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14 Abstract

s INTRODUCTION: Automated computational assessment of neuropsychological tests would
enable wide-

1 spread, cost-effective screening for dementia.

7 METHODS: A novel natural language processing approach is developed and validated to
identify different

1 stages/of'dementia based on automated transcription of digital voice recordings of subjects’
neuropsycho-

19 logicalytests conducted by the Framingham Heart Study (n = 1, 084). Transcribed sentences
from the test
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0 were encoded into quantitative data and several models were trained and tested using this
data and the

u participants’ demographic characteristics.

» RESULES:Average Area Under the Curve (AUC) on the held-out test data reached 92.6%,
88.0%, and

1n 74.4% for differentiating Normal cognition from Dementia, Normal or Mild Cognitive
Impairment (MCI)

2 from Dementia, and Normal from MCI, respectively.

»» DISCUSSION: The proposed approach offers a fully automated identification of MCI and
dementia based

» on a recorded meuropsychological test, providing an opportunity to develop a remote screening tool
that could

» be easily adapted to any language.

1 Keywords: Alzheimer’s disease, Cognitive impairment, Natural Language Processing,
Neuropsyehological
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1. Introduction

2In recent years, there has been a growing interest in developing novel technological approaches to
aid in

3 the clinical diagnosis and assessment of Alzheimer’s disease (AD) and Related Dementias (ADRD).
In the

+ U.S., more.than 5 million individuals are living with AD — the most common form of dementia —
with AD

s deathsjinereasing by 146% between 2000 and 2018 [1].

«AD pathology,can be assessed using (a) biomarkers such as amyloid-8 plaques and neurofibrillary
tangles

7 of tau protein detected in cerebrospinal fluid and observed through Positron Emission
Tomography (RET)

s and (b) evidenee of neurodegeneration assessed through Magnetic Resonance Imaging (MRI) [2, 3,
4]. These

s testinggmodalities imply a well-resourced setting and yet do not necessarily determine cognitive
decline, sinee;

0 in somecases; AD brain pathology may not translate into clinical expression. Triggered by
patient history

1 and in conjunctien with a clinical examination, a neuropsychological (NP) exam, conducted through an
in-

1 personfinterview, is currently the primary method for assessing cognitive decline, even at early
stages. The

13 Framingham Heart Study (FHS) NP tests take 45-90 minutes and cover all major cognitive domains
mostly

14+ through connected speech [5], which is a cognitively intense activity [6, 7]. FHS has been
recording its NP
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15 tests since 2005.

wStudies have shown that speech can be a strong predictor of cognitive impairment in early stages [8,
9l.

7 Machine learning algorithms have been developed to build diagnostic models using vocal and
lexical features

s extracted from voice recordings [10, 11, 12, 13]. Vocal features were extracted in [14] to develop a
classifier

19 to predict dementia among 64 subjects. Fraser et al. [15] have focused on linguistic as well as vocal
features;

» achieving accuracy of 81.9% in classifying dementia versus control. Mild Cognitive Impairment
(MCI) was

» also identified from healthy cases (AUC = 80%) by applying the support vector machine on features
extracted

» from manwual transcriptions of voice recordings [16]. Using the FHS battery of tests, Lin et al.
presentedia

2 voice-based predictor to identify incidents of dementia with an AUC of 81% [17]. In addition,
language and

2 voice features of 170 participants from FHS were analyzed to predict cognitive impairment with
an AUC of

s 94%u[4].

sHowevergmestsstudies relied on both manual transcription and handcrafted features of the voice
data.

» Manual transeription is a lengthy and expensive procedure which might hinder its implementation
in a large-

1 scale setting. Almost all the findings were limited from the use of relatively small sample sizes and
disparities
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» observed in the clinical population. In particular, in the context of speech assessment and machine
learning,

w very few researchers included both MCI and dementia cases in their studies [5, 18]. Given the
fact that

» cognitive decline can take several years to evolve from MCI to more severe stages of dementia,
automated

» detection of MCI is crucial to allow effective intervention in early stages. Furthermore,
considering the

1 shift towards virtual visits in response to the ongoing health care issues, such as the COVID-19
pandemic,

» it is highly desirable to develop easily deployable, cost-effective, automated and accurate
MCI/dementia

; assessment procedures with the potential to drastically increase the pool of candidates for
ADRD clinical

« trials, possibly accelerating the search for effective treatments. To that end, so called digital
biomarkersshave

s an important role to play [19].

sWe sought to design an automated diagnostic tool to detect MCI and dementia based on voice
recordings.

7 The'proposed method takes either an audio file or a transcript of the NP interview as input and
predicts.the

s likelihood of cognitive impairment using machine leaning techniques, leveraging Natural Language
Processing

s (NLP). Werigorously evaluated our approach on automated transcriptions and achieved promising
prediction

1 performance. Recently, studies have shown reliable performance of NLP algorithms in health
care (see [20]
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n for a review). Moreover, NLP has made it possible to automatically extract information from
unstructured

» data (text, audio, video) in medical records [21, 22, 23]. Our study uses a variety of NLP methods,
including

1 speechirecognition, speech diarization, and a transformer-based sentence encoder.

« 2. Materials and Methods

5 2.1, Clinieal'setting and data sources

»The digital recordings used in this study were collected from the NP examination administered by
FHS,

v the longestiongoing longitudinal, transgenerational cohort study of chronic disease [24]. The NP
tests include

s sub-tests that assess naming and language, visuoperceptual skills, premorbid intelligence, abstract
reasoning,

v attention, verbal memory (logical memory immediate and delayed recall), learning (paired-
associate memory

» immediate and delayed recall), and visual memory (visual reproductions immediate and delayed
recall){25,

n 26]. Additional information such as sex, age, education, and presence of Apolipoprotein E
(ApoE) genes

» is availableias,well. The current study includes recordings of subjects evaluated by trained
examiners from

1 2005 to 2015. The participants’ cognitive status was determined by the FHS dementia
diagnostic review
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2 panel [27]. Dementia diagnosis for those showing signs of cognitive decline was reached by
consensus of at

» least one neurologist and one neuropsychologist based on neurology exams, FHS study and
external medical

1 records,and brain imaging (the diagnostic procedure is outlined in [25, 28]). All participants have
provided

» written informed consent and study protocols and consent forms were approved by the Boston
University

2 Medical Campus Institutional Review Board.

» 2.2. Data.preparation

wThe original 'dataset contains information about 1, 084 participants, including audio files stored in
.wav

» format®(8Khz sampling rate), age, sex, education, ApoE, and dementia diagnosis. A total of
133 of these

1+ recordings have been manually transcribed, where each transcript is separated into 8 sub-tests
(details of

2 these sub-tests can be found in the supplementary). In order to prepare the material for the
proposed method,

» all the audio files were transcribed via the Google Speech tool [29]. It has been shown that
GooglesSpeech

+ achievedya;9% word error rate, outperforming other well-known speech recognition systems such as
Sphinx-4

s and Microsofiy[30]. Given the raw text files generated by Google Speech, each transcript was
diarized and

s sentences labeled using NLP to indicate the specific sub-test they belong. It should be noted that
the Google
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7 Speech tool can separate the speakers in an audio file but it is unable to identify the label of the
speakers,

¢ in ourfease, examiner and participant. For diarization, we fine-tuned an ALBERT-xlarge
model [31] to

s separate sentences of the participants (P) and the examiners (T) in each transcript, generating a
collection of

1 unpunctuated and uncased words. To that end, we used a Named Entity Recognition (NER)-type
approachi

» The ALBERT model used context to assign to each word one of the 4 labels: B-T, I-T, B-P and
I-P, where

» ‘B-" meams beginning and ‘I-’ means inside. Then, a complete P sentence can be detected using a
‘B-P’ word

13 and the following consecutive ‘I-P’ words. Splitting the 133 manually-transcribed recordings into
a training

1 and testisetaccording to 80:20 ratio, we trained and tested the ALBERT model, obtaining an Exact
F1-score

15 of 70.2% on the test set. The Exact F1-score is a strict metric in NER tasks — even if we miss
one worddn

1 a target'sentence, which does not affect the semantic, we still regard this target as misclassified.

vWe furtherfinestuned a BERT-based model [32] to predict the 8 different sub-tests for each P/T
sentence

1 detected in the previous step. To improve the prediction accuracy and consistency, we used
the target

v sentence Sgytogether with the prior and following 8 consecutive sentences (“[CLS] S_s
[SEP]...[SEP] So

0 [SEP]...[SEP] Sg [SEP]”) as the BERT input, and the [CLS] embedding was used as the sub-test
predictor
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u  for Sp. If certain neighbor sentences do not exist, such positions were ignored. Using the manual
transcription

» and the ground truth labels of the sub-tests to train the BERT, the accuracy of classifying
sentences mnto

1 the 8 sub=test types reached 96.2%. This sub-test classification step was done separately and the
accuraey

2 was obtainedywithout using the output of the diarization step because the diarization output
lacks the 'sub-

» test ground truth label. Figure 1 demonstrates the mechanism of diarization and sub-test
labeling in the

6 pre-processing procedure. In this analysis, the sentences can consist of an arbitrary number of
words with

» any strueturer” Some sentences can be as short as a single word or as long as a paragraph.
Both BERT

2 and ALBERT are state-of-the-art methods in NLP. We considered both models for the pre-
processing tasks:

» However, the ALBERT model has fewer parameters compared to a corresponding BERT model
(e.g., 60

» million parameters vs. 334 million parameters), resulting in lower memory usage and lower
computational

» costmSineertheiperformance of both models for the diarization task was the same, the ALBERT
model was

n selected as our method of choice. In the sub-test classification task, the BERT model
outperformed the

13 ALBERTmmodel with a margin of about 1% accuracy on 133 manually transcribed recordings.
Therefore,

1+ the BERT model was used to identify the sub-tests.
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2 2.3. Statistical analysis

;The datdset incliides participants who were labeled as normal, with MCI, or dementia (mild,
moderate,

4 severe), respectively. Various basic characteristics are reported in Table 1. We report self-
reported'gender,

s education status, age statistics (mean + standard deviation for each cohort), dementia
diagnosis severity,

¢ and the type of ApoE (E2/E3/E4) genes for both copies of the gene. We also report the p-value
for each

7 variable associated with the null hypothesis that the two cohorts have the same distribution of the
variable.

s Hence,a low p-value indicates that the null hypothesis should be rejected, suggesting that the
distribution

o of the featureis different in each cohort. For age, we employed the Kolmogorov-Smirnov (K-S)
test [33],

1 whereasswemsed the Chi-square test for the categorical features (sex, education, and ApoE) [34].

u 2.4, Development of the model

»The NLP-based detection system can be formulated as a classification task. We have investigated
three

1 binary elassification tasks: (I) dementia detection (normal versus dementia), (II) non-dementia
detection

1+ (normal/MCLyersus dementia), and (III) MCI detection (normal versus MCI). Due to the
limited data’™

s both in terms of sample size and composition — we used a transfer learning approach to
capture relevant
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1 characteristics of the participants’ sentences, subsequently converting the text data into a machine
readable

7 format. Transfer learning is a widely used technique in NLP applications that addresses the
problem of

1 traifing'a‘elassifier when a large, complete training dataset is not available [35].

wAfter thegpre-praocessing step outlined in Section 2.2, the Universal Sentence Encoder (USE) was
employed

» to encode'theP sentences into an embedding vector. NP assessment is typically based on the
participants’

1 responses [16, 36]. The USE, which is a neural network based on the transformer architecture and
attention

» mechafism, has provided state-of-the-art results on a different range of tasks [37]. This encoder is
pre-trained

2 on a varietysof sources like Wikipedia, web news, web question-answer pages, and discussion
forums [38]:

2« Once the quantitative data (the encoded sentences) were generated, our system computed the
likelihood

»s of whether an individual is cognitively impaired using machine learning techniques such as the
Multilayer

» Pereeptron (MLP) and logistic regression. Figure 2 provides an overview of the proposed system.

»The USE was selected to encode the sentences because it takes an input text with an arbitrary
length

s whereas the length of input text in other methods is often limited (e.g., the BERT model takes
as input a

» sequence of no more than 512 tokens, roughly equal to 400 words). Although the USE can process
text data
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» of any length, feeding the entire transcript into the USE would result in a poor downstream
classification

» performance, mainly because USE generates a fixed 512-dimensional vector for any input.
Instead, we

» implementedwo different approaches that enable us to extract more information from each
transcript.

11. Randem Sampling (RS) method: We constructed a paragraph by randomly selecting 25 P sentences

Afrom each'interyiew, given that each transcript contains at least 25 P sentences. We repeated
the

srandom sampling for each interview until 30 paragraphs were collected. These 30 paragraphs
are

«ifferent from each other even if a transcript contains only 25 P sentences due to random order of
the

ssentencesmThen; the USE takes each paragraph as input and generates a 512-dimensional
sentence

sembedding.

72. Sub-test Sampling (STS) method: The STS method exploits the sub-test labels of the P sentences.

sThis method"groups the P sentences of the same sub-test together, compiling eight paragraphs
from

seach interview.(one for each sub-test). By passing these paragraphs to the USE, eight 512-
dimensional

wovectors are generated for each interview. If any sub-test is missing throughout the interview, we fill
the

ncorresponding vector with zeroes.

nAfter obtaining a vector representing a paragraph created by the above method, we proceeded
with
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1 the classification task. We processed the embedding vectors in three steps: (i) feature
selection of the

1+ embedding veetors, to improve downstream classification performance, (ii) generating cognitive
scores from

15 the resulting lower dimensional vectors, and (iii) training a classifier by a combination of the
cognitive

16 scores and demographic information to arrive at the final prediction. Given the training and
test dataset,

7 we performed logistic regression-based recursive feature elimination (e.g., as in [39]) on the
training datasto

s remove theweakest feature until the embedding vector is of size 50, resulting in reducing the 512-
dimensional

v vectors to 50-dimensional vectors.

0To generateé'the cognitive scores, the RS method trains an MLP model on the low-dimensional
embedding

» vectors.The model treats the extracted paragraphs of an interview as independent examples with
the same

» label as the corresponding interview label. In the second method (STS), we trained 8 MLP models
separately

1 for eachrsub=test using the corresponding low-dimensional embedding vectors. All the MLP
models used.in

24 this step weregnetworks with an input layer, an output layer, and a hidden layer with 25
hidden_nedes.

5 Therefore, the first method generated 30 cognitive scores (one per paragraph) for each person using
only one
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» predictive model, whereas the other method generated 8 cognitive scores associated with each sub-
test, using

» 8independent MLP models. In the RS method, we then trained a logistic regression model using
the averagé

1 of the §0'¢ognitive scores in addition to demographic information.

»In the STS'methed, however, a subset of the sub-tests were selected to be fed into the logistic
regression

» modellalong with the demographics. To select the important sub-tests, we calculated the
increase in the

» model’s prediction error using the validation data after removing the sub-test during the
training of the

» logisticregression model. Comparing the model’s performance error , we identified a relative
ranking of the

1+ sub=testsu(seesTable 1 of the Supplement for details and naming conventions). These rankings are
different for

» each one of the three classification tasks. Specifically, the sub-tests ranked from most to least
important were

3 as follows®(@),[BNT, WMS, FAS, OTHER, CDT, WAIS-R, WAIS, DEMO] for Task I, (ii) [WMS,
BNT, CDT,

« FAS, OTHER, WAIS-R, WAIS, DEMOY], for Task II, and [WAIS-R, BNT, WMS, DEMO,
OTHER;WATS;

s CDT, FASTfor Task III, respectively. To select the best set of sub-tests, we evaluated the
performance of the

¢ nmost important sub-tests on the validation dataset. Therefore, out of 8 sub-tests, the STS
method ended

7 up achieving the best AUC performance on [BNT, WMS, FAS, OTHER, CDT, WAIS-R],
[WMS,BNT], and
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s [WAIS-R, BNT, WMS, DEMO, OTHER] in Task I, II, and III, respectively (see Table 1 of the
Supplement

o for an'explanation of the sub-tests). In addition to these NLP-based methods, we developed an
ensemble

1 model that'éombines multiple other models in the prediction process. For instance, one can train
a logistic

1 regression model that combines the RS and/or STS methods with different variables such as
demographics or

n the presence of ApoE genes. The entire prediction procedure was implemented using the python
deep-learning

1 Kerasflibrary with a Tensorflow backend.

w 2.5. Validation\and performance metrics

sThe data were randomly split into 10 folds using stratified k-fold cross validation. A model was
trained

1 on the 9 folds and tested on the 10th — test — fold. The training process was repeated 10 times
for all ten

7 models to ensure the accuracy of the results. Performance metrics consisted of classification
accuracy (Ace)j

1 the’Area Under the Receiver Operating Characteristic Curve (AUC), sensitivity, and specificity
[40]. AUC s

v a useful measure that indicates the probability of the classifier ranking a randomly selected
positive sample

» higher thamya randomly selected negative sample. Sensitivity and specificity show how
accurately positive

2 subjects and negative subjects are classified.
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2 3. Results

xThe results of various methods based on automated transcriptions are summarized in Table 2. In this
table,

« , »

2 but alse forthe;remainder of this paper, the “+” symbol between groups of variables/methods
representsan

»» ensemble model that uses both of these groups/methods to make a prediction.

»In the first'setiof three rows of Table 2 (one per Task), we report the performance of the STS
method

z that utilizes the sub-test information of the NP test. The second set of three rows reports the
performafice

s of the ensemble model that combines the STS method and demographic information (sex and
age), which

» leads®o the 2nd highest AUC among all methods for Tasks I and II. The third set of three rows
corresponds

» to the RSimethod. The fourth set of three rows reports the performance of the ensemble model
using the

1 RS method.and demographic variables. The fifth to seventh set of three rows report the
performance of the

1+ baseline models using different combinations of demographic information, ApoE, and education.
The 8th

2 set of threesrows corresponds to an ensemble model using both methods along with age and sex.
The oth

3 set of three rows corresponds to the ensemble model that uses all of the sub-tests and
demographics (age

+ and sex). In order to compare our approach with a well-established cognitive assessment tool, we
considered
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s the Mini-Mental State Examination (MMSE) [41] score in a logistic regression model that
performs binary

¢ classification for each Task; the corresponding results are reported on the 10th set of three rows.
The final

7 row is'specifically for MCI detection considering STS, demographics, and ApoE, leading to the
best AUC

s among all methods for this task. In all these models, education, sex, and ApoE features, were
encoded using

s one-hot encoding, i.e., creating a binary variable for each category.

oWe observe that the ensemble model STS+RS+Dem. achieves the best AUC for Tasks I and 1II,

equal

1 10 92.6% * 3.3% and 88.0% + 2.2%, respectively. The 2nd best AUC for these tasks is
achieved by the

2 STS+DBem. method, equal to 91.2% + 4.1% and 87.1% =+ 4.2%, respectively. For Task 3, the
best AUC

1 is achieved by combining STS+Dem.+ApoE, reaching 74.4% + 4.4%, with STS+RS+Dem.
coming close

11 behind (AUCH74.1% + 4.4%).

sFor Task I, all methods that use our NLP approach (either through the STS or the RS method),
achieve

1 an AUCabove 88.5%, whereas the best AUC without using NLP does not exceed 78.1%; the AUC
difference

7 between the best NLP method over the best non-NLP method is 14.5%. Similarly, for Task II,
NLP-based

1 methods,exceed 83.7% in AUC, whereas non NLP-based methods reach up to 72.3%; the AUC
difference of

1 the best NLP method over the best non-NLP method is 15.7%. Finally, for Task III, NLP-based
methods
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0 exceed 67.8% in AUC, whereas the non NLP methods reach 67.2% in AUC; however, the AUC
difference

21 of the best NLP method over the best non-NLP method is 7.2%. Overall, NLP methods result
into a very.

» signifieant boost in performance.

»lt is alsoworth/noting that our proposed methods significantly outperform well-established
baseline

24 assessment tests based on the MMSE. As an alternative to the MMSE, more recent work has
shown that

» it can be replaced by other tests (such as the Short Cognitive Performance Test (SKT) [18])
which achieve

2 almostidentical performance.

»A visual summagy of the AUC results for each task is provided by the box plots in Figure 3a-3c.
Figure 3d

2 plots the Receiver Operating Characteristic (ROC) of the STS+RS+Dem. method, which
performs ‘the

» best for,Tasks'I and II. Figure 4 reports the coefficients of the features of the logistic regression
using the

3w STS+RS+Dem. method. The coefficients are comparable as the scores of the selected sub-tests, RS
features;

» and age;weremormalized by subtracting the mean and dividing by the standard deviation. It
can be seen

» that the RSiseore along with other sub-tests are contributing more to the decision than the
demographic

1 features such as age and sex.
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9

1Moreover, and to assess the impact of automated transcription on the classifications tasks, we
computed

» the average AUC derived from the proposed methods using manual transcriptions. Table 2 of the
Supplement

3 reportstheperformance metrics of different methods on the 133 manual transcripts available. For
instance,

+ the STS+RS+Dem. model outperformed the baseline Dem. model (Task I: average AUC of
96.1% versus

s 63.9%, Task II: average AUC of 94% versus 70%). The cohort associated with the manual
transcripts

¢ consisted of 45 Normal, 11 MCI, and 77 Dementia participants according to the diagnosis score
given in

7 Table 1. Unfortunately, there exist few transcripts of the MCI class, preventing us from
performing Task 11T

s using manual transcriptions.

4. Discussion

wOur fullyrautomated system demonstrates a strong predictive power to detect cognitive impairment
based

» on digital voicerrecordings of the NP test. Due to its automatic screening ability, after prospective
validation

» the'preposed system can support clinicians by aiding accurate diagnosis of dementia and MCI,
making it

13 suitable for large-scale screening of cognitive impairment. Widely accessible cognitive decline
assessment
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14 is not widely available even in the U.S., let alone other, less developed, countries. Therefore,
our system

s can form the basis of a diagnostic tool that is economical, particularly for less well-resourced
regions and

16 forSegments'of the population in developed countries with insufficient access to these types of
health care

7 services, (e.g.,aural areas, lower income individuals, underrepresented groups, etc.).

wAnother characteristic of our study is that it relies on semantic features, enabling us to transfer
the

1» entire pipeline to other languages given the existence of transcription tools from any language
to English

» and/onpowerful NLP models in different languages [42, 43]. At the same time, an end-to-end
learning from

2 acoustic features like the Mel-frequency cepstral coefficients (MFCCs) suffers from task
independeneerand

» requires more resources especially in long audio files [44, 45]. We note that the performance drop
due to the

1 automated transcription is rather modest, 3.5% in AUC for Task I and 6.0% for Task II, when
using the

2 STS+RS+Dem. method. For comparison purposes, a recent work by Xue et. al [46] also used
subjects. from

»» the FHS. Using the acoustic features and deep learning methods, they achieved an AUC of 80%
and 75% for

» Task I andIrespectively. Thus, the adverse affect of including MCI cases on the classifier
performance can

» be significantly mitigated through the proposed NLP-based route.
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»Since the proposed method shows promising performance on automated transcription, a remote
diagnosis

» can be‘contemplated based on interviews conducted through video/voice call either with a live
person or,

w onlawebPplatform where prompts are recorded and the subject (potentially with the help of a
companion)

n records, their answers. This may be a major advantage of the method over the existing ones
that require

» an in-person interview and use either handcrafted voice features or manual transcriptions. Owing
to dealing

1+ with text data rather than audio, pre-processing steps such as de-identification, diarization,
and sub-test

» labelingreanibé’conducted efficiently using NLP. In our study, we removed the T (examiner)
sentences from

s the predietion procedure as they are structurally repeated throughout all the interviews, likely
containing no

+ useful information to assess the interviewees. Another benefit of removing the T sentences is that
a comput-

s erized (version jof this framework will only require the participant’s responses during a web-based
structured

s NPpassessment. Furthermore, the performance of the predictive model improves by taking
advantage of

7 the sub-test information. Specifically, in MCI detection, the STS+Dem. method outperforms the
RS+Dem.

s method"with a margin of 3.8% in AUC.

sComparing the selected sub-tests used in the STS method for each task shows that FAS (verbal
fluency)
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1 has high impact in identifying the dementia class, while removing it enhances the classification
performance

» in MCI'detection. Thus, our approach enables the identification of sub-tests that are more
informative for

» eachl taskiThis point highlights that a more structured interview could better capture the
language (deficits

» underlying cognitive decline. For instance, given the ranking order of the sub-tests in
differentiating MCI

14+ from Normal, WAIS-R (general questions) can be more useful for assessment of MCI, whereas
FAS would

s not befas useful in this task, at least from the perspective of generated text our method uses.

sWe obsefved excellent performance in manual transcriptions, achieving 96% and 94% AUC in
Tasks I

7 and II. Weafurther validated the approach on automated transcriptions and obtained
encouragingmresults

s that can lead to a novel diagnostic tool. There might be several limitations that need to be
addressed. The

1» generalization'of the proposed methods needs to be validated using different cohorts. In
particular, and

2 sineeelinieal'speech models tend to be overly optimistic in their reports of accuracy [47], a
prospective study

21 with validation of the models in an external data set would further enable us to assess their true

accuracy.

» Unfortunately, this is a major hurdle due to the lack of access to external data, which underscores
the need for

1 making data more broadly available. Despite the excellent results in cognitive impairment
detection using
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24 NP tests administered in English as the spoken language, our approach should be
[ithplemented in other

»» languages to confirm its effectiveness for global use.

[2]
»NLP models on which our analysis is based, have been found to be very useful in medical research (see,
e.g.

7 [48, 23} and references therein). However, it also known that these models may reflect biases
[§gender, social,

» racial, etc.) present in the text corpora used for training the models [49]. At the same time, new
methods

[i;] are being introduced that can help mitigate these biases (e.g., [50]). In our approach, the
Framingham NP

» assessment interview is focusing on topics that are less likely to invoke racial or social biases.
However,

» modelingbiases where the model may exploit superficial features such as the length of input text
should'be

» taken into account in diagnostic tools. In addition, cultural bias and downstream error have to be
controlled

1 when deploying the proposed pipeline in a region with different culture or dialect.
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Table l: Summary of the variables in the FHS dataset. Diagnosis scores 0, 0.5, 1-1.5, 2-2.5, and 3 are
defined, as normal cognition, MCI, mild dementia, moderate dementia, and severe dementia, respectively.
Education labels 0, 1, 2, and 3 indicate subjects who attended some high school, graduated from high school,
attended some college, and graduated from college, respectively. Note that 52 education labels are missing
amonggthe Normal group.

Variable Assessment p-value
Normal (N) MCI Dementia (D) NvsD N/MCIvs D N vs MCI
(n = 410) (n=1387) (n=287) Task I Task II Task III
Diagnosis - - -
0 410 (100%) 0 (0%) 0 (0%)
0.5 0 (0%) 387 (100%) 0 (0%)
1—1.5 0 (0%) 0 (0%) 180 (63%)
2-2.5 0 (0%) 0 (0%) 96 (33%)
3 0 (0%) 0 (0%) 11 (4%)
Age 77.2 + 977 81.6 + 8.0 85.1 + 7.5 <0.001 <0.001 <0.001
Gender 1e-5 8e-5 0.053
Female 204 (50%) 220 (57%) 192 (68%)
Male 206 (50%) 176 (43%) 95 (32%)
Education 0.002 0.008 0.289
0 33 (8%) 40 (10%) 37 (13%)
1 116 (28%) 123 (32%) 108 (38%)
2 128 (31%) 121 (31%) 71 (25%)
3 128 (31%) 101 (26%) 68 (24%)
ApoE 7e-5 0.030 4e-6
22 0 (0%) 2 (0.5%) 5 (2%)
23 60 (15%) 40 (10%) 25 (9%)
24 8 (2%) 9 (2%) 5 (2%)
33 276 (67%) 219 (57%) 170 (59%)
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34 51 (12%)
44 4 (1%)

98 (25%)
12 (3%)

64 (22%)
8 (3%)

Table 2: Results on the test set (mean gtd over the ten runs). An ensemble model of the sub-test sampling method,
random sampling method and demographic information (STS + RS + Dem.) achieves the best performance. ‘ApoE’ refers
to variables indicatifig the presence of ApoE genes, ’edu.’ the use of educational level, and 'MMSE’ to Mini-Mental

State Examination.

Methods TasksAUC %Acc %Sensitivity %Specificity %

I 90.2 + 4.5 86.6 = 3.8 86.2 + 4.1 86.9 + 7.7

STS II 853+ 4.3 803+ 39 76.9 = 6.2 83.8 + 7.1

III 71.7 £ 4.7 69.5 + 3.6 65.4 + 0.1 73.6 = 0.1

I 91.2 + 41 86.2 + 4.1 84.5 + 4.7 87.9+ 54

STS+Dem. 1II 871+ 42 817+ 3.3 78.3 =+ 6.7 85.2 + 8.7
III 72.8 £ 4.3 694 * 3.1 66.2 + 12.9 72.6 + 8.8

I 885+ 37 84.0+ 24 84.1 £ 6.2 83.8 £ 5.8

RS 1II 83.7+ 24 80.3 £ 3.0 79.7 *+ 11.2 81.0 + 7.1

II1 688 + 6.4 66.8 + 5.9 72.6 + 13.4 61.0 + 8.5

I 89.6 + 3.6 84.1 + 3.3 85.2 + 5.6 83.1 £ 54

RS+Dem. I 84.5 24 80.2=* 3.5 79.0 *+ 10.2 81.4 + 6.8
III 69.0 + 6.7 67.1 + 5.6 72.6 *+ 11.1 61.5 = 7.3

I 74.8 £ 4.6 724 *+ 4.4 75.5 £ 9.2 69.3 + 7.3

Dem. I 71.1 £ 4.8 69.0 £ 4.3 68.3 + 8.1 69.7 + 7.8

111 628 + 79 628 + 5.6 63.8 + 8.2 61.8 = 8.7

I 77.9 + 2.0  74.0 + 3.4 79.7 *+ 10.0 68.3 + 10.0

Dem.+ApoE 1II 72.3 = 58 70.3 £ 5.7 75.2 = 8.1 65.6 = 8.3
III 671+ 6.4 64.6 + 4.7 67.7 + 7.2 61.5 = 9.8

I 781 + 27 755 =+ 2.9 77.9 £ 10.8 73.1 + 8.7

Dem.+ApoE + edu. | 1I 70.5+ 6.3 69.1 * 4.3 73.8 £ 54 64.5+ 6.9
III 67.2 + 6.9 63.8 +5.8 66.7 + 10.3 61.0 + 12.7

I 92.6 + 3.3 87.1 + 4.0 85.5 + 6.1 88.6 + 4.6

STSHRS+Dem. II 88.0 + 22 83.1 * 3.0 83.1+ 3.9 83.1+ 3.9
III 741 + 4.4 69.5 + 4.3 70.3 + 9.0 68.7 £ 6.4

I 88,5+ 37 828 + 3.6 78.6 = 9.9 86.9 = 6.9

Full STS+Dem. II 83.8 £ 51 816+ 3.9 82.8 = 6.2 80.3 £ 9.3
111 67.8 + 3.0 66.2 + 3.2 62.1 + 10.0 70.3 * 11.0
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I 827 +39 771+ 24 72.4 £ 6.7 81.7 + 5.8

MMSE 1I 80.5 + 45 752+ 3.9 73.1 + 9.2 77.2 £ 9.9
H Il 635+ 71 626+45 69.7 + 8.9 55.4 = 9.1
em.+ApoE III 74.4 = 4.4 712 £ 3.5 68.2 + 12.0 73.8 £ 6.5

[CLS] are you left handed [SEP] = [SEP] ... [SEP]
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ALBERT sequence labeling: gives each single word a label based on context. B-: beginning, I-: inside

Figure 1: Speaker diarization and NP sub-test labeling using NLP models.
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Figure 1: Speaker diarization and NP sub-test labeling using
NLP models.
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Figure 2: The schematic of the proposed method. We summarized the goal of each step and its corresponding method above
and under each arrow, respectively.
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(b) The distribution of AUC for different methods in task II.
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Figure 3: The
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(d) The average AUC of the STS+RS+Dem. method for each task.

fic of different hods over 10 splits for each task.

Figure 3: The performance of different methods over 10 splits
for each task.
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Figure 4: Logistic regression coefficients using the STS+RS+Dem. method, indicating the relative predictive importance of the
features in each task.
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