale lion 0.295 sheep robin 0.306

Table 2. Top 50 pairs using four different sets of features
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cluster 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15
initial set – camel weasel cougar beaver bulldog gerbil puma gopher dingo hippo duck bull armadillo jackal hare
3000 goat elephant colt walrus hog chipmunk leopard ant koala lemur fawn hedgehog dinosaur shrew boar
dimensions pig frog steer mink sheep hamster hyena moth wombat orangutan polarbear ox lizard impala raccoon

llama newt stallion dolphin robin rabbit warthog wasp kangaroo baboon sloth bat grizzlybear sealion elk
lamb wolf mare seal deer human rhinoceros crow platypus mole cat buffalo toad eland opossum
gnu woodchuck ram bird bison vole lion panda kitten fox iguana bear badger
vicuna panther jaguar whale yak parrot cheetah groundhog dog doe ferret mouse squirrel
alpaca chinchilla cow finch tiger gorilla snake skunk
burro otter reindeer parakeet aardvark mule
ostrich fish chameleon zebra muskrat
chicken rat ocelot

after PCA, 50 bull bat dolphin cougar colt frog cat pig beaver camel hippo panda duck buffalo hog
dimensions deer tiger whale dinosaur steer bear dog rabbit mink goat dingo lion bird fox sheep
retained bison panther fish ant ram human seal lamb puma gorilla chicken wolf robin

elk moth jaguar rat otter cow gopher
snake doe bulldog

gerbil
lemur
armadillo
leopard
walrus
orangutan
hare
boar
weasel
stallion
jackal
fawn
hedgehog
ox
mare
elephant
chipmunk
hamster
koala
raccoon
hyena
baboon
llama
shrew
impala
lizard
newt
wombat
yak
polarbear
sealion
vole
mole
warthog
grizzlybear
rhinoceros
parrot
opossum
groundhog
gnu
finch
badger
parakeet
chameleon
woodchuck
eland
vicuna
chinchilla
sloth
kangaroo
squirrel
toad
iguana
alpaca
wasp
platypus
cheetah
burro
ferret
skunk
mule
ostrich
kitten
crow
aardvark
zebra
mouse
ocelot
muskrat
reindeer

Table 3. Results of k-means clustering before and after principal components analysis
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Measure Correlation
Cosine, log-likelihood -0.154
Cosine, pointwise mutual information -0.193
Unscaled log-likelihood statistic -0.127
Scaled log-likelihood statistic -0.246
WordNet 0.189

Table 4. Correlations of individual measures

No. of pairs λ α β γ Correlation
136 1 0.2 4.8 2.3 -0.264
69 1 0.2 4.8 2.3 -0.197
69 .05 3.0 5.5 1.5 -0.208

Table 5. Correlations of combined measures

correlating them with the mean latency, making the assump-
tion that there is a correlation between mean latency and se-
mantic relatedness. A better method would be to obtain hu-
man ratings of relatedness, and use them to both test the as-
sumption of correlation between mean latency and related-
ness, as well as to evaluate the various measures of semantic
relatedness. However, we did not have the resources to ob-
tain human ratings. We computed correlations based on the
136 pairs of words that occurred in our time-aligned dataset.
We only computed pointwise mutual information for a sub-
set of 69 pairs, so any measure that includes pointwise mu-
tual information was correlated with only the subset. Because
they were correlated with different sets of word-pairs, mea-
sures including pointwise information are not directly com-
parable with measures that exclude. Despite this issue, the
data yielded some interesting insights. Table 4 shows the
correlation for individual measures. Table 5 shows the cor-
relations for measures combined according to the model de-
scribed above. Parameter values were estimated through trial
and error, by varying each parameter until a maximum cor-
relation was achieved, and then varying each additional pa-
rameter in the same way. Note that when λ is set to 1, the
pointwise mutual information measure is excluded.

The correlation of the combined measure including all
four measures cannot be directly compared to the correla-
tion of the combined measure including three measures for
the set of 136 pairs, but given that it performs better than the
three-measure combination for the subset, it would be worth
obtaining the PMI measures for the set of 136. We would ex-
pect that a four-measure combination for the set of 136 pairs
would perform better than the three-measure combination and
thus achieve a correlation greater than -0.264. Interestingly,
scaled co-occurrence by itself performs nearly as well as the
combination, although the combination does achieve higher
correlation. None of the measures has particularly high corre-
lation, but there are a number of issues with the available data,
and there are ways to refine the measures used. As discussed
earlier, there are numerous alternate WordNet measures and

measures of vector distance, some of which may perform bet-
ter than the ones we used. A more effective method of reduc-
ing the dimensionality of the vectors would probably also in-
crease the correlations. Finally, our data for calculating mean
latency were quite sparse for many pairs of words, there was
only one observation. More data are required in order to de-
termine whether there is a meaningful correlation between
mean latency and semantic relatedness.

4. DISCUSSION

Multiple theories of verbal fluency, and related approaches
to scoring verbal fluency tests, have been put forth by re-
searchers. Two key theories are proposed by Troyer [1] and
Mayr and Kliegl [8]. The main difference between them is
their differing views of the role of executive functions in se-
mantic verbal fluency. Both approaches have developed mea-
sures that show statistically significant differences between
healthy participants and patients with various brain disorders
including dementia and ADHD. Our work shows that it is pos-
sible to develop automated approaches to scoring that support
both of the major theories.

We believe that incorporating latency data and an objec-
tive measure of semantic relatedness, whether derived from
ratings by human subjects, or by methods using large corpora
and/or taxonomies, will enable new ways of scoring and in-
terpreting the test can be developed that may prove useful in
future research. For example, looking at latency appears to be
useful in determining whether a given production represents
a switch when using the Troyer scoring system, which may
help to achieve greater accuracy and objectivity in counting
switches.

Given that the validity of Troyer’s model of verbal fluency
performance is in question, and the various issues that have
been raised about the constructs of clustering and switching,
constructing an index of semantic relatedness provides an al-
ternative method of evaluating performance on the test that is
consistent with at least one of the major alternative theories
of verbal fluency, that of Mayr and Kliegl.

Reverberi et. al. [9] did use an index of semantic relat-
edness. They did not find statistically significant differences
between controls and frontal patients on this measure, but did
find a robust trend. This result is promising and supports the
idea that semantic relatedness could be useful in looking at
other illnesses, such as ADHD.

Our measures also enable new possibilities for scoring
and interpreting the verbal fluency test. For example, if partic-
ipants produce results that have similar semantic relatedness
but different timing characteristics that could be indicative of
disturbances in brain functioning. Incorporating timing also
allows for more sophisticated analysis such as looking at pat-
terns of when exemplars are produced. For example, two par-
ticipants might produce the same number of words, but one
could produce most of them in the first half of the test period,
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whereas the other might produce them such that they more
evenly distributed throughout the allotted time period.

5. FUTURE WORK

Our results are promising, but much work remains to be done.

5.1. HMM Tagger

Following are areas for further work:

1. Refine the model by incorporating additional data and
extending to a 2nd-order model.

2. If additional hand-labeling will be done, develop writ-
ten guidelins for labeling, including establishing a de-
fault tag for each animal, to ensure consistent results.

3. Investigate the use of more sophisticated smoothing meth-
ods for handling unseen data.

4. Determine whether the HMM tagger can detect the use
of task-discrepant clustering with a better model. If not,
develop an algorithm to do so.

5.2. Semantic Relatedness

There are a number of areas for further work in developing a
semantic relatedness measure:

1. Improve the existing vector-space measures.

(a) Refine method of extracting sentential co-occurrence
data from the corpus.

i. Enhance the Porter Stemmer to merge vari-
ants of words that the base version doesn’t
(e.g. Australia, Australian, Australia’s).

ii. Expand the stop list to filter out additional
words in order to reduce the dimensionality
of the vectors.

iii. Enhance the algorithm used to extract data
from the corpus to detect collocations such
as ”sea lion” or ”grizzly bear”.

(b) Principal Components Analysis does not appear
to be a good approach to reducing dimensionality.
Validate this preliminary conclusion and research
other methods of reducing dimensionality. One
possibility would be to remove one feature at a
time, evaluate the remaining features using some
fitness function, and drop the removed feature if
the fitness function improves.

2. Test other measures of distance in vector space in addi-
tion the cosine of the angle between vectors.

3. Validate the use of z-scores to standardize data in order
to combine measurements that are in different units.

4. Investigate incorporating measures based on syntactic
relations in addition to sentential co-occurrence.

5. Obtain human judgments of semantic relatedness for at
least a subset of the animal pairs observed in the initial
dataset, so that the various measures of semantic relat-
edness can be evaluated against a gold standard.

6. Test additional WordNet based measures.

5.3. Time-based measures

Following are areas for further work relating to time-based
measures:

1. Although we believe that time-based measures could be
useful for classification, we did not have sufficient data
to determine this, so this would be an important area
for future work.

2. We used a latency threshold to determine whether a
transition was a switch in ambiguous cases. Further
work is needed to validate this approach and to develop
a better method for determining the best value of the
threshold.

3. Finally, we believe that there is a correlation between
latency and semantic relatedness. It would be useful
to obtain human judgments of relatedness of the set of
animal pairs observed in a larger time-aligned dataset
than was available to us, in order to test this hypothesis.
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