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swings, and depression occur. The moderate AD stage is 
characterized by trouble recognizing family and friends, loss 
of impulse control, and difficulty reading and writing. Severe 
AD occurs when the disease has spread to the entire cortex, 
at which point the patient cannot recognize their family and 
has difficulties swallowing and urinating. The most common 
cause of death from AD is respiratory illness (5-6).
	 Individuals with AD often have language impairments, 
including difficulties finding words, diminished vocabulary, 
anomia (difficulty retrieving words), echolalia (repetition of 
words and phrases), and verbal apraxia (inability to articulate 
words) (7-10).  Language deficits can lead to increased 
isolation, depression, and anxiety. In more moderate phases 
of the disease, the affected person is not able to remember 
their thoughts long enough to express them. They may 
repeat words, sounds, or sentences to make themselves 
understood. The most common types of linguistic impairments 
are vocabulary impairments. Individuals tend to substitute 
words with superordinate words and use circumlocutory 
speech (11). In addition, a reduction in semantic granularity 
(informativeness of a word) and an increase in semantic 
variability (conceptual closeness of successive words) can 
be observed as the disease progresses (12). AD patients 
were found to have significantly higher variability scores than 
healthy controls. AD patients also exhibited more use of low 
granularity words than healthy individuals (13). 
	 Seventy-five percent of AD cases worldwide are 
undiagnosed (14). However, patients who are diagnosed early 
can benefit more from clinical trials and lifestyle modifications 
to avoid risk factors, potentially delaying the progression of the 
disease (15). While there are also disease-modifying drugs 
available for AD, they are often are not effective in treating 
AD because the drugs are administered when symptoms 
have already progressed (16). Accumulations of amyloid-
beta and tau, which are hallmarks of AD, occur decades 
before symptoms of AD are apparent. Disease-modifying 
drugs may not be able to reverse neurodegeneration by the 
time AD is diagnosed (16). Early diagnosis of AD not only 
can make patients eligible to participate in clinical trials and 
research that provide therapies intended to halt AD or lessen 
symptoms, but also can relieve the stress family members 
and caregivers may experience following the diagnosis (17). 
Diagnoses at a later stage complicate treatment because the 
brain may be irreparably damaged by the time a diagnosis 
is received (18). With the economic burden of AD in Canada 
reaching 40.1 million CAD in 2020, there is a growing need 
for effective and accessible methods to detect AD (19). As the 
prevalence of AD continues to rise, it is crucial to understand 
current diagnostic methods and design new ones that are 
more cost-effective and accessible.

Decline in vocabulary richness in individuals with 
Alzheimer's disease

SUMMARY
Alzheimer’s disease (AD) is a progressive 
neurodegenerative disease that is projected to affect 
955,900 Canadians by 2030. AD causes the buildup of 
amyloid-beta plaques and tau tangles in the brain. As 
a result, individuals diagnosed often face language 
impairments such as word finding difficulties (anomia), 
increased repetition, perseverations, diminished 
vocabularies, echolalia, and verbal apraxia. 
Characterizing language impairment in AD may aid 
in the development of non-invasive diagnostic tools 
using machine learning. In this study, we assessed 
vocabulary richness in individuals with and without 
AD. We hypothesized that individuals with AD would 
have decreased vocabulary richness compared to 
those without due to language impairment. Our study 
used publicly available data from DementiaBank, 
specifically the Pitt corpus, which contains interview 
transcripts of 136 participants describing the “Cookie 
Theft” picture from the Boston Diagnostic Aphasia 
Examination. Results indicate that Type Token Ratio, 
a measure of vocabulary richness, was lower in 
participants with AD when compared to participants 
without AD based on picture description transcripts 
(p=0.007). However, the effect size was found to be 
small to medium (d=-0.46). Language impairments 
occurred less frequently in individuals with AD than 
hypothesized likely because the picture description 
task did not sufficiently engage memory. Even though 
the results we observed came from tasks that were 
not memory dependent, vocabulary richness may 
still be a useful indicator of AD and may be useful in 
automated detection of AD through language. 

INTRODUCTION
	 Alzheimer’s disease (AD) is a progressive 
neurodegenerative condition that is characterized by 
progressive cognitive impairment, a decline in cognition and 
independence in daily activities, and abnormally impulsive 
and violent behavior (1–3). AD is projected to affect 955,900 
Canadians by 2030, and one in three Canadians are currently 
caregivers of someone with the disease (4). 
	 AD progression can be classified into four stages. In the 
preclinical stage, there are no noticeable symptoms and 
no signs of impairment. In the early stage, symptoms such 
as loss of concentration and memory, disorientation, mood 
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	 Currently, the most common diagnostic strategies for 
AD use positron emission tomography (PET), magnetic 
resonance imaging (MRI), and biomarkers in cerebrospinal 
fluid (CSF) (20). These methods are useful in assessing the 
levels of amyloid-beta and tau proteins, which are strongly 
associated with the development of AD. Detection of AD 
diagnostic biomarkers that rely on pathologic features related 
to amyloid-beta and tau require highly specialized training 
and personnel, rendering these strategies expensive and 
inaccessible to healthcare centers (20).
	 Numerous alternatives have been proposed to the above 
mentioned diagnostic techniques (20). Machine learning is 
used to diagnose AD from MRI scans by detecting structural 
changes in the brain. Models such as convolutional neural 
networks convert the pixels of MRI scans into image features 
like edges. The model then decides the diagnosis based on 
the feature extracted from the scan. Biomarker prediction 
uses models to detect AD from clinical variables, such as 
gender, age, body mass index (BMI), sleep cycles, and the 
amount of tau and amyloid-beta found in CSF (21-23). While 
these methods can be effective in detecting AD, we chose 
to focus on diagnosis from speech impairment because of 
its accessibility. MRI scans, PET scans, and CSF analysis 
used in machine learning are labor-intensive, expensive, 
uncomfortable for the patient, and not practical for large scale 
screening of AD. Language is a cheaper and more convenient 
medium to diagnose AD (24).
	 Assessment of spontaneous speech is one of the most 
promising approaches for early detection of cognitive decline. 
It allows for automated analysis of lexical-semantic features 
that are closely associated with both current and future 
cognitive status and is a scalable and efficient method for 
tracking cognitive health over time (20). Spontaneous speech 
is speech produced with the intention of communicating 
a message by the speaker. Spontaneous speech tasks 
are common in detecting language impairments because 
they reflect how impairments are presented in everyday 
conversations (25). Lexical-semantic features measure word 
finding and semantic knowledge in language. Examples 
of features include: the amount of information conveyed in 
speech, the number of vague words, the number of words 
with a more general meaning, and the number of indefinite 
articles (20). Language impairment is often apparent before 
dementia is diagnosed. Language ability is also associated 
with memory and attention. Spontaneous speech has the 
potential to indicate an individual’s cognitive performance, and 
the use of machine learning techniques may be a diagnostic 
tool for AD detection (26). 
	 Common parts of speech features used in speech 
detection include the number of unique words, the number 
of filler words, the number of incomplete words, and the Type 
Token Ratio (TTR) of a speech sample. Filler words, such as 
“uh”, “er”, and “um” represent a speaker’s lapse in thought. 
Theoretically, individuals with AD would use filler words 
more often than individuals without AD because of increased 
cognitive impairment. Incomplete words indicate a similar 
lapse (27). TTR is defined by the equation Type/Token, where 
Type is the number of unique words and Token is the number 
of total words in a body of text (28). Language impairment 
includes declining vocabulary, so the justification for using 
TTR to diagnose AD is that individuals with AD will have 
poorer vocabulary richness as a symptom of their cognitive 

decline. Supporting this, Guinn et al. analyzed conversational 
samples of participants with and without AD and found that 
TTR was decreased in participants with AD (mean=0.406 ± 
0.114) compared to healthy participants (mean TTR= 0.414 
±0.140) (27). 
	 Yamada et al. measured linguistic features in the 
language of 2 AD and 13 control participants and found that 
topic (d=-1.76) and word repetition (d=-1.67) in two different 
conversations over two separate days, and topic (d=-1.08) 
and word repetition (d=-0.80) in single conversations, had 
a large effect size (29). Effect size measures the magnitude 
of difference between groups, and the results presented by 
Yamada et al. indicate that there can be a large magnitude 
of difference in topic and word repetition between individuals 
with AD and individuals without AD. Features with a larger 
effect size may be a better indicator of impairment than 
others because the difference between the two groups is 
more obvious, so comparing effect sizes is comparing the 
effectiveness of TTR to other features (29).
	 Our project was the continuation of a previous project. 
We found that individuals with AD had greater vocabulary 
richness when writing blog posts compared to when 
speaking (unpublished data). We decided to use this project 
to gain a more thorough understanding of the exact nature of 
vocabulary richness in spoken language.
	 One of the biggest challenges in machine learning is the 
number of features. Large amounts of unnecessary features 
cause overfitting, where a model may perform well during 
testing but poorly in the real world and increase the computation 
time. Feature selection is where developers remove features 
that are redundant or have low predictive power. To build 
more effective diagnostic models, researchers need to know 
what language features are affected and indicative of AD. 
Measuring vocabulary richness in AD determines if TTR is 
a good predictor of AD and if it should be used as a feature 
when training AD diagnosis tools (30).
	 Building on the importance of using effective features 
in machine learning based diagnosis, the objective of this 
study was to characterize the decline in vocabulary richness 
in individuals with AD. We hypothesized that vocabulary 
richness would be significantly higher in patients without 
compared to participants with AD, with the expectation that 
the effect size would be medium to large. Given that TTR is 
influenced by word repetition, we predicted that the effect size 
of mean TTR would be large between the two groups. We 
included effect size in our hypothesis and results to compare 
the effect size between different lexical-semantic features. 
	 We found that vocabulary richness was significantly 
reduced in AD participants compared to healthy adults. 
The effect size of TTR between the two groups was smaller 
than other language features measured in other studies 
due to the use of memory aids by participants. Our results 
demonstrate that TTR should be used as a training feature 
in machine learning models. They support the use of non-
invasive language-based diagnosis of AD and may improve 
its accuracy and therefore accessibility.
	 To investigate vocabulary richness in AD, we analyzed the 
Pitt corpus (DementiaBank) , an English language database 
containing audio and text data of participants with and without 
AD (31). Participants sat down with an interviewer and were 
asked to describe what they saw in the “Cookie Theft” 
illustration from the Boston Diagnostic Aphasia Examination 
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(32). The illustration depicts a mother drying dishes by 
a sink in the kitchen while a boy stands on a chair to take 
cookies from a cupboard accompanied by a girl. Participants 
were instructed to describe events occurring in the picture. 
This task is commonly used with adults with AD, aphasia, 
right-hemisphere stroke, and (Mild Cognitive Impairment) 
MCI because of its ability to reveal linguistic impairments 
(33). Speech from the interview was later hand-transcribed 
into interview transcripts. Transcripts and the associated 
demographic data of the participant were loaded into a 
comma-separated file (CSV). Unique words were measured 
as an indicator of vocabulary richness.
 
RESULTS
	 Sixty-eight participants were in the AD group and 68 were 
in the control group. Both groups were matched on age and 
education to avoid bias. The AD group was slightly older 
than the control group; the mean age for the AD group was 
69.3 ± 7.8 years, and the mean age for the control group 
was 66.9 ± 7.3 years. Education in both groups was point-
to-point matched. The male-to-female ratio was 29:39 and 
24:44 in the AD and control groups, respectively (Table 1). 
The correlation between the Mini-Mental State Examination 
(MMSE) score and TTR was -0.11 (p=0.41) in the AD group 
and 0.03 (p=0.86) in the control group. 
	 Both groups were confirmed to have a normal distribution 
of TTR (Shapiro-Wilk test, W=0.99 for AD and 0.96 for HC, 
p>0.05) (Figure 1). The closer to 1 the W value is, the more 
normally distributed the group is, so TTR in the AD group was 
slightly more normally distributed than the control group (34). 
The closeness of both values to 1 indicated that our use of 
parametric tests, such as Student’s t-test and Cohen’s d, to 
assess the relationships in our data was appropriate. 
	 When assessing the vocabulary richness used to describe 
the “Cookie Theft” illustration from the Boston Diagnostic 
Aphasia Examination, we found that AD participants repeated 
words or phrases more often than healthy participants (Table 
2). The control group had a significantly higher mean TTR 
than the AD group (mean TTR=0.45 vs. mean TTR=0.40; 
p=0.007) (Figure 2). This indicates that 45% of speech in the 
control group was made up of unique words, while only 40% 
of speech in the AD group was made up of unique words. The 
absolute value of Cohen’s d was 0.46, which falls between the 
small (absolute d=0.02) and medium (absolute d = 0.05) effect 
size threshold. Therefore, the effect size of the mean TTR is 

small to medium (12). 

DISCUSSION
	 We set out to explore the utility of linguistic characteristics 
to distinguish between participants with or without AD. Our 
findings demonstrated that individuals with AD exhibited 
reduced vocabulary richness compared to participants 
without AD. Individuals without AD had a higher mean TTR 
than individuals with AD, indicating that healthy adults had 
increased vocabulary richness compared to adults with AD 
(p<0.05). The relative effect size of TTR between the two 
groups was medium. 
	 The observed decrease in vocabulary richness of 
individuals with AD appeared to be primarily due to the verbal 
perseverations in the AD group. Verbal perseverations, which 
are the inappropriate repetitions of words and phrases, were 
evident in the individual samples of individuals with AD (35). 
Easily retrievable words are more likely to be repeated. A 
study by Mizzo et al. found that, of 392 participants, 74% of 
individuals with AD exhibited preservation rates above the 
average rate of healthy controls (1–3% for healthy controls) 
(35). It is possible that participants were able to retrieve easy-
to-generate words in the image, such as “cookie”, “boy”, and 
“water” and were unable to retrieve less obvious words, such 
as “teacup” and “grass”. It may also have been more difficult 
for participants with AD to keep track of already mentioned 
words, leading to repetition. 
	 We found a medium relative difference in TTR effect size 
between control and AD participants, contrary to the initial 
hypothesis of a large effect size. We speculate that this 
difference may have been due to participants not engaging 
memory when completing the picture description task. 
Difficulty recalling words from memory is a hallmark of AD, 
with AD patients making more errors when recalling words 
than controls (36). In a study with 168 participants, 32% of 
participants with AD, but only 16% of healthy participants, 
made intrusion errors on a word list memory task (37). On 
the contrary, visual aids like images and illustrations have 
been shown to enhance verbal abilities in AD patients 
(38). Participants of the Pitt corpus completed the picture 
description task with the illustration in front of them as opposed 
to having to recall the image from memory, in some cases, 
the interviewer referenced the image itself. For example, one 
investigator said, “Can you tell me what this is?” Participants 
therefore did not need to engage in long- or short-term 
memory while completing the task. The fact that we did not 
see a larger difference in TTR with the picture description task 
could indicate that the presence of visual cues can minimize 
the manifestation of language impairments in individuals with 
AD.
	 The effect size of TTR (d=-0.46) was also smaller than 
metrics like word and topic repetition found in Yamada et 
al. Yamada et al. had participants use spontaneous speech 
with no memory aids, which may explain why the effect 
size of word and topic repetition was larger than the effect 
size we observed in our study (29). Despite the absence of 
memory recall pressure, we still detected notable differences 
in vocabulary richness, highlighting the impact of AD on 
language and indicating that TTR is capable of detecting 
some of the effects of AD on language capabilities. Future 
studies using tasks that require memory recall might reveal 
lower TTR in AD participants and a correspondingly larger 

Table 1. Demographic data of participants. Number of participants 
in each demographic group. Participants were age and education 
matched. Student’s t-test: p>0.05 for mean age and education level 
in years.
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effect size of TTR, thereby improving the effectiveness of 
TTR as a language feature for diagnosing AD. Our findings 
suggest that differences in vocabulary richness are present 
but influenced by task design and other contextual factors.
	 Our results support current literature on TTR decline in AD. 
Kave and Goral found that AD participants had a lower TTR 
of 0.73 versus 0.87 in control participants when describing 
the Boston “Cookie Theft” task (39). The difference in TTR 
between our findings and Kave and Goral’s may have been 
due to interviewers asking for elaboration from participants. 
Interviewers in Kave and Goral’s study prompted participants 
to elaborate on their statements by asking questions, while 
interviewers in the Pitt corpus responded to participants with 
“ok” and “hm” (39). Participants in Kave and Goral’s study 
may have produced more complex sentences, making the 
language deficits of AD participants more apparent. Our 
findings support the consensus that language in AD individuals 
become limited in vocabulary (39). In contrast to previous 
literature, we found no significant correlation between TTR 
and MMSE score in the AD group (39). Lower vocabulary 
richness was not linked with greater cognitive impairment. 
We think this may be due to having a large proportion of data 
missing (35 participants, or over a quarter of the cohort, had 

unavailable MMSE data). 
	 Our primary limitation was the use of Pitt corpus, which 
lacked important demographic data, such as socioeconomic 
status, language history, primary language, and information on 
visual and auditory impairments. Unaccounted demographic 
data could have impacted TTR in participants. For example, 
visual and auditory impairments may have made it harder for 
the participant to understand the task at hand, causing them 
to become confused and indicate lower TTR even in healthy 
individuals; individuals whose first language is not English 
may produce less diverse vocabulary, regardless of group. 
These variables may also influence the current findings 
and need to be addressed in future research. Furthermore, 
including additional demographic data would lead to further 
insight into language impairment, such as the relationship 
between vocabulary richness and socioeconomic status. An 

Figure 2. Mean TTR in participants with and without AD. Mean 
TTR distribution in the control and AD groups.  *p < 0.05. The AD 
group had a significantly lower mean TTR than the control group, 
indicating decreased vocabulary richness.

Figure 1. Type-token ratio (TTR) distribution in the Alzheimer’s disease (AD) and control group. Number of transcripts in each TTR 
bin. TTR was measured with the Natural Language Processing Toolkit. Shapiro-Wilk test confirms that both groups have an approximately 
normal distribution (p>0.05). The orange bars indicate the TTR distribution of the control group, and the blue bars indicate the TTR distribution 
of the AD group.

Table 2. Speech excerpts from participants with and without 
AD. Speech from transcripts from the AD and control group.  
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ideal dataset would also include participants completing a 
recall task, to limit the effect of visual aids on word retrieval. 
Recall tasks would also be more true to real-life interactions, 
as individuals with AD do not always have visual aids on them, 
and may therefore be a better indicator of AD than a language 
test using visual aids.  
	 In the future, we would like to conduct a more thorough 
review of vocabulary in AD. We would like to investigate word 
class differences (e.g., noun use vs. verb use) by calculating 
TTR sorted by parts of speech or using parts of speech 
specific metrics like noun index. We could also confirm 
our explanation of verbal perseverations by calculating the 
number of repeated words divided by the number of total 
words, or the number of consecutive repeated words. Five 
minutes of speech data is considered more effective than 
one-minute speech samples, so we would seek out a long 
corpus in the future (29).
	 Language-based AD diagnosis models can make AD 
diagnosis more accessible and affordable. One potential 
application of these models is in mobile apps. Mobile apps 
can diagnose AD with a 78.6% accuracy and the early stages 
(MCI) with 87.6% accuracy and can be self-administered (40). 
However, these models can be plagued by overfitting (reducing 
applicability in the real world) and high computational cost 
(models are limited in what hardware they can run on) if they 
are trained on poor features. Feature selection identifies 
language features that make the model more accurate (41). 
In feature selection, features are generally used if they are 
statistically significant between the two groups, so TTR 
is still an effective feature despite not having a large effect 
size (41). The effect size of TTR may increase by removing 
memory aids during tasks, further supporting the use of TTR 
in machine learning models. TTR, along with other features 
(such as the adjective to unique word ratio and the adverb to 
unique word ratio), makes AD diagnosis from language more 
applicable (42).
	 In summary, we found that individuals with AD had 
decreased vocabulary richness compared to healthy adults 
of the same age, as measured by TTR. Qualitative analysis 
indicated that individuals with AD use repetitions, like verbal 
perseverations and echolalia, more often than individuals 
without AD. There is a statistically significant change in 
vocabulary richness in affected individuals, which points 
to TTR as a training feature for AD diagnosis models. Our 
findings further support the evaluation of language as an 
effective non-invasive mode to diagnose AD. Our findings 
can also inform caregivers of language impairments they can 
expect to see in their patients with AD, which can aid them in 
the treatment of, and their day-to-day interactions with, the 
patient. 

MATERIALS AND METHODS
Preprocessing
	 The Pitt corpus (DementiaBank) was first downloaded as 
a .zip file (31). The dataset was scrapped and converted to 
a .csv file along with the file name. Demographic data was 
matched up to speech data by matching the file names. 
Linguistic corpus was pre-processed using Regex and 
Natural Language Processing Toolkit (NLPK) (Python 
version 3.10.9). DementiaBank transcripts contain dialog 
made by the investigator and miscellaneous symbols. Any 
dialog preceded by “INV” was removed with Regex, as that 

dialog was from the investigator and not the participants. 
Any punctuation excluding periods, commas, semicolons, 
questions, and exclamation marks were also removed. Non-
words such as “[*p:n]” and “&+w”, and filler words such as 
“erm”, “uh” and “ah were also removed to avoid interference. 
DementiaBank stores mispronounced words where the 
intended paraphrased word is written in brackets after the 
mispronounced word. For example: “He is at the think [:sink],” 
where “sink” was the intended word and “think” was the 
pronounced word. During preprocessing, the mispronounced 
word was removed as verbal apraxia was not in the scope of 
this study. The preprocessed phrase would then read “He is 
at the sink,” and this edited phrase would then be used for 
downstream analyzes.
	 NLPK was used to calculate total word count, and then 
the number of words that appear once. The Researchpy 
library (version 0.3.5) was used to calculate statistical tests. 
Matplotlib (version 3.6.2) was used to display graphs and 
charts.
	 Participants were classified into two groups, the AD group 
and the healthy control (HC) group. We were not able to 
control for the severity of AD of participants in the AD group 
because the corpus did not provide data on disease severity 
for individuals with an AD diagnosis. The AD group consisted 
of participants with a physician-confirmed diagnosis of 
AD, while HC group had no relevant cognitive impairment 
diagnoses. Of the initial 142 participants, 6 were excluded 
because their diagnosis was a condition other than AD or 
healthy control. 

Statistical analysis
	 The Shapiro-Wilk test is a test of normal distribution in data; 
the closer to 1 the test is the more normally distributed the data 
is, p<0.05 indicates that the data has a skewed distribution. 
The two-tailed paired t-test was used to test statistical 
significance. The t-test is considered statistically significant 
when the p-value is below the alpha value (a=0.05). Cohen’s 
d is the measure of the practical significance of differences of 
means. The test statistic is the effect size. The relative size 
of Cohen’s d was determined by using recommended ranges 
(31). 

Mini mental state examination (MMSE)
	 MMSE is a questionnaire that evaluates attention, recall, 
memory, calculation, drawing polygons, and language and 
measures cognitive impairment overall. Participants were 
given a score of up to 30, with a lower score indicating greater 
impairment (43).

Controlling for external factors
	 TTR tends to be biased towards shorter text samples and 
decreases with increasing length of text. Therefore, each 
text was restricted to 150 words based on previous research 
suggesting that this length is adequate for tracking language 
changes in AD (44). Using Python code, TTR was calculated 
by dividing the number of unique words by the number of total 
words per participant transcript. Outliers with a z-score above 
3 were removed

Python Code
	 The code first split the transcript text from sentences 
into words to determine total word count. For every word in 
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the transcript, the code tried to find a matching string; if a 
matching word cannot be found, then the word is determined 
to be unique. The total word count and unique word count 
were recorded in the “Total Word Count” and “Unique Word 
Count” columns, respectively. TTR was calculated by dividing 
the Unique Word Count column by the Total Word Count 
column and recorded in the “TTR” column. The code limits 
transcripts to 150 words by replacing words with an index 
number greater than 150 with blank space. Our code can be 
found in the following Github repository: https://github.com/
texas-flavoured-canadien/Vocab_Richness_AD/blob/main/
Vocabulary_Richness_AD.ipynb.  
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