
A Computational Linguistic Measure of Clustering Behavior on 
Semantic Verbal Fluency Task Predicts Risk of Future Dementia 
in the Nun Study

Serguei V.S. Pakhomov1 and Laura S. Hemmy2,3

1University of Minnesota Center for Clinical and Cognitive Neuropharmacology

2Department of Psychiatry, University of Minnesota, MN

3Geriatric Research Education and Clinical Center (GRECC), Minneapolis VA System

Abstract

Generative semantic verbal fluency (SVF) tests show early and disproportionate decline relative to 

other abilities in individuals developing Alzheimer’s disease. Optimal performance on SVF tests 

depends on the efficiency of using clustered organization of semantically related items and the 

ability to switch between clusters. Traditional approaches to clustering and switching have relied 

on manual determination of clusters. We evaluated a novel automated computational linguistic 

approach for quantifying clustering behavior. Our approach is based on Latent Semantic Analysis 

(LSA) for computing strength of semantic relatedness between pairs of words produced in 

response to SVF test. The mean size of semantic clusters (MCS) and semantic chains (MChS) are 

calculated based on pairwise relatedness values between words. We evaluated the predictive 

validity of these measures on a set of 239 participants in the Nun Study, a longitudinal study of 

aging. All were cognitively intact at baseline assessment, measured with the CERAD battery, and 

were followed in 18 month waves for up to 20 years. The onset of either dementia or memory 

impairment were used as outcomes in Cox proportional hazards models adjusted for age and 

education and censored at follow up waves 5 (6.3 years) and 13 (16.96 years). Higher MCS was 

associated with 38% reduction in dementia risk at wave 5 and 26% reduction at wave 13, but not 

with the onset of memory impairment. Higher (+1 SD) MChS was associated with 39% dementia 

risk reduction at wave 5 but not wave 13, and association with memory impairment was not 

significant. Higher traditional SVF scores were associated with 22–29% memory impairment and 

35–40% dementia risk reduction. SVF scores were not correlated with either MCS or MChS. Our 

study suggests that an automated approach to measuring clustering behavior can be used to 

estimate dementia risk in cognitively normal individuals.
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Introduction

Tests of phonemic and semantic verbal fluency are widely used in the assessment of 

individuals with memory complaints and in the clinical diagnosis of Alzheimer’s disease 

(AD). Patients are asked to generate as many words as they can either starting with a certain 

letter of the alphabet (phonemic fluency) or belonging to a certain semantic category 

(semantic fluency). The performance on the semantic verbal fluency (SVF) test is typically 

measured by counting the number of correct words spoken by the patient in one minute. 

Although individual performance on both the phonemic and semantic fluency tests is 

impaired in individuals with AD, semantic performance is significantly more affected than 

phonemic early in the disease course. Deficits evident on SVF have been shown to be 

sensitive and specific in differentiating between healthy controls and patients with AD 

(Canning et al., 2004) and have been found to be predictive of the development of AD in 

people with memory complaints prior to a clinical diagnosis (Fagundo et al., 2008), as well 

as progression of healthy individuals to mild cognitive impairment (MCI) and dementia 

(Loewenstein et al., 2012). In addition to clinical use, these relatively simple to administer 

tests of verbal fluency have been used extensively as part of standard neuropsychological 

test batteries to study cognitive effects of dementia (Gorno-Tempini et al., 2004; Hodges et 

al., 2004; Knopman et al., 2008; Libon et al., 2007). In particular, SVF deficits have been 

widely reported in patients with various stages of AD and MCI (Chan et al., 2001; Ober et 

al., 1986; Rosen, 1980; Troyer et al., 1998) and often show early and disproportionate 

decline relative to other language, attention, and executive abilities (see Lezak, (2004), and 

Henry et al., (2004) for review).

Originally proposed by Troyer et al. (1997), additional qualitative metrics that examine the 

degree to which SVF responses are organized into groups of semantically related words 

(semantic clusters) and the frequency of transitions between these groups (switches) have 

also been extensively studied. Successful overall performance on the SVF test depends to a 

large extent on how well semantic information is organized into conceptually related 

clusters and whether one is able to use an efficient strategy that accesses these clusters 

during the test (Estes, 1974; Hodges and Patterson, 1995; Laine, 1988). The size of semantic 

clusters and the efficiency of switching from one cluster (after it has been exhausted) to 

another have been found to have different neuroanatomical correlates (Rich et al., 1999; 

Troyer, 2000; Troyer et al., 1997). Semantic cluster size was found to be associated with the 

left temporal lobe, whereas the processing associated with switching was associated more 

with the function of the frontal lobe. These studies suggested that cluster size and the 

amount of switching between clusters may index the strength of associations in the patient’s 

lexical-semantic networks.

Studies of clustering and switching in AD also found smaller and fewer clusters produced on 

this task by people clinically diagnosed with AD (Ober et al., 1986; Rosen, 1980; Troster et 
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al., 1998; Troyer et al., 1998) and significantly fewer switches (Raoux et al., 2008) than by 

healthy controls. The latter finding is not surprising as the number of switches in a time-

limited task such as the SVF test is likely to be highly correlated with the total number of 

words produced on the test. This is particularly true of approaches such as the original 

Troyer et al. (1997) methodology in which single words unrelated to adjacent words are 

counted as clusters of zero size. This approach results in discounting these “singleton” 

clusters in the computation of the mean cluster size but not the number of switches for any 

given SVF sample. When participants tend to produce small clusters, and a switch is defined 

as a transition between any two clusters (even those consisting of a single word), the number 

of switches is likely to be highly correlated with the total number of words produced, and 

thus not very informative. An alternative measure that normalizes the raw number of 

switches by the total number of words produced was proposed but was not found to add 

meaningful information (Troster et al., 1998).

Subsequent studies that examined clustering and switching performance in less impaired 

individuals with memory complaints (e.g., MCI) consistently found significant differences 

between healthy controls and MCI participants on the traditional SVF score and switching, 

but not so with cluster size. For example, Raoux et al. (2008) examined a set of 153 

participants including 51 incident cases of AD at 2 and 5 years prior to diagnosis. 

Significant cross-sectional differences between controls and the incident AD cases were 

found at all three time points in the traditional SVF score and the number of switches, but no 

difference was found in mean cluster size. In contrast, a recent study by Price et al. (2012) 

examined a group of 33 amnestic MCI participants matched on age, education and IQ with 

33 healthy controls, and found significant differences in both the traditional SVF score and 

mean cluster size measures. Both of these studies calculated the cluster sizes according to 

Troyer et al. (1997) guidelines with one major difference, however. Rosen’s study excluded 

repetitions from the calculation of cluster sizes, whereas Price’s study followed Troyer’s 

methodology more strictly and inlcuded all repetitions and errors in computation of clusters. 

It is unclear at this point if the inclusion/exclusion of repetitions in cluster size determination 

is responsible for the inconsistency in the results and conclusions; however, this is a good 

example where the qualitative nature of the methodology is a problem that we are 

attempting to address with automation in the present study.

All prior studies of clustering and switching in relation to dementia have relied on subjective 

assessments of semantic similarity between at least two (Rich et al., 1999; Troyer et al., 

1997; Troyer et al., 1998) or three (Laine, 1988) adjacent words to define clusters. For 

example, the qualitative assessment proposed by Troyer et al. (1997) relies on manual 

determination if adjacent words belong to a top-level subcategory (e.g., zoological 

categories, human use, and living environment) with further more fine-grained 

subcategorizations (e.g. living environment category composed of African, Australian, 

Arctic/Far North, Farm, North American and Water Animals). In addition to their 

subjectivity, these manual approaches are time consuming and are difficult to implement and 

standardize, which may be responsible for some of the conflicting results obtained with 

these methods. Automated, computerized approaches to the assessment of clustering and 

switching behavior may help address some of the issues with qualitative approaches.
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Independent of the efforts of neurologists and neuropsychologists, workers in the field of 

computational linguistics have developed a number of fully automated approaches to 

representing the degree to which any two words in a given language are semantically related 

(Pedersen et al., 2007; Rada et al., 1989; Resnik, 1998). Many of these approaches utilize 

variations on a technique called Latent Semantic Analysis (LSA: (Landauer, 2006; Landauer 

and Dumais, 1997)). This approach is described in detail in the Methods section. In brief, 

LSA relies on the co-occurrence of words in a large corpus of text consisting of newspaper 

articles, books, speeches and other sources of typical word usage, to represent the semantic 

content of a word or a term as a set of co-occurrence counts with other words used in the 

same context. These semantic representations can then be directly compared to each other to 

assign a numeric value indicative of the strength of semantic relatedness between them.

The objective of the current study was to determine if LSA-based automation of the 

assessment of clustering and switching behavior on SVF tests can produce measurements 

associated with the risk of developing dementia. We hypothesized that traditional manual 

approaches to determining the size of semantic clusters may be limited in their ability to 

capture the richness of associative semantic relations between concepts. Manual approaches 

are inherently constrained to relying on relatively small and artificial categorization schemes 

that are categorical rather than continuous in nature, and may not be granular enough to 

represent the nuances of associations between concepts in the mind of any given individual. 

Increasing the granularity of manual categorization schemes for natural language semantics 

inevitably leads to worsening of reliability of semantic relatedness judgments made based on 

these categorization schemes (Poesio and Vieira, 1998), thus imposing a practical limitation 

on the granularity of categorization. Automated approaches that utilize large text corpora of 

word usage in a given language are promising in that they can provide fine-grained and/or 

continuous scale measurements of the strength of semantic associations between concepts. 

Furthermore, apart from automation, our study is also different from prior attempts at 

examining the relationship between clustering and switching behavior and dementia in that 

we use a large longitudinal sample with longer follow up time than previously reported to 

determine if clustering measures predict future dementia and memory problems.

Methods

Participants

All data were obtained as part of a Human Studies IRB approved protocol for the University 

of Minnesota Nun Study. The Nun Study is a longitudinal study of aging in 678 U.S. School 

Sisters of Notre Dame aged 75+ years. The participants in the Nun Study underwent 

cognitive assessments at regular intervals (waves of approximately 18 months) for up to 20 

years of follow up. Participants in the current study were limited to those sisters with two or 

more evaluation time points and intact cognitive function at baseline evaluation, resulting in 

a set of 239 subjects.

Cognitive Assessments

All participants underwent the standard Consortium to Establish a Registry for Alzheimer’s 

Disease (CERAD) neuropsychological test battery and Mini-Mental State Examination 

Pakhomov and Hemmy Page 4

Cortex. Author manuscript; available in PMC 2015 June 01.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



(MMSE). The CERAD battery included the semantic verbal fluency test (“animals” 

category). Participant responses on this test were recorded by the test examiner on a 

psychometric sheet that was subsequently used to calculate the traditional SVF score as the 

number of correct words excluding repetitions, intrusions and perseverations. However, all 

words recorded on psychometric sheets including errors and repetitions were used in 

calculating cluster size as detailed in the following section.

In addition to the SVF test, each CERAD assessment included a 10-item word list learning 

task and delayed free recall test designed to assess memory impairment (Fillenbaum et al., 

2008). Performance on this test with a cutoff of 5 words on delayed free recall (WRCL) was 

used to define onset of future memory impairment. Risk of memory impairment was one of 

the two outcomes used in proportional hazards modeling. The other outcome was risk of 

Diagnostic and Statistical Manual (DSM-IV) dementia (American Psychiatric Association., 

2000), operationalized in the Nun Study as the presence of memory impairment, impairment 

in at least one other cognitive domain, and impairment on performance-based measures of 

functional ability (activities and instrumental activities of daily living). For both of these 

outcomes, two censor variables were created – one at wave 5 and one at wave 13 – resulting 

in four censor variables total.

Automated Semantic Relatedness Computation

We followed the methodology described in Troyer et al. (1997) to determine the size of 

clusters, but substituted automated quantitative semantic relatedness assessments for 

qualitative judgments. To compute semantic relatedness between pairs of words, we relied 

on LSA. In order to compare the meanings of any given pair of words, we first represent the 

semantic content of each word as a set of other words found in the same context as the target 

word in a collection of texts. We chose Wikipedia entries as a convenient and relatively 

complete source of textual co-occurrence information in definitions of animal names. For 

example, the meaning of the word “tiger” is represented as a set of all other words that are 

found in the Wikipedia entry for “tiger” after exclusion of function words (e.g., the, he, she, 

it, on, at, etc.) including: “panthera”, “tigris”, “largest”, “cat”, “species”, “most”, 

“recognizable”, “feature”, “pattern”, “dark”, “vertical”, “stripes”, “reddish”, “orange”, “fur”, 

“Russia”, “Bangladesh”, “India”, “siberian”, “asia”, among others. Similarly, the meaning 

for the word “lion” contains words “panthera”, “leo”, “four”, “big”, “cats”, “genus”, 

“panthera”, “second”, “largest”, “living”, “cat”, “tiger”, “currently”, “exist”, “subsaharan”, 

“Africa”, “asia.” Of course, the Wikepidia entries also contain many words irrelevant to 

comparing the meanings of the target words that need to be filtered out prior to the 

comparison. Furthermore, in some cases, it is useful to take advantage of the fact that a 

given pair of words may not appear in the same context but may still be linked through their 

co-occurrence with a third word. For example, the words, “tigris” and “leo” may never occur 

in the same Wikepedia entry but the word “tigris” co-occurs with “pantera” and so does the 

word “leo”, thus forming a latent semantic association. LSA is a computational technique 

that operates by constructing a co-occurrence matrix for all words found in a given corpus of 

text (e.g., Wikipedia) and applying a variant of principal components analysis to filter out 

irrelevant words (dimensions) through singular value decomposition and to identify latent 

semantic associations between the words.
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Applying LSA to Wikipedia entries for all animal names that were produced by the 

participants in our study resulted in representing each animal name as a vector in N-

dimensional semantic space (described in more detail in the Results section). We then used 

the resulting vectors to compare pairs of animal names in this N-dimensional space by 

computing the cosine of the angle between the vectors. The cosine value ranges from -1 

showing that the two vectors are at a 180 degree angle, (i.e., they are pointing in opposite 

directions), to zero corresponding to a 90 degree angle, (i.e., the two vectors are orthogonal), 

to 1 - zero degree angle (i.e., the two vectors are pointing in exactly the same direction). 

These cosine values between vectors in the N-dimensional semantic space can be interpreted 

in terms of semantic relatedness between the words that the vectors represent. We use the 

cosine values to compute measures of clustering behavior on responses to SVF test, as 

described in the next two sections.

Automatic Determination of Clusters in SVF responses

Based on the semantic relatedness tools described in the previous section, we developed an 

automated approach that follows the clustering and switching analysis introduced by Troyer 

et al. (1997) as closely as possible. Troyer and colleagues calculated cluster size by starting 

to increment the count of words in the cluster from the second word in the cluster, which 

makes the size of single-word clusters equal to zero. Thus, the size of two-word clusters was 

one, three-word clusters – two, and so on. Errors and repetitions were included. The mean 

clusters size was calculated by averaging the sizes of individual clusters. The lists of animals 

semantic in categories and subcategories used in the manual determination of clusters are 

too long to be repeated here but can be found in the Appendix to the original Troyer et al. 

(1997) publication. The only significant departure from Troyer’s approach in the current 

implementation is that the qualitative human judgments of whether any given pair of words 

belongs to the same semantic category are replaced by quantitative semantic relatedness 

scores dichotomized with a threshold of 0.90 to identify very closely related pairs (i.e., their 

semantic vectors point almost in the same direction). Thus, if the relatedness value between 

two words exceeds this threshold, the words (or to be more precise, the animal senses of 

these words) are treated as belonging to the same cluster. The relatedness threshold of 0.9 

was based on the desire to have a starting point which eliminates as much potential noise 

from clustering as possible and only retain those pairs of animals that are clearly highly 

related – i.e. maximize the specificity, perhaps at the cost of sensitivity. To arrive at this 

threshold, we considered the distribution of all LSA-derived relatedness values on all pairs 

of animals in the participants’ responses. The threshold of 0.9 represents relatedness values 

in the top 10% of all computed values. The rest of clustering and switching computation was 

exactly the same as described by Troyer et al. (1997). It should be noted that we followed 

Troyer’s methodology to make our results interpretable in light of the prior work that also 

relied on this methodology; however, automated computation of semantic relatedness 

enables further experimentation with modified approaches. Based on this automated 

approach to determining semantic clusters, we computed two measures: mean cluster size 

(MCS) and mean chain size (MChS). The former is the mean size of groups of words in 

which the value of LSA-based semantic relatedness between each word and all other words 

in the group is above the 0.9 threshold. The latter is the mean size of groups of words in 

which each word is closely related only to its immediate neighbors.

Pakhomov and Hemmy Page 6

Cortex. Author manuscript; available in PMC 2015 June 01.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



Validation of automated semantic relatedness measures

LSA relies on a number of parameters that can influence the resulting relatedness values 

between pairs of words. Two parameters are most important: a) choice of a corpus of textual 

data to obtain co-occurrence counts, and b) choice of the number of latent semantic 

dimensions (Landauer, 2006). For this study, we limited the choice of text corpus to 

Wikipedia entries for animals combined with a method for finding the optimal number of 

dimensions that relies on calculating the proportion (share) of the sum of singular values for 

the first N dimensions to the total sum of singular values for all dimensions. The number of 

dimensions for LSA computation is difficult to estimate a priori. As described in detail in 

Quesada ((2011), p. 82), unlike other related techniques such as multi-dimensional scaling, 

LSA does not currently have a internal criterion or a theoretical way of determining the most 

optimal number of dimensions. Therefore, we followed the recommended practice for 

empirical determination of dimensionality using an external criterion. To do this we 

compared the ratings between pairs of words produced by the LSA methods to manual 

assessments reported in an independent study conducted by Weber and colleagues (Weber et 

al., 2009). In that study, manual ratings were produced by twelve participants on all possible 

pairs of nine animals: bear, camel, cougar, dolphin, elephant, giraffe, hippopotamus, horse, 

lion. The animal names were presented on 36 stimulus cards along with the photographic 

images of the animals but the participants were instructed to rank the pairs based on 

conceptual (i.e., semantic) rather than visual similarity. The study found that the mean 

similarity scores computed based on these ratings were correlated with the similarity in 

hemodynamic response patterns obtained with fMRI imaging using the photographs of the 

animals as stimuli (r = 0.65, p < 0.001; p. 863). Thus, this dataset represents a 

neurophysiologically validated reference standard that was used in the present study for the 

purpose of independent testing of the semantic similarity measurements.

While the LSA-based approach used in the current study is designed to produce associative 

relatedness rather than similarity measurements, semantic similarity can be viewed as a 

special case of relatedness. For example, in the mind of a person making the judgments, 

animals that are related by association may not necessarily be viewed as similar (e.g., cat 

and mouse); however, animals that are considered similar are highly likely to form an 

associative relationship (through their physical appearance, if nothing else). Thus, we 

believe that, with respect to the animals category, Weber’s dataset is well suited to estimate 

how well the LSA-based methodology represents human relatedness judgments without 

having to make a formal distinction between similarity and relatedness. The entire dataset 

with manually obtained semantic similarity scores is available as an Appendix in Weber et 

al.’s (2009) publication.

Statistical Analyses

Cox proportional hazards models were used to examine the effect of baseline verbal fluency 

performance variables on the relative risk of memory impairment and dementia outcomes. 

All models were adjusted for baseline age and years of education. The predictor variables 

(traditional SVF score, MCS, and MChS) were converted to z-scores in order to facilitate 

interpretation of the results and comparisons between measurements produced on different 

scales. Cross-sectional associations between variables at the baseline assessment were tested 
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using Pearson correlation. Adjustments for multiple testing were made using the Holm 

method (Holm, 1979). Statistical analyses were performed using SPSS statistical software.

Results

Demographic and Baseline Characteristics

The demographic characteristics of the 239 study participants are presented in Table 1. In 

general, participants were older (M age 80.73, SD 3.98) and more educated (M years of 

education 16.96, SD 1.62) than the general population. The mean baseline MMSE (M 28.39, 

SD 1.60), WRCL (M 7.06, SD 1.39) and traditional SVF (M 18.05, SD 4.75) scores were all 

within normal limits according to published age- and education-based normative data (Beeri 

et al., 2006; Crum et al., 1993). The mean follow up times elapsed between the baseline 

assessment and waves 5 and 13, along with the censor variables used in Cox modeling are 

shown in Table 2.

Memory Impairment and Dementia Risk

The results of modeling of memory impairment and dementia risk using Cox proportional 

hazards models adjusted for age and education are presented graphically in Figure 1 and in 

Table 3. Overall, memory impairment was detected in 24.4% of the participants by 5 waves 

of follow up and 43% by 13 waves. Dementia was diagnosed in 17% of the participants by 5 

waves of follow up and 35% by 13 waves of follow up. Prior to adjustment for multiple 

testing, the standard SVF score was found to be a significant predictor of both future 

memory impairment and dementia at 5 and 13 waves of follow up. The MCS and MChS 

measures were also significant predictors of risk, but only for dementia, not memory 

impairment. Including MCS or MChS as a covariate along with the SVF score, age and 

education did not show these variables (MCS or MChS) to be significant predictors – only 

the raw SVF score and age were significant in these models. Testing MCS and MChS for 

interaction with the SVF score did not produce significant results either. Only SVF, MCS 

and MChS variables included in models predicting onset of dementia at 5 and 13 waves 

survived the adjustment for multiple testing.

Correlations Between Assessments

The correlation between the SVF score and both MCS and MChS was small and non-

significant (r = 0.08, p = 0.19 for SVF vs. MCS and r = 0.04, p = 0.54 for SVF vs. MChS). 

MCS was weakly but significantly correlated with WRCL scores at baseline assessment (r = 

0.14, p = 0.04). The correlation between MChS and WRCL scores was also weak and not 

significant (r = 0.12, p = 0.07). The SVF score was more strongly correlated with WRCL (r 

= 0.27, p < 0.001). No other correlations were found between SVF test–related variables and 

either MMSE or WRCL.

LSA Dimensionality Evaluation

The number of dimensions for LSA was calculated using a threshold at the first position in 

the descending sequence of singular values where the ratio of their sum to the total sum of 

all singular values met or exceeded 0.2 – roughly 20% of all possible dimensions available 

during singular value decomposition step of LSA. In our case, this thesholding method 
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resulted in 30 dimensions. A scatter plot illustrating the relationship between manual and 

LSA-based values obtained with 30-dimensional LSA is shown in Figure 2. The correlation 

between LSA-based semantic relatedness values manually determined similarity values in 

the Weber’s dataset was in the moderate range (r = 0.65, p < 0.01).

Discussion

The current study is one of the first to demonstrate the use of a fully automated 

computational linguistic technique to assess semantic clusters in SVF responses predictive 

of future cognitive impairment. We tested the hypothesis that clustering of responses 

produced on the SVF test based on automatically computed pairwise semantic relatedness 

measures is associated with risk of dementia and memory impairment. We tested this 

hypothesis in a large longitudinal sample of participants in the Nun Study that were 

cognitively intact at the baseline assessment. Our results show that the size of semantic 

clusters and chains identified with an automated technique are significantly associated with 

the risk of dementia but are not significantly associated with risk of memory impairment. 

For every positive standard deviation change in the size of semantic clusters, the risk of 

developing dementia in initially intact individuals is reduced by 38% in the next 6 years 

(wave 5 model) and 26% in the next 17 years (wave 13 model). Similarly, for every positive 

standard deviation change in the traditional SVF score, the risk of developing dementia is 

reduced by 40% in 6 years and 34% at 17 years. Although, the traditional SVF score as a 

predictor of dementia did not survive adjustment for multiple testing, we believe this finding 

is still meaningful in light of the fact that the variables chosen for analysis are well 

motivated by prior work and are unlikely to be spurious. Thus even with borderline 

statistical significance, from a clinical standpoint, the traditional SVF score and the 

measurements based on semantic relatedness are similar in terms of their ability to predict 

future dementia but different in their ability to predict future memory impairment. It is also 

worth pointing out that despite the similar relative risk estimates, the traditional SVF score is 

not correlated with either MCS or MChS suggesting that these measures reflect different 

underlying cognitive mechanisms or, perhaps, different aspects of the same cognitive 

mechanism that eventually becomes impaired in individuals that develop dementia and/or 

memory impairment.

The fact that cluster and chain size variables predict dementia risk but not risk of memory 

impairment, and the SVF score predicts both, may be due to the influence of an executive 

component of clustering behavior. Due to limitations of the early waves of cognitive testing 

in the Nun Study that did not include tests of executive function, we were not able to 

confirm this hypothesis using the present study sample. However, prior work on clustering 

and switching behavior in SVF tasks provides indirect evidence in support of this 

hypothesis. The initial formulation of clustering and switching measurements by Troyer et 

al. (1997) was proposed to disassociate the semantic from executive cognitive mechanisms 

involved in the SVF task. This two-component model has been subsequently criticized by 

Mayr and Kliegl (Mayr, 2002; Mayr and Kliegl, 2000). These authors maintain that the 

executive component is involved in both clustering and switching, and that clustering 

behavior without precise response latency information cannot be attributed solely to 

semantic memory function. Furthermore, in our own previous work, we used a similar 
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approach to computing semantic relatedness between words produced in response to the 

SVF task in a clinical AD sample for which a more extensive cognitive battery including 

assessment of executive function were available (Pakhomov et al., 2012). In that study, we 

showed that a measure of cumulative semantic relatedness, computed as the mean of 

pairwise relatedness values between all pairs of words produced in response to the SVF test, 

was strongly associated with executive function performance and less so with memory 

performance. Although the measure of cumulative semantic relatedness is not the same as 

the MCS and MChS measures tested in the current study, they are closely related by the 

nature of their computation. All other things being equal, the presence of larger clusters of 

closely related words in an SVF output would contribute to larger cumulative relatedness 

scores for that response set. Therefore, we believe the Pakhomov et al. (2012) study, in the 

context of other prior studies, provides indirect evidence in favor of linking MCS and MChS 

scores with executive function. Our findings are also consistent with prior work suggesting 

that impairment in verbal fluency in the preclinical phase of AD may reflect early deficits in 

both semantic memory and executive processing (Nutter-Upham et al., 2008; Raoux et al., 

2008). Multiple other studies also reported impairment in episodic memory and executive 

function in the early stages of AD dementia and MCI (Amieva et al., 2005; Backman et al., 

2005; Backman et al., 2004; Backman et al., 2001). Thus, a possible explanation for the 

pattern of results in our current study is that the association between risk of dementia and the 

size of the clusters produced in response to the SVF task reflects early stages of impairment 

in executive function and access to semantic representations more so than impairment in 

semantic representations themselves. In this context, the fact that the SVF scores predict 

both dementia and memory impairment suggests that the SVF score may better reflect both 

executive and semantic memory deficits, as would be expected based on prior work showing 

that optimal performance on this task depends on one’s ability to efficiently retrieve items 

from within semantically related groups of concepts as well as switch between these groups. 

In the current study, we found that MCS and MChS were significantly but weakly correlated 

with a memory task (word list delayed free recall), and the SVF score was more strongly 

correlated with this measure cross-sectionally at baseline. These results suggest that 

although memory is involved in the SVF task, its involvement may be captured by the 

different measures to different extents.

The MChS measure was found to be a significant predictor of dementia onset censored at 

wave 5 but not at wave 13; however, the relative risk estimates at wave 13 were consistent 

with those at wave 5. This dissociation is not likely to be due to the tendency towards 

producing single word “clusters” in SVF responses because single words unrelated to 

surrounding words would have the same negative effect on clusters and chains. This 

disassociation is more likely to be due to the fact that the MChS measure reflects an 

inherently “easier” behavior to accomplish as compared to MCS. To form a cluster, all 

words in that cluster have to be semantically closely related, whereas to form a chain, only 

the adjacent pairs of words have to be related. Thus, for example, a cluster of size 3 

indicates a much more homogeneous group than a chain of the same size. Therefore, MChS 

is likely to show more variability and be less powerful at discriminating between healthy 

aging individuals and those who developed dementia at a later stage.
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Our approach to clustering of animal names produced in response to the SVF task is based 

on extracting distributional statistics of words and their context in a corpus of text. As such, 

this approach may have a tendency towards quantifying the degree of associative relatedness 

between words, which is different from previous approaches to analysis of SVF tests that 

were more focused on assessing semantic similarity. Following Collins and Quillian’s model 

(Collins and Quillian, 1969), if determination of semantic similarity tends to involve a 

comparison between various properties or semantic features of the concepts denoted by the 

words, then it is likely to rely on semantic rather than episodic memory cognitive 

mechanisms, as defined by Tulving (1972). This does not necessarily mean, however, that 

associative semantic relatedness relies more on episodic rather than semantic memory. The 

relationship between semantic relatedness and similarity is that of unidirectional entailment 

– concepts that are similar are necessarily semantically related but not vice versa (Pakhomov 

et al., 2010; Resnik, 1999). Thus it is possible that while semantic similarity involves 

predominantly semantic memory, semantic relatedness may involve both cognitive systems. 

Clustering measures based on semantic relatedness may reflect early deficits in executive 

function supported by frontal brain regions that are involved in retrieval from both episodic 

and semantic memory (Buckner and Wheeler, 2001). This hypothesis offers an explanation 

for the differential pattern of predictive and cross-sectional relationships observed among 

the SVF performance metrics evaluated in our previous work and the current study.

Limitations and Strengths

Certain limitations must be acknowledged to facilitate the interpretation of the results 

obtained in this study. One weakness of our data set and participant definition is incomplete 

coverage of cognitive domains. The Nun Study baseline battery lacks a test of executive 

function. This limits our ability to rule out all possible cognitive impairments at baseline, 

and makes it difficult to correctly attribute the performance on the automated variables. The 

study sample also consists exclusively of Caucasian women; therefore, the results may not 

be readily generalizable to other populations. The current study evaluates performance on a 

single semantic category (i.e., animals) in the generative verbal fluency test. These results 

may not generalize to other commonly used categories such as fruits/vegetables and 

supermarket items and need to be tested further in longitudinal samples that contain SVF 

tests with more categories. Due to the large size of the dataset, we were not able to conduct a 

direct comparison between manual and LSA-based semantic relatedness and clustering 

computation using all possible pairs of animal names. Consequently, we did not examine 

any differences in predictive power of manual and automated methods. Another limitation is 

that, currently, we could not assess the test-retest reliability of clustering measures on SVF 

tests administered to the same person multiple times. The current study only focused on 

predicting future dementia and memory impairment based on a single baseline assessment; 

however, prior work on investigating the reliability of semantic and phonemic verbal 

fluency (Ho et al., 2002) has found that manual clustering and switching measurements 

remain stable over time (five annual assessments in a sample of patients with Huntington’s 

disease).

Our study also has a number of distinct strengths. The baseline sample is relatively large – 

239 participants. To our knowledge, the only other large longitudinal study comparable to 
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ours was conducted by Raoux et al. (2008) using the PAQUID1 study to derive a sample of 

153 participants. In addition to the large sample size, our study also has the advantage of 

longer follow up. Raoux et al. (2008) were able to perform retrospective analysis spanning 5 

years, while our study was based on 6 (wave 5) and 17 (wave 13) year follow up periods. 

However, unlike Raoux et al. (2008), our current data sample did not allow us to study the 

trajectory of change over time across the various assessment time points as we only had 

digital transcriptions of the SVF tests available from the baseline assessment. Going 

forward, we intend to convert the SVF test responses for all assessment periods to digital 

format enabling us to evaluate automated clustering analysis performance over time. 

Another strength is that, despite the lack of executive testing, our sample is well defined as 

cognitively normal (as opposed to simply “not demented”). The baseline cognitive 

performance of the participants in our study is within one standard deviation of 

ageappropriate normative data for all baseline measures available (verbal memory, 

constructional praxis, verbal fluency, confrontation naming, MMSE) and all participants 

were unimpaired on performance-based assessment of instrumental activities of daily living. 

Since LSA-based clustering assessments are computerized, there is no instrument variability 

associated with this approach; however, test-retest reliability of measuring clustering 

behavior of individuals in multiple assessments over time remains to be examined in future 

work.
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Figure 1. 
Relative risk estimates and 95% CIs obtained with Cox models for SVF score, MCS and 

MChS measures showing risk of future memory impairment and dementia at waves 5 and 

13. (SVF – semantic verbal fleuncy, MChS – mean chain size, MCS – mean cluster size)
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Figure 2. 
Scatter-plot illustrating the correlation between LSA-based relatedness judgments and 

manual ratings defined by the similarity of pairs of exemplars. The manual ratings were 

obtained from an independent study by Weber et al. (2009)
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Table 1

Baseline Assessment Characteristics for Study Participants

School Sisters of Notre Dame (N=239; all female)

Mean SD

Age 80.73 3.98

Years of education 16.96 1.62

Mini-Mental State Examination (MMSE) score 28.39 1.60

Delayed word recall score 7.06 1.39

Semantic verbal fluency (SVF) score 18.05 4.75

Mean Cluster Size (MCS) 0.66 0.33

Mean Chain Size (MChS) 0.67 0.35
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Table 2

Elapsed Time Variables in Years

School Sisters of Notre Dame (N=239; all female)

Waves Mean SD

Time to wave 5 assessment 6.30 0.53

Time to wave 13 assessment 16.96 0.53

Censor Variables

Time to Memory 5 censor 5.04 2.00

Time to Memory 13 censor 7.60 4.73

Time to Dementia 5 censor 5.27 1.88

Time to Dementia 13 censor 8.06 4.67
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