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 A B S T R A C T

Alzheimer’s Disease (AD) poses a considerable global health challenge, necessitating early and accurate 
diagnostics. The Mini-Mental State Examination (MMSE) is widely used for initial screening, but its traditional 
application often underutilizes the rich multimodal data it generates, such as videos, images, and speech. 
Integrating these modalities with modern Large Language Models (LLMs) offers untapped potential for 
improved diagnostics. In this study, we propose a multimodal LLM framework fundamentally reinterprets 
MMSE data. Instead of relying on conventional, often limited MMSE features, proposed LLM acts as a 
sophisticated cognitive analyst, directly processing MMSE modalities. This deep multimodal understanding 
allows for the extraction of novel, high-level features that transcend traditional metrics. These are not merely 
visual or acoustic signals, but rich semantic representations imbued with cognitive insights gleaned by the LLM. 
We then construct an interpretable decision tree classifier and derive a succinct rule list, yielding transparent 
diagnostic pathways readily understandable by clinicians. Finally, framework integrates a counterfactual 
explanation module to provide individualized ‘‘what-if’’ analyses, illuminating how minimal feature changes 
could alter model outputs. Our empirical study on real-world clinical data achieves a diagnostic accuracy of 
approximately 6% percentage points improvements with diagnosing explanation, reinforcing the viability of 
our framework as a promising, interpretable, and scalable solution for early AD detection.

1. Introduction

Alzheimer’s Disease (AD) has become a global health crisis of 
unprecedented scale, significantly impacting aging populations and 
healthcare systems worldwide (Breijyeh and Karaman, 2020). The 
imperative for early and accurate diagnosis of AD is paramount, as 
timely intervention and management strategies can substantially im-
prove patient outcomes and quality of life (Knopman et al., 2021). 
Clinical guidelines recommend using neuropsychological assessments, 
cerebrospinal fluid biomarkers, and multimodal imaging for AD di-
agnosis (Jack Jr. et al., 2018). Among these, the Mini-Mental State 
Examination (MMSE) remains the cornerstone of initial cognitive as-
sessment (Cockrell and Folstein, 2002), widely used for its simplicity 
and ability to screen for cognitive impairment. MMSE inherently gath-
ers diverse multimodal data, encompassing video recordings of tasks 
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like paper folding and eye closure, image-based assessments of pen-
tagon and handwriting, and spoken language responses (Zhang et al., 
2025). However, in traditional clinical practice, most clinicians often 
face challenges in integrating and comprehensively judging hetero-
geneous medical data from multiple sources due to limitations in 
professional background, technological equipment constraints, or time 
pressure (Deng et al., 2023). The full diagnostic potential of the MMSE’s 
rich multimodal information remains largely untapped.

Traditional approaches to analyzing MMSE data often rely on lim-
ited, hand-engineered features that may fail to capture the subtle yet 
crucial cognitive nuances embedded within its multimodal compo-
nents (Calzà et al., 2021; Wen et al., 2020). Current methodologies 
frequently focus on isolated aspects of MMSE performance, poten-
tially overlooking the synergistic insights that could be derived from 
a holistic, integrated analysis of video, image, and speech data (Zhang 
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et al., 2024). This fragmented approach may limit diagnostic sensitiv-
ity, hindering the ability to detect early AD indicators present across 
multiple modalities. Therefore, there is a pressing need for innovative 
feature extraction techniques that can fully unlock the diagnostic po-
tential of MMSE’s multimodal data, moving beyond the constraints of 
conventional feature engineering.

Decision trees have long been valued in medical diagnostics for 
their interpretability and straightforward decision pathways (Moreno-
Sanchez, 2020). However, while decision tree algorithms offer inherent 
interpretability, their traditional construction in complex medical do-
mains often relies heavily on data-driven heuristics, potentially lacking 
the incorporation of expert knowledge and nuanced clinical reason-
ing (Murthy, 1998). Existing decision tree methods applied to AD 
diagnosis not fully leverage the wealth of pre-existing knowledge about 
cognitive decline and disease progression (Zhang et al., 2014). This lim-
itation can hinder the ability of decision trees to capture subtle disease 
patterns and generalize effectively across diverse patient populations. 
This necessitates the exploration of novel decision tree construction 
methods that can integrate predefined knowledge and advanced rea-
soning capabilities to enhance diagnostic accuracy and robustness in 
AD screening.

Despite the increasing adoption of Artificial Intelligence (AI) in 
healthcare (Manne and Kantheti, 2021), a critical barrier to widespread 
clinical translation remains the limited interpretability and
transparency of many AI-driven diagnostic tools (London, 2019). ‘‘Black 
box’’ models, while exhibiting excellent performance, neglect the need 
for model interpretability, leading to insufficient trust in AI decisions 
among clinicians (Volkov and Averkin, 2023), especially in high-stakes 
domains such as AD diagnosis (Bloch et al., 2022). The absence of 
transparent decision-making processes can impede clinical adoption 
and limit the ability to validate and refine AI-based diagnostic strate-
gies in real-world settings. Thus, enhancing the interpretability and 
transparency of AI-driven AD diagnostic methods is crucial for fostering 
clinical trust, facilitating effective validation, and ultimately improving 
patient care.

The contributions of this paper are summarized as follows:

• The paper introduces a novel feature extraction pipeline that 
leverages a multimodal Large Language Model (LLM) to analyze 
diverse data modalities from traditional MMSE tasks (videos, 
images, and audio). This approach moves beyond conventional 
hand-crafted features, enabling a more comprehensive and nu-
anced capture of cognitive profiles relevant to AD diagnosis.

• An inherently interpretable diagnostic model utilizing a decision 
tree classifier was developed. Furthermore, the extraction of a 
compact rule list from the decision tree enhances the transparency 
and clinical utility of the model, facilitating understanding of the 
decision-making process for clinicians.

• Incorporating a counterfactual explanation module to provide 
clinically meaningful justifications for individual diagnostic pre-
dictions. By generating ‘‘what-if’’ scenarios, this module offers 
actionable insights into the factors influencing the diagnosis, 
thereby increasing the clinical relevance and interpretability of 
the AI system.

• The research culminates in a multi-faceted and integrated AI 
system designed for robust, explainable, and high-resolution di-
agnosis of AD. This holistic approach, combining novel feature 
extraction, interpretable modeling, and counterfactual explana-
tions, contributes to the advancement of transparent and clini-
cally applicable AI in the domain of neurodegenerative disease 
detection.

The rest of this article is framed as follows: The background of the 
AI-based AD diagnosing related work is provided in Section 2. The 
proposed methods is elaborated in Section 3. The experiment details 
are presented in Section 4, followed by the results and discussions in 
Section 5, and the conclusions and future work in Section 6.

2. Related work

The rapid advancements in Artificial Intelligence, particularly LLMs, 
offer transformative technological pathways for precise AD diagnosis, 
holding the potential to compensate for, and even partially replace, 
the limitations of human experts in multimodal data analysis (Feng 
et al., 2023). Multimodal LLMs have recently emerged as powerful tools 
for extracting integrated representations from diverse data sources, 
such as text, audio, and images (Baltrušaitis et al., 2018; Wang et al., 
2024a,b; Thapa and Adhikari). Specifically, models like CLIP (Con-
trastive Language-Image Pre-training) have demonstrated strong ca-
pabilities in aligning visual and textual data (Radford et al., 2021), 
which could be beneficial for integrating MMSE-related imagery and 
verbal responses. In the context of MMSE, these models enable the 
ingestion of video-based tasks like paper folding, audio speech samples, 
and static images as a cohesive input. By generating context-aware 
embeddings, multimodal LLMs can capture nuanced cognitive cues 
and subtle clinical markers that might be missed by hand-engineered 
features (Vigo et al., 2022). Furthermore, ongoing advancements in 
GPT-like architectures, which handle visual and linguistic streams in 
a unified framework, promise further improvements in capturing intri-
cate cross-modal relationships (Achiam et al., 2023; Ma et al., 2024), 
thus offering richer potential for early AD detection.

Decision trees have long been employed in medical diagnostics for 
their transparency and ease of rule interpretation, including in AD 
screening tasks (Chen et al., 2023). In typical implementations, a tree 
iteratively splits the data on meaningful features — such as memory 
scores or certain visuospatial tasks — leading to classification rules 
that can be readily interpreted by clinicians. However, standard tree-
building heuristics may overlook domain-specific nuances, particularly 
when faced with heterogeneous AD datasets containing complex rela-
tionships among cognitive, behavioral, and biological variables (Geurts 
et al., 2006). Recent research has thus begun to explore tree-based 
methods combined with expert knowledge or machine-learned repre-
sentations for enhanced accuracy, highlighting the potential for in-
tegrating advanced feature extraction with interpretable tree struc-
tures (Vyas et al., 2022; Jahan et al., 2023; Ahmadi et al., 2024; Mitra 
and Rehman, 2024).

Beyond model building and predictive accuracy, the interpretability 
of clinical AI models is essential for building trust and facilitating 
their adoption in real-world healthcare settings (Verma et al., 2020). 
Counterfactual explanations, in particular, provide ‘‘what-if’’ scenarios 
— illustrating minimal feature changes necessary to alter a prediction 
— thereby revealing decision boundaries and key decision-driving at-
tributes (Dwivedi et al., 2023). In AD diagnosis, such counterfactuals 
can highlight whether small adjustments in metrics like speech fluency, 
motor coordination, or visuospatial accuracy could swing a border-
line classification, potentially guiding clinicians toward more targeted 
follow-up assessments or interventions (Stepin et al., 2021). By bridging 
advanced multimodal feature extraction with tree-based decision rules 
and counterfactual insights, researchers aim to deliver models that are 
not only accurate but also aligned with the interpretability needs of 
real-world healthcare settings (Hsieh et al., 2023; Bohn et al., 2023; 
Bloch et al., 2024; Viswan et al., 2024).

3. Proposed method

In this section, we detail our proposed methodology for enhancing 
AD diagnosis through interpretable artificial intelligence. Our approach 
is threefold: first, we introduce a transformative feature extraction 
pipeline leveraging a multimodal LLM to analyze diverse data from 
MMSE tasks, moving beyond traditional metrics to capture a richer 
cognitive profile. Second, we deploy an interpretable decision tree clas-
sifier and derive a compact rule list, ensuring transparency and clinical 
utility in our diagnostic model. Finally, we integrate a counterfactual 
explanation module to provide insights into individual predictions, 
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Fig. 1. Transformative feature extraction working diagram.

offering clinically relevant justifications and ‘‘what-if’’ scenarios to 
further understand and refine the diagnostic process. This multi-faceted 
approach aims to deliver a robust, explainable, and high-resolution 
diagnostic system for AD.

3.1. Transformative feature extraction via multimodal LLM

To accommodate the limitations of traditional MMSE tasks and to 
leverage the sophisticated reasoning capabilities of modern LLMs, we 
design a feature extraction framework spanning five MMSE-like tasks:
(1) Paper-folding video, (2) Eye-closing video, (3) Pentagon drawing, (4) 
Handwriting, and (5) Speech audio. Whole process refers to Fig.  1. This 
pipeline is powered by a suite of specialized models from the Alibaba 
Cloud Qwen family to handle the different data modalities. Specifi-
cally, for visual tasks involving video and image analysis, we utilize 
the Qwen-VL-Max model. For the audio-based task, the Qwen-Audio-
Turbo model is employed to process speech data. Numeric features are 
typically normalized to the range ([0,1]), whereas categorical features 
consist of a fixed set of discrete labels. Compared with conventional 
methods relying on hand-crafted rules or human raters, this LLM-driven 
pipeline provides:

1. Comprehensive Analysis: By ingesting raw multimodal inputs 
(videos of patient actions, images of drawings, speech audio), 
the LLM captures both subtle and explicit indicators of cognitive 
state.

2. Consistent Scoring: Proposed approach mitigates subjective 
variance and inter-rater reliability issues by relying on a unified 
model-based evaluation scheme.

3. Extensible Metrics: Beyond the rigid boundaries of standard 
MMSE, new dimensions can be seamlessly integrated.

Paper-Folding Video Features We define five features to measure 
how a subject folds paper from start to finish.

MotorCoordination (Numeric [0,1]). Assesses the smoothness of fold-
ing actions. A higher value indicates fewer tremors or uncoordinated 
motions. For instance: 

MotorCoordination = 1 −
∑

(UnstableMotionTime)
𝑇Total

. (1)

FollowingInstruction (Numeric [0,1]). Reflects the ratio of correctly ex-
ecuted folding steps over the total number of steps: 

FollowingInstruction =
CorrectSteps
TotalSteps . (2)

FinalShapeCorrectness (Numeric [0,1]). Evaluates how closely the final 
folded paper matches a reference shape: 
FinalShapeCorrectness = IoU(FoldedShape,ReferenceShape). (3)

ExecutionTime (Numeric, in seconds). The total time taken from the task 
start to completion: 
ExecutionTime = 𝑡end − 𝑡start. (4)

ObservedErrorType (Categorical). Classifies mistakes observed:
{NoError, MinorError, MajorError}. For example, missing a minor fold 
might be MinorError, while folding an entirely wrong shape would be 
MajorError.

Eye-Closing Video Features Here, we focus on the subject’s ability 
to understand and execute the ‘‘close your eyes’’ and ‘‘open your eyes’’ 
instructions, including reaction times.
ResponseLatency (Numeric, in seconds). The time interval between the 
prompt to close the eyes and the actual eye closure: 
ResponseLatency = 𝑡close_observed − 𝑡cmd. (5)

ClosureStability (Numeric [0,1]). Measures how steadily the subject 
keeps eyes closed. Fewer re-openings or ‘‘fluttering’’ eyes raise the 
score. One possible formulation: 

ClosureStability = 1 −
ReopenCount

PossibleReopenLimit . (6)
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EyeOpeningDelay (Numeric, in seconds). The time from the ‘‘open your 
eyes’’ command to fully opening the eyes: 
EyeOpeningDelay = 𝑡open_observed − 𝑡cmd. (7)

InstructionComprehension (Categorical). Reflects whether the subject
fully understood and responded to the instructions:
{Understood, Partial, NotUnderstood}.

Pentagon Drawing Features Visuospatial ability is often tested by 
having subjects draw a pentagon. These features quantify completion 
and geometric accuracy.
ShapeCompleteness (Numeric [0,1]). The fraction of edges drawn rela-
tive to the five expected sides of a pentagon: 

ShapeCompleteness =
DrawnEdges

5
. (8)

AngleConsistency (Numeric [0,1]). Evaluates how close each of the five 
angles is to the ideal angles of a regular pentagon: 

AngleConsistency = 1 −

∑5
𝑖=1

|

|

|

𝜃𝑖 − 𝜃ideal
|

|

|

5 × 𝜃ideal
. (9)

LineOverlap (Categorical). Denotes the presence of retracing lines:
{NoOverlap, PartialOverlap, SevereOverlap}.

GlobalRecognition (Numeric [0,1]). Indicates overall similarity to a 
standard pentagon. One might, for example, invert the Hausdorff 
distance: 
GlobalRecognition = 1 − 𝑑haus(Drawing,Pentagon). (10)

Handwriting Features Handwriting tasks help assess fine motor 
skills and language abilities. We examine clarity, spacing, strokes, and 
completion.

Legibility (Numeric [0,1]). The proportion of discernible characters or 
words: 
Legibility = ReadableChars

TotalChars . (11)

SpacingConsistency (Numeric [0,1]). Measures how uniform the inter-
character or inter-line spacing is: 

SpacingConsistency = 1 −

∑𝑛
𝑖=1

|

|

|

𝛿space,𝑖 − 𝛿||
|

𝑛 × 𝛿
, (12)

where 𝛿space,𝑖 is the spacing in the 𝑖th region, and 𝛿 is the mean spacing.
StrokeControl (Numeric [0,1]). Captures the fluidity of pen strokes: 

StrokeControl = 1 − TremorCount
TotalStrokes . (13)

OverallCompletion (Categorical). Indicates the writing task was accom-
plished: {Complete, Partial, Incomplete}.

Speech Audio Features Lastly, audio clips can reveal linguistic and 
articulatory aspects, which are critical for detecting early cognitive 
impairment.

SpeechFluency (Numeric [0,1]). Reflects the degree of continuous, un-
interrupted speech: 

SpeechFluency = 1 − PauseTime
𝑇Speech

. (14)

VocabularyRichness (Numeric [0,1]). Represents lexical diversity: 

VocabularyRichness =
UniqueWords
TotalWords . (15)

PronunciationClarity (Numeric [0,1]). Indicates how distinctly words 
are articulated: 
PronunciationClarity = 1 − UnclearWordCount

TotalWords . (16)

Coherence (Categorical). Rates the logical or semantic flow of speech: 
{Consistent, PartiallyConsistent, Incoherent}.

By unifying these automatically extracted metrics, we seek to con-
struct a robust, high-resolution cognitive profile that surpasses tradi-
tional MMSE summaries, thereby facilitating earlier or more precise 
detection of AD-related impairments.

3.2. Interpretable diagnosis tree

We deploy an interpretable classifier decision tree. The decision tree 
is learned by maximizing information gain 𝐼(𝐺) at each split. For a node 
containing subset 𝑆 of the data, and a candidate split that partitions 𝑆
into {𝑆𝐿, 𝑆𝑅}, we compute: 

𝐼(𝐺) = 𝐻(𝑆) −
|𝑆𝐿|

|𝑆|
𝐻(𝑆𝐿) −

|𝑆𝑅|

|𝑆|
𝐻(𝑆𝑅), (17)

where 𝐻(𝑆) is the entropy 𝐻(𝑆) = −
∑

𝑐∈{0,1} 𝑝𝑐 log2 𝑝𝑐 for class pro-
portions 𝑝𝑐 in 𝑆. The split yielding the highest 𝐼(𝐺) is chosen (greedy 
optimal). To avoid overfitting, we prune the tree by limiting the depth 
𝐷 and requiring a minimum leaf size 𝑚. Our final tree has 𝐷 = 5 levels, 
providing a balance between complexity and interpretability. Each leaf 
of the tree corresponds to a decision rule (conjunction of conditions on 
features) leading to a predicted class.

In parallel, we derive a compact rule list model. This is essentially 
a sequence of if-then rules optimized for accuracy. For instance, the 
first rule might capture patients with very low speech fluency as AD 
(𝚒𝚏𝚂𝚙𝚎𝚎𝚌𝚑𝙵𝚕𝚞𝚎𝚗𝚌𝚢 < 0.7 → 𝑦 = 1). Subsequent rules cover other 
patterns (e.g., 𝚒𝚏𝚂𝚙𝚎𝚎𝚌𝚑𝙵𝚕𝚞𝚎𝚗𝚌𝚢 ≥ 0.7𝚊𝚗𝚍𝙵𝚘𝚕𝚕𝚘𝚠𝚒𝚗𝚐𝙸𝚗𝚜𝚝𝚛𝚞𝚌𝚝𝚒𝚘𝚗 <
0.8 → 𝑦 = 1), and a final default rule handles remaining cases. We 
extract such rules from the pruned decision tree, ensuring the list is 
short.

3.3. Counterfactual explanation module

For each subject 𝑖, let 𝑦̂𝑖 = 𝑓 (𝐱̃𝑖) be the model’s prediction. If 𝑦̂𝑖 ≠ 𝑦𝑖
(an error) or if an explanation is desired, we seek a counterfactual 
𝐱′𝑖 = 𝐱̃𝑖 + 𝛥𝐱 that changes the prediction: 𝑓 (𝐱′𝑖 ) ≠ 𝑓 (𝐱̃𝑖). We formulate 
this as the constrained minimization problem stated above. In practice, 
we solve: 
min
𝛥𝐱

‖𝛥𝐱‖1 s.t. 𝑓 (𝐱̃𝑖 + 𝛥𝐱) = 𝑦target, (18)

using a small subset of features for 𝛥𝐱 (ensuring interpretability and fea-
sibility). We use an iterative greedy algorithm to test feature changes: 
at each step, choose the feature 𝑗 that most reduces the prediction 
error |𝑓 (𝐱) − 𝑦target|, and adjust 𝑥𝑗 toward the target boundary (for 
continuous features, by a small delta; for categorical, by flipping the 
category). This process repeats until the prediction flips. The result 
is a sparse 𝛥𝐱 highlighting only a few changes—e.g., ‘‘if Coherence 
were ‘PartiallyConsistent’ instead of ‘Consistent’’’. These counterfactuals 
provide insight into model decisions and align with clinical reasoning 
by pinpointing what factor would need to change to alter the diagnosis.

All parameter settings within the proposed method and related 
algorithms were fixed for the baseline comparisons during the pre-
experiment shown in Table  1.

4. Experimental setup

This study employed a real-world clinical dataset sourced from the 
First Affiliated Hospital of Chongqing Medical University. The dataset 
consists of clinical data from individuals who underwent evaluation at 
the hospital. Participant classification into AD and Cognitively Normal 
(CN) groups was determined based on a combination of education level 
and MMSE scores, aligning with expert clinical consensus. Specifically, 
the diagnostic criteria for AD were defined as follows: an MMSE score 
below 18 for illiterate participants, an MMSE score less than 22 for 
participants with 1–11 years of education, and an MMSE score below 
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Table 1
Key parameters for baseline machine learning Algorithms.
 Model Parameter Value  
 Decision Tree (Baseline) criterion ‘gini’  
 splitter ‘best’  
 K-Nearest Neighbors (KNN) n_neighbors (k) 7  
 metric ‘euclidean’ 
 Gradient Boosting n_estimators 150  
 learning_rate 0.1  
 SVM (RBF Kernel) C 10  
 gamma ‘scale’  
 Multi-Layer Perceptron (MLP) hidden_layer_sizes (100,)  
 activation ‘relu’  
 Quadratic Discriminant Analysis (QDA) reg_param 0.0  
 (Standard implementation) –  

24 for participants with 12 or more years of education. Individuals 
not meeting these criteria were classified as CN. While Mild Cogni-
tive Impairment (MCI) represents a crucial stage for early detection, 
its inclusion was limited in this study primarily due to constraints 
on the availability and robust classification of MCI cases within the 
collected clinical dataset. Participant selection was exclusively based 
on these diagnostic criteria, without considering factors such as age 
or gender, to ensure a focused investigation on core cognitive indi-
cators. The final dataset comprised 160 participants, equally divided 
into AD and CN groups, with 80 participants in each group. Notably, 
each participant’s data included a comprehensive multimodal dataset 
encompassing origami video recordings, eye-closed video recordings, 
pentagon drawing images, handwriting images, and voice recordings.

The demographic characteristics of the 160 participants were an-
alyzed to provide context for the study cohort. The mean age of the 
overall group was 71.1 ± 9.1 years (range: 46–90), with 115 (71.9%) 
females and an average of 10.5 ± 4.6 years of education. When compar-
ing the diagnostic groups, the Alzheimer’s Disease (AD) group (n=80) 
was significantly older (73.5 ± 8.9 vs. 68.6 ± 8.8 years, p < .001) 
and had fewer years of education (7.9 ± 4.5 vs. 13.0 ± 3.4 years, 
p < .001) than the Cognitively Normal (CN) group (n=80). Gender 
distribution did not differ significantly between the groups (p = 0.368). 
These baseline differences are consistent with known risk factors for 
AD and underscore the importance of our analytical approach, which 
focuses on cognitive performance features.

In the experimental framework, all transformative feature extraction 
procedures were conducted using multimodal LLMs from the Alibaba 
Cloud Qwen series. It is crucial to clarify that these LLMs were used ex-
clusively for zero-shot inference to extract features, and no fine-tuning 
was performed with our dataset. The extracted features were then used 
to train and test the downstream decision tree classifier. Specifically, 
we utilized the Qwen-VL-Max model, a large-scale multimodal model 
accessed via Alibaba Cloud’s AI services, for processing video, image, 
and audio inputs. While the exact parameter count for this specific API-
based tier is not publicly disclosed, it is known to be a substantial model 
designed for complex multimodal understanding tasks, indicative of a 
large scale. The detailed prompts and configurations employed for fea-
ture extraction from each modality are provided in Appendix to ensure 
reproducibility. Key inference parameters included a low temperature 
(0.3) to ensure deterministic outputs and a max token limit of 2048 to 
prevent truncation. The performance of the proposed methodology was 
evaluated using a standard suite of classification metrics. These metrics 
included accuracy, F1-score, and recall. These metrics collectively pro-
vide a robust evaluation of the model’s capability to accurately and 
reliably differentiate between AD and CN individuals based on the 
multimodal data.

5. Results and discussion

Our experimental analysis systematically evaluates the proposed 
framework through three critical dimensions: (1) the discriminative 

power of LLM-derived cognitive metrics, (2) diagnostic accuracy-
complexity tradeoffs in interpretable modeling, and (3) clinical utility 
enhancement via counterfactual reasoning. We first validate the infor-
mation richness of our multimodal feature space by comparing its diag-
nostic resolution against conventional MMSE scoring paradigms. Sub-
sequently, we dissect the performance characteristics of the knowledge-
infused decision tree across varying architectural configurations, con-
trasting its operation against both traditional machine learning base-
lines and clinical interpretability requirements. Finally, we quantify 
how counterfactual explanation mechanisms refine diagnostic preci-
sion while preserving model transparency. This tripartite evaluation 
strategy ensures comprehensive validation of our framework’s technical 
innovation and clinical applicability.

5.1. Proposed diagnosing tree performance

The proposed diagnosis tree as Fig.  2, it reveals how the model 
hierarchically distinguishes patients with likely AD from CN controls. 
Notably, SpeechFluency emerges as the primary splitting criterion 
at the root, suggesting that a threshold around 0.72 is highly discrim-
inative for AD risk. Among those with sufficiently high SpeechFlu-
ency, ClosureStability and EyeOpeningDelay further refine 
the prediction by gauging the smoothness and timing of eye-closing 
tasks, reflecting important markers of motor and attentional control. 
Meanwhile, for the subtree where SpeechFluency remains relatively 
high, additional features like Legibility and StrokeControl
in handwriting tasks help isolate subtle deficits in visuomotor skills. 
This layered structure provides a transparent decision path, offering 
clinically interpretable cutoffs — such as whether FinalShapeCor-
rectness exceeds 0.81 — thereby aligning with common cognitive 
assessments. Overall, the tree highlights a clear diagnostic flow: from 
global speech patterns to more nuanced measures of motor execution 
and visual–spatial accuracy.

Table  2 summarizes the classification performances of several com-
mon machine learning techniques juxtaposed with the newly proposed 
decision tree. Notably, our decision tree achieves an overall accuracy 
of 0.76 and a recall of 0.82, reflecting a balanced ability to correctly 
identify AD cases while maintaining a strong overall predictive power. 
In contrast, methods such as Support Vector Machines (SVM) with the 
RBF kernel and Quadratic Discriminant Analysis (QDA) yield perfect 
recall (1.00) at the cost of considerable lower accuracy (0.55 and 0.52, 
respectively), suggesting they excessively label samples as positive for 
AD. While this high recall can be beneficial for sensitive screening, the 
accompanying drop in accuracy potentially reduces clinical utility by 
inflating false positives. To ensure a robust evaluation and mitigate 
bias from a single data split, the performance metrics for all algorithms 
presented in Table  2 were calculated using 5-fold cross-validation 
across the dataset.

Meanwhile, K-Nearest Neighbors (KNN) and Gradient Boosting (GB) 
present moderate performance profiles (accuracy and recall both
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Fig. 2. Diagnosing tree structure.

Table 2
Diagnosing results within different algorithms.
 Algorithm Accuracy Recall F1-score  
 Decision Tree (New) 0.76 ± 0.03 0.82 ± 0.06 0.76 ± 0.12 
 LR (MMSE Score) 0.74 ± 0.03 0.80 ± 0.05 0.74 ± 0.11 
 K-Nearest Neighbors 0.70 ± 0.07 0.71 ± 0.08 0.71 ± 0.09 
 Gradient Boosting 0.70 ± 0.07 0.71 ± 0.02 0.71 ± 0.03 
 SVM (RBF) 0.55 ± 0.07 1.00 ± 0 0.69 ± 0.05 
 MLP 0.73 ± 0.03 0.65 ± 0.07 0.71 ± 0.08 
 QDA 0.52 ± 0.09 1.00 ± 0 0.68 ± 0.02 

around 0.70–0.71), indicating relatively balanced yet less competitive 
performance. A Multi-Layer Perceptron (MLP) offers improved accuracy 
(0.73), but recall decreases to 0.65, indicating the model may overlook 
a substantial fraction of AD-positive cases. By contrast, the proposed 
decision tree demonstrates a higher recall without sacrificing overall 
accuracy or F1-score, thereby striking a desirable balance between 
sensitivity and specificity. Furthermore, from a clinical standpoint, the 
interpretability of the decision tree provides clear diagnostic pathways 
and rule-based insights—an advantage that purely black-box methods 
cannot offer. These results underscore not only the empirical efficacy of 
the decision tree but also its practical alignment with diagnostic objec-
tives, namely, robust detection of positive cases alongside transparent 
clinical reasoning.

To establish a clinically relevant benchmark, we trained a Logistic 
Regression model using only the standard numerical MMSE score, 
which achieved a competitive accuracy of 0.74 and a recall of 0.80. 
Despite this strong baseline, our proposed decision tree, leveraging 
rich LLM-extracted features, surpasses these results with an accuracy 
of 0.76 and a recall of 0.82. This improvement demonstrates that 
our framework captures subtle, diagnostically crucial information from 
multimodal behaviors that is inherently lost when relying solely on the 
single, aggregated MMSE score.

5.2. Counterfactual explanations influence for diagnosing tree

Tables  4 and 5 examine the diagnostic accuracy of the proposed 
decision tree under varying tree depths and minimum leaf sizes, both 
before and after incorporating counterfactual explanations. Prior to 
counterfactual refinement, we observe that a shallow depth of 3 gen-
erally yields suboptimal performance, with a maximum accuracy of 

only 0.64 and recall of 0.41, suggesting an underfit model that fails to 
capture sufficiently discriminative partitions. Increasing the tree depth 
to 4 or 5 improves the balance between accuracy and recall (up to 
0.73), indicating that deeper trees better separate subtle variations 
in cognitive features. Nevertheless, past a depth of 5, improvements 
plateau or fluctuate, hinting at potential overfitting or diminishing 
returns from further complexity. Notably, the choice of minimum leaf 
size has limited influence on overall metrics within the same depth 
level, possibly due to the modest dataset size.

Following counterfactual explanation integration, we see more pro-
nounced variability across the same range of parameters. In particular, 
specific configurations (e.g., depth = 5, leaf = 2; depth = 7, leaf = 2) 
exhibit larger gains, achieving peak accuracies of 0.76 and recalls above 
0.80. These improvements underscore how counterfactual insights can 
lead to a more refined decision boundary—by revisiting misclassified 
samples and allowing the model to better account for meaningful 
feature adjustments, the tree can effectively reduce false negatives 
while maintaining or improving overall accuracy. Conversely, some 
parameter combinations (e.g., depth = 5, leaf = 5) appear to revert 
to lower scores after counterfactual refinement, implying that not all 
tuned configurations adapt equally well to the newly introduced correc-
tive feedback. This observation suggests that properly matching model 
complexity to the quantity and quality of counterfactual corrections is 
critical for maximizing gains.

Collectively, these results highlight the delicate interplay between 
model depth, leaf size, and counterfactual-based corrections. While 
deeper trees tend to capture more complex decision boundaries, they 
may also risk overfitting without an appropriate regularization scheme. 
However, when coupled with targeted counterfactual adjustments, 
well-chosen parameters (such as depth = 5 or 7 with a modest leaf 
size) deliver a more robust and interpretable AD diagnostic tool. This 
synergy of parameter tuning and counterfactual refinement offers a 
promising route for balancing specificity and sensitivity—particularly 
crucial in clinical screening where the cost of misclassification is high 
and the need for model transparency is paramount.

To ensure the methodological transparency of this process, it is 
important to note that the hyperparameters for the decision tree were 
not chosen arbitrarily. The values presented in 4 and 5 represent 
a systematic exploration. Specifically, parameters such as max_depth 
and min_samples_leaf were tuned using a grid search combined with 
5-fold cross-validation. The final configuration of max_depth=5 and 
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Table 3
Wrong prediction samples and updated predictions.
 Wrong prediction sample id Current prediction Suggestion New prediction 
 [55, 29, 19, 30, 18, 12, 9, 31, 56, 78] Actual=1, Predicted=0 SpeechFluency: 0.8 →≤ 0.725 AD (1)  
 [159, 131] Actual=0, Predicted=1 ClosureStability: 0.7 →> 0.725 CN (0)  

Table 4
Diagnosing tee performance with different parameters before counterfactual explanation.
 Depth Leaf Accuracy Recall F1-score 
 3 2 0.64 0.41 0.54  
 3 5 0.64 0.41 0.54  
 3 7 0.64 0.41 0.54  
 3 10 0.64 0.41 0.54  
 4 2 0.73 0.71 0.73  
 4 5 0.73 0.71 0.73  
 4 7 0.73 0.71 0.73  
 4 10 0.73 0.71 0.73  
 5 2 0.70 0.71 0.71  
 5 5 0.67 0.65 0.67  
 5 7 0.67 0.65 0.67  
 5 10 0.67 0.65 0.67  
 7 2 0.67 0.71 0.69  
 7 5 0.67 0.65 0.67  
 7 7 0.67 0.65 0.67  
 7 10 0.67 0.65 0.67  

Table 5
Diagnosing tee performance with different parameters after counterfactual explanation.
 Depth Leaf Accuracy Recall F1-score 
 3 2 0.64 0.41 0.54  
 3 5 0.64 0.41 0.54  
 3 7 0.64 0.41 0.54  
 3 10 0.64 0.41 0.54  
 4 2 0.70 0.65 0.69  
 4 5 0.70 0.65 0.69  
 4 7 0.73 0.71 0.73  
 4 10 0.73 0.71 0.73  
 5 2 0.76 0.82 0.78  
 5 5 0.64 0.59 0.63  
 5 7 0.67 0.65 0.67  
 5 10 0.67 0.65 0.67  
 7 2 0.73 0.82 0.76  
 7 5 0.64 0.59 0.63  
 7 7 0.67 0.65 0.67  
 7 10 0.67 0.65 0.67  

min_samples_leaf=2 was selected as it provided the optimal trade-off 
between cross-validated performance (accuracy and recall) and the 
need for clinical interpretability, ensuring the model is both effective 
and understandable.

To further investigate the discriminative capability of our LLM-
extracted features, we visualized the feature space defined by the 
two most influential predictors from our decision tree model: Speech-
Fluency and ClosureStability. Fig.  3 presents a scatter plot of these 
features, with each point representing a participant, colored by their 
diagnostic group.

Crucially, we have overlaid the primary decision boundaries from 
our tree model as dashed lines on the plot. The vertical red line 
at SpeechFluency = 0.72 corresponds to the root node split, while 
the horizontal green line at ClosureStability = 0.72 represents the 
subsequent key decision. The plot clearly shows that these two features 
effectively partition the data. A high concentration of CN participants 
is clustered in the upper-right quadrant, characterized by high scores in 
both fluency and stability. Conversely, AD participants predominantly 
occupy the other regions, either exhibiting low SpeechFluency (left 
of the red line) or displaying impaired ClosureStability even with 
adequate speech performance (below the green line). This visualization 
provides a powerful and intuitive confirmation that our LLM-based 
features create a separable feature space, and it visually validates the 
logic of our interpretable decision tree model.

5.3. Explanation analysis

In examining the impact of counterfactual modifications on indi-
vidual misclassifications, we identified several samples where minor 
feature adjustments flipped the model’s prediction. As shown in Ta-
ble  3, most of these cases involved tuning SpeechFluency down 
from around 0.80 to a threshold of about 0.72 for patients actually 
labeled AD but wrongly predicted as cognitively normal (CN). Simi-
larly, the misclassified CN cases typically required slightly improving
ClosureStability (e.g., from 0.70 to above 0.725) to regain the 
correct prediction. In Fig.  4, each sub-plot illustrates how a small 
shift in the identified key feature suffices to cross the model’s deci-
sion boundary—underscoring both the sensitivity of the classifier to 
crucial dimensions (such as speech or motor-control attributes) and the 
potential for interpretable, localized corrections. These counterfactual 
insights not only highlight which features most strongly influence the 
diagnostic outcome, but also demonstrate the model’s capacity for 
nuanced, clinically relevant adjustments that directly connect to patient 
behaviors observed in MMSE-like tasks.

6. Conclusions and future work

In this study, we introduced a multimodal LLM-based framework for 
AD diagnosis that reinterprets conventional MMSE tasks by extracting 
a high-resolution cognitive profile from videos, images, and speech 
data. Through an interpretable decision tree complemented by a suc-
cinct rule list, our proposed method demonstrates a balanced trade-off 
between accuracy and recall, while offering rule-based transparency 
for clinical contexts. Moreover, the integration of counterfactual ex-
planations enables individualized insights into the key features driving 
each prediction, supporting both model validation and potential refine-
ment of cognitive assessments. Together, these contributions highlight 
the framework’s capacity to more fully leverage MMSE’s multimodal 
richness to detect early-stage AD with improved interpretability.

Despite these advances, several challenges merit further attention. 
First, the overall diagnostic performance remains constrained by the 
scale and variability of the available dataset, as well as by current 
LLM capabilities in capturing subtle cognitive signals from diverse 
media. Second, the feature transformation process, although more gran-
ular than traditional MMSE scoring, can be extended to include finer-
grained motor, linguistic, and visual cues that might yield higher 
diagnostic sensitivity. Furthermore, while cross-validation provides a 
robust internal evaluation, validation on a large, independent test set 
is a crucial step for confirming generalizability, which is currently 
limited by data availability. A primary limitation of this study is that 
it is based on data from a single clinical center, potentially limiting 
the direct generalizability of our findings to different populations, 
healthcare settings, or variations in MMSE administration protocols. 
While our methodology intentionally focused on cognitive performance 
features to mitigate the influence of these demographic confounders, 
further validation on more diverse datasets is needed to fully address 
this limitation. Future work will thus focus on curating larger, more 
heterogeneous data repositories and refining the feature extraction 
pipeline to incorporate additional clinical insights, ultimately aiming to 
enhance both accuracy and generalizability of the proposed methodol-
ogy. As part of this effort, we plan to perform formal bias and fairness 
analyses to ensure the model performs equitably across different de-
mographic subgroups. Exploring domain adaptation techniques could 
further enhance the model’s applicability to new clinical environments.
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Fig. 3. Top two LLM-extracted features.

Fig. 4. Counterfactual visuals.
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Appendix. Prompts settings

A.1. Pentagon drawing prompt

Role setting. You are an experienced cognitive-assessment expert, 
especially skilled in using the MMSE scale to screen for Alzheimer’s 
disease (AD).

Task description. I will provide an image of a pentagon drawn 
by a patient in the MMSE pentagon-copying task. From a cognitive-
assessment perspective, analyse this image and, for each feature di-
mension below, give a score in the range 0–1 (higher values indicate 
better cognitive ability in that aspect). (During training you may supply 
example images.)

Output features (0–1 unless otherwise noted):

• ShapeCompleteness: Whether all five sides are fully drawn.
• AngleConsistency : Match between the five angles and a regular 
pentagon.

• LineOverlap: ‘‘NoOverlap’’, ‘‘PartialOverlap’’, or ‘‘SevereOverlap’’.
• GlobalRecognition: Overall resemblance to a standard pentagon.

Example output:

{ ‘‘ShapeCompleteness’’: 0.75, ‘‘AngleConsistency’’: 0.80, ‘‘LineOver-
lap’’: ‘‘NoOverlap’’, ‘‘GlobalRecognition’’: 0.78 }

A.2. Handwriting prompt

Role setting. You are an experienced cognitive-assessment expert, 
especially skilled in using the MMSE scale to screen for AD.

Task description. I will provide a handwriting image produced by 
a patient in the MMSE sentence-writing task. Analyse it and score each 
feature dimension below in the range 0–1 (higher means better).

Output features:

• Legibility : Clarity of handwriting.
• SpacingConsistency : Uniformity of inter-word and inter-line spac-
ing.

• StrokeControl: Smoothness of strokes.
• OverallCompletion: ‘‘Complete’’, ‘‘Partial’’, or ‘‘Incomplete’’.
Example output:

{ ‘‘Legibility’’: 0.90, ‘‘SpacingConsistency’’: 0.65, ‘‘StrokeControl’’: 
0.85, ‘‘OverallCompletion’’: ‘‘Complete’’ }

A.3. Audio prompt

Role setting. You are an experienced cognitive-assessment expert 
for MMSE-based AD screening.

Task description. I will provide an audio clip of a patient’s spoken 
responses during an MMSE task. Score each feature below (0–1 unless 
stated).

Output features:

• SpeechFluency
• VocabularyRichness
• PronunciationClarity
• Coherence: ‘‘Consistent’’, ‘‘PartiallyConsistent’’, or ‘‘Incoherent’’
Example output:

{ ‘‘SpeechFluency’’: 0.85, ‘‘VocabularyRichness’’: 0.70, ‘‘Pronuncia-
tionClarity’’: 0.88, ‘‘Coherence’’: ‘‘Consistent’’ }

A.4. Paper-folding video prompt

Role setting. You are an experienced cognitive-assessment expert.
Task description. A video shows a patient following the instruction 

‘‘Pick up this sheet with your right hand, fold it in half, and place it on 
your thigh’’. Score:

• MotorCoordination
• FollowingInstruction
• FinalShapeCorrectness
• ExecutionTime: shorter is better (0–1)
• ObservedErrorType: ‘‘NoError’’, ‘‘MinorError’’, ‘‘MajorError’’
Example output:

{ ‘‘MotorCoordination’’: 0.82, ‘‘FollowingInstruction’’: 0.90, ‘‘Final-
ShapeCorrectness’’: 0.78, ‘‘ExecutionTime’’: 95,
‘‘ObservedErrorType’’: ‘‘MinorError’’ }

A.5. Eye-closure video prompt

Role setting. Experienced MMSE assessor.
Task description. A video shows a patient performing the eye-

closure task. Provide:

• ResponseLatency : time to close eyes (0–1)
• ClosureStability
• EyeOpeningDelay
• Attention
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• InstructionComprehension: ‘‘Understood’’, ‘‘Partial’’,
‘‘NotUnderstood’’

Example output:

{ ‘‘ResponseLatency’’: 1.2, ‘‘ClosureStability’’: 0.95, ‘‘EyeOpeningDe-
lay’’: 2.7, ‘‘InstructionComprehension’’: ‘‘Understood’’ }

Data availability

The authors do not have permission to share data.
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CARE-AD: a multi-agent large language
model framework for Alzheimer’s disease
predictionusing longitudinalclinicalnotes

Check for updates

Rumeng Li1,2, Xun Wang3, Dan Berlowitz2,4,5, Jesse Mez6, Honghuang Lin7 & Hong Yu1,2,5,8

Large language models (LLMs) have shown promising capabilities across diverse domains, yet their
application to complex clinical prediction tasks remains limited. In this study, we present CARE-AD
(Collaborative Analysis and Risk Evaluation for Alzheimer’s Disease), a multi-agent LLM-based
framework for forecasting Alzheimer’s disease (AD) onset by analyzing longitudinal electronic health
record (EHR) notes. CARE-AD assigns specialized LLM agents to extract signs and symptoms
relevant to AD and conduct domain-specific evaluations—emulating a collaborative diagnostic
process. In a retrospective evaluation, CARE-AD achieved higher accuracy (0.53 vs. 0.26–0.45) than
baseline single-model approaches in predicting AD risk 10 years prior to the first recorded diagnosis
code. These findings highlight the feasibility of using multi-agent LLM systems to support early risk
assessment for AD and motivate further research on their integration into clinical decision support
workflows.

Alzheimer’s disease (AD) is a progressive neurodegenerative disorder
characterized by cognitive decline, memory impairment, and functional
deterioration, ultimately leading to loss of independence in affected
individuals1. Being the most common cause of dementia worldwide, AD
imposes a significant burden on patients, caregivers, and healthcare
systems2.With the agingglobal population, theprevalence ofAD is expected
to rise substantially in the comingdecades, underscoring the urgent need for
early detection and effective management strategies2.

Although formal diagnosis of AD typically involves cognitive assess-
ments and biomarker-based tests, these procedures are often costly, inva-
sive, and impractical for large-scale screening and expensive, limiting their
widespread adoption in clinical practice3–5. Meanwhile, studies have iden-
tified early indicators of AD risk that emerge well before formal diagnosis6.
Subjective cognitive decline and prodromal symptoms of AD dementia
frequently manifest years in advance, involving subtle and often neglected
changes in memory, cognition, and behavior6–9. Recognizing these indica-
tors is crucial for early ADprediction and intervention10. Nevertheless, such
signs are often overlooked because they are frequently described within
unstructured electronic health record (EHR) notes rather than documented
in standardized fields such as International Classification of Diseases (ICD)

codes or lab results2,11. As a result, much of the critical pre-diagnostic
information remains underutilized.

Previous research has explored the use of structured EHR data for early
AD prediction12–19, but relatively few studies have incorporated unstructured
narratives. ExistingNLP efforts have largely focused on isolated symptomsor
specific note types, limiting their generalizability across longitudinal clinical
records11,20–27. Recent advances in large language models (LLMs), such as
OpenAI’s GPT-4 and Meta’s LLaMA family, offer new opportunities to
extract complex patterns from free-text data28–30. However, significant chal-
lenges remain for healthcare applications, including data privacy, model
scalability, and the limitations of single-model reasoning in capturing the
multidimensional nature of clinical decision-making31.

To address these challenges, we drew inspiration from the clinical
diagnostic process for AD, which relies on a rigorous multidisciplinary
approach. In clinical practice, specialists in neurology, psychiatry, geriatrics,
primary care, and other relevant fields, each contribute complementary
expertise to comprehensively assess patient risk32–34. This collaborative
model is essential for evaluating multifactorial conditions like AD, where
diverse symptom domains must be integrated for an accurate and nuanced
assessment.

1Manning College of Information & Computer Sciences, University of Massachusetts Amherst, Amherst, MA, USA. 2Center for Health Organization & Imple-
mentationResearch, VABedfordHealthCareSystem,Bedford,MA,USA. 3Microsoft Corporation, Redmond,WA,USA. 4Department of PublicHealth, University of
Massachusetts Lowell, Lowell, MA, USA. 5Center of Biomedical and Health Research in Data Sciences, University of Massachusetts Lowell, Lowell, MA, USA.
6Chobanian & Avedisian School of Medicine, Boston University, Boston, MA, USA. 7Department of Medicine, UMass ChanMedical School, Worcester, MA, USA.
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Wepropose to simulate this clinical procedure through amulti-agent
framework, with each agent representing a specialist domain. By
mimicking the collaboration of clinicians, this design aims to enhance
predictive performance and interpretability. Multi-agent methods have
shown promise in healthcare tasks such as medical question answering35

andmitigating cognitive biases in clinical decision-making36. Coordinating
specialized agents not only improves prediction accuracy but also yields
clearer intermediate reasoning steps—an important factor for clinical
transparency and trust. This approach is also conceptually alignedwith the
Mixture of Experts (MoE) paradigm37, which demonstrates that speciali-
zation across expert components can improve performance on com-
plex tasks.

Building on these insights from clinical practice and model speciali-
zation,wedevelopedCARE-AD(CollaborativeAnalysis&RiskEvaluation
for Alzheimer’s Disease)—a multi-agent LLM framework designed to
predict AD risk from longitudinal unstructured EHR data. CARE-AD

simulates a virtual multidisciplinary consultation: agents representing
clinical domains such as primary care, neurology, psychiatry, geriatrics,
and psychology analyze a patient’s symptom trajectory and provide
domain-specific assessments. These are then synthesized by an AD spe-
cialist agent into an individualized risk prediction. By modeling
temporal symptom patterns and incorporating diverse clinical perspec-
tives, CARE-AD aims to improve sensitivity to early AD-related signs—
especially those often underrepresented in structured records—while
enhancing interpretability through agent-specific contributions that clin-
icians can review.

While further validation in real-world clinicalworkflows is needed, this
study presents the design and evaluation of CARE-AD on a large dataset
from the U.S. Veterans Health Administration (VHA), demonstrating its
potential to improve earlyADrisk stratification and supportmore informed
clinical decision-making.

Results
TheCARE-ADprediction framework involves three steps to assessAD risk.
First, a data extractionagent identifiesAD-related signs and symptoms from
EHR notes organizing them into age-aware patient profiles categorized by
specific symptom types. Second, amultidisciplinary teamof specialist agents
—including a primary care physician agent for holistic assessment, neu-
rologist and psychiatrist agents for neurological and psychiatric evaluation,
a geriatrician agent for assessing daily living and independence, and a
clinical psychologist agent for behavioral and psychological analysis—
conducts a coordinated, domain-specific evaluation. Finally, anAD-focused
specialist agent synthesizes these insights to generate a robust AD risk
assessment. The framework is illustrated in Fig. 1. A detailed description of
the system overview and technical architecture is provided in Supplemen-
tary Note 1.

Study sample
Our cohort consists of 17,488 AD cases and 64,691 controls from the VHA.
Supplementary Fig. 1 illustrates the cohort creationprocess.We assessed the
CARE-AD prediction framework using a randomly sampled evaluation set
of 1000 AD cases and 3627 controls. Demographic details of the evaluation
set are presented in Table 1.

Fig. 1 | Illustration of an example patient processed by the CARE-AD framework for early AD prediction using longitudinal EHRs.

Table 1 | Demographics of the evaluation set

Characteristic AD case Control

Patients, No. 1000 3627

AD onset/index time age (SD) 79.0 (8.4) 78.6 (8.6)

Sex, n (%)

Female 18 (1.8%) 57 (1.6%)

Male 982 (98.2%) 3570 (98.4%)

Race no. (%)

White 793 (79%) 2913 (80.3%)

Black or African American 131 (13.1%) 400 (11.0%)

Other 76 (7.6%) 314 (8.7%)

Ethnicity no. (%)

Hispanic/Latino 66 (6.6%) 253 (7.0%)

Non-Hispanic/Latino 903 (90.3%) 3282 (90.5%)

Others/Unknown 31 (3.1%) 92 (2.5%)

AD-relevant sentences per year (average) 99 60
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Performance of data extraction agent
Our data extraction agent is designed to identify signs and symptoms of AD
from longitudinal EHR notes using a two-step classification process. First,
we perform a binary classification to determine whether a candidate sen-
tence contains any AD-related signs or symptoms. Second, for those sen-
tences deemed relevant, we apply a multi-class classification to assign each
instance to one of the five expert-defined AD categories: cognitive impair-
ment, notice/concern by others, requiring assistance/functional impair-
ment, physiological changes, and neuropsychiatric symptoms. We trained
separate LLaMA 3.1 8B models for each classification step on a dataset
derived from previous work (Supplementary Table 1)38. Unlike earlier
approaches, we excluded categories involving cognitive assessments or
diagnostic tests, because our method relies strictly on symptom-based evi-
dence rather than formal clinical investigations of AD. Comprehensive
descriptions of each category are available in the Methods section and in
Supplementary Note 2.

Table 2 presents the performance of our first fine-tuned LLaMA3.1 8B
model on the binary classification step, demonstrating whether sentences
indicate AD-related signs or symptoms. We compare this model against a
strong ensemble baseline38, which integrates three pretrained language
models—BERT (bert-base-uncased), RoBERTa (roberta-base), and Clin-
icalBERT—fine-tuned on our dataset. Our LLaMA 3.1 8B model outper-
forms this ensemble model, highlighting its effectiveness on the initial

binary decision. Sentences identified as relevant are then processed by our
second fine-tuned LLaMA 3.1 8B model, which performs multi-class clas-
sification to assign each instance to one of five symptom categories. These
category-specific outputs help generate detailed inputs for subsequent LLM
agents. The classifier’s evaluation results are reported in Table 3.

Based on the classified sentences, we constructed longitudinal, AD-
specific patient profiles by mapping identified signs and symptoms from
EHR notes chronologically to symptom categories and the patient’s age,
forming a time series of disease-relevant manifestations. Supplementary
Note 3 details the construction process, and SupplementaryNote 4 provides
an example of an aggregated patient profile. This example illustrates how
diverse AD-related symptoms—such as cognitive impairments and phy-
siological changes—are captured and tracked across the patient’s clinical
history.

Multi-agent risk prediction across time points
We evaluated ourmethodology by predicting AD risk at seven distinct time
points: 1 day, 1 year, 2 years, 3 years, 5 years, 7 years, and10years prior to the
formal ICD-based diagnosis. Amultidisciplinary teamof specialist agents—
including a primary care physician, neurologist, psychiatrist, geriatrician,
clinical psychologist, and an AD specialist—collaboratively analyzed
patients’ADprofiles within a specific observation window generated by the
data extraction agent. Detailed setup and prompts for the agents are pro-

Table 2 | Data extraction agent performance as a binary classifier

Precision (Positive) Recall (Positive) F-1(Positive) Overall accuracy

Fine-tuned LLaMa 3.1 8B instruct 0.74 (0.72, 0.76) 0.89 (0.88, 0.91) 0.81 (0.79, 0.83) 0.93 (0.91, 0.95)

Ensemble (Li et al. 2023) 0.71 (0.69, 0.73) 0.84 (0.82, 0.86) 0.77 (0.75, 0.79) 0.91 (0.89, 0.93)

Table 3 | Data extraction agent performance as a multi-class classifier

Symptom category Precision Recall F1-score

Cognitive impairment 0.77 (0.75, 0.78) 0.82 (0.83, 0.84) 0.79 (0.77, 0.81)

Notice/Concern by others 0.84 (0.83, 0.84) 0.39 (0.37, 0.41) 0.53 (0.52, 0.55)

Requires assistance 0.69 (0.67, 0.70) 0.65 (0.63, 0.67) 0.67 (0.65, 0.68)

Physiological changes 0.74 (0.73, 0.75) 0.76 (0.74, 0.77) 0.75 (0.73, 0.77)

Neuropsychiatric symptoms 0.78 (0.77, 0.80) 0.83 (0.81, 0.85) 0.8 (0.78, 0.82)

Overall accuracy Micro-average 0.75 (0.73, 0.77)

Macro-average 0.76 (0.74, 0.78)

Table 4 | AD prediction performance of our proposed CARE-AD approach

Prediction Y ear AD cases Controls Accuracy

Precision Recall F1 score Precision Recall F1 score

−1 day 0.59
(0.57, 0.61)

0.73
(0.70, 0.76)

0.65
(0.63, 0.67)

0.92
(0.91, 0.93)

0.86
(0.85, 0.87)

0.89
(0.88, 0.90)

0.83
(0.82, 0.84)

−1 year 0.47
(0.45, 0.49)

0.66
(0.63, 0.69)

0.55
(0.53, 0.57)

0.89
(0.89, 0.90)

0.79
(0.78, 0.80)

0.84
(0.83, 0.85)

0.76
(0.75, 0.78)

−2 year 0.39
(0.37, 0.41)

0.59
(0.56, 0.62)

0.47
(0.45, 0.49)

0.87
(0.86, 0.88)

0.75
(0.73, 0.76)

0.80
(0.79, 0.81)

0.71
(0.70, 0.73)

−3 year 0.34
(0.32, 0.35)

0.54
(0.51, 0.57)

0.41
(0.39, 0.43)

0.85
(0.84, 0.87)

0.71
(0.69, 0.72)

0.77
(0.76, 0.79)

0.67
(0.66, 0.68)

−5 year 0.26
(0.25, 0.28)

0.46
(0.43, 0.49)

0.33
(0.31, 0.35)

0.81
(0.80, 0.82)

0.65
(0.64, 0.67)

0.72
(0.71, 0.73)

0.61
(0.59, 0.62)

−7 year 0.24
(0.23, 0.26)

0.43
(0.40, 0.46)

0.31
(0.29, 0.33)

0.80
(0.79, 0.81)

0.62
(0.61, 0.64)

0.70
(0.69, 0.71)

0.58
(0.57, 0.60)

−10 year 0.20
(0.18, 0.21)

0.38
(0.35, 0.41)

0.26
(0.24, 0.28)

0.77
(0.76, 0.78)

0.57
(0.55, 0.59)

0.65
(0.64, 0.67)

0.53
(0.51, 0.54)
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vided in Supplementary Note 5. As shown in Table 4, our multi-agent
systemdemonstrated consistent performance across all time points, with an
accuracy of 0.83 at−1 day and 0.53 at−10 years. These results suggest the
model’s potential to identify both near-term and earlier indicators of AD
risk based on longitudinal clinical narratives.

Comparison with single-model baselines
For comparison, we also evaluated four baseline methods, each using the
same LLaMA 3 70Bmodel: (1) a zero-shot approach with a single LLM call;
(2) a Chain of Thought (CoT) approach39 that guides language models to
reason step by step by generating intermediate reasoning steps before
producing a final answer; (3) a self-consistency approach40 that generates
multiple responses and selects themost consistent output throughmajority
voting; and (4) a self-refine approach41 that iteratively revises its outputs to
improve clarity and correctness. As shown inTable 5, with an equal number
of LLM calls (six), our CARE-ADmethod consistently outperformed these
baselines, demonstrating the benefits of collaborative, domain-specialized
reasoning.

Multi-agent conversation baseline
To further strengthen the comparison, we implemented a multi-agent
conversational baseline using theAutoGen framework42. This setupmirrors
the structure of CARE-AD, in which a supervisor agent (AD specialist)
engages inmulti-rounddialoguewithfivedomain-specificdoctor agents.As

shown in Table 5, the AutoGen-based configuration achieved comparable
performance to CARE-AD when using 12 or more LLM calls, but required
greater computational cost to match the performance of our more efficient
prompt-based design.

Ablation study
In reviewing these ablation results for prediction at 10 years prior,
CARE-AD (the full multi-agent configuration) achieved the highest
overall accuracy (0.53). As shown in Table 6, the zero-shot baseline (no
agent roles) performed poorly, particularly in identifying AD cases (F-
score of 0.13), resulting in the lowest accuracy (0.26). When each
specialty doctor agent was individually excluded, performance drop-
ped below that of the full CARE-AD model, indicating that all agent
roles contributed positively to classification. Notably, removing the
neurologist role reduced accuracy to 0.50, suggesting that neurologist
expertise is especially informative for distinguishing AD symptoms.
Similarly, excluding the psychiatrist role lowered accuracy to 0.49,
underscoring the importance of psychiatric insights in detecting
mental health disorders associated with AD. Removing other roles
(clinical psychologist, primary care physician, or geriatrician) also
resulted in performance declines, though these decreases were com-
paratively smaller. Overall, the results in Table 6 highlight the value of
incorporating multiple complementary clinical perspectives to
improve AD vs. control classification accuracy.

Table 5 | Performance comparison of the proposed CARE-AD method with baseline models at -10-year prediction

Method LLM calls AD cases (P/R/F) Controls (P/R/F) Accuracy

Zero-shot 1 0.09 (0.08, 0.09)/0.25 (0.23, 0.28)/0.13 (0.11, 0.14) 0.56 (0.54, 0.57)/0.26 (0.25, 0.27)/0.35 (0.34, 0.37) 0.26
(0.25, 0.27)

Chain of thought
(CoT)

1 0.11 (0.10, 0.12)/0.27 (0.25, 0.29)/0.15 (0.13, 0.17) 0.65 (0.63, 0.67)/0.37 (0.35, 0.39)/0.47 (0.45, 0.49) 0.35
(0.33, 0.37)

Self-consistency 6
reasoning
paths

0.13 (0.11, 0.15)/0.29 (0.26, 0.32)/0.18 (0.16, 0.20) 0.70 (0.69, 0.71)/0.47 (0.45, 0.49)/0.56 (0.54, 0.58) 0.43
(0.42, 0.44)

Self-refine 6 refine rounds 0.16 (0.14, 0.18)/0.36 (0.33, 0.39)/0.22 (0.19, 0.25) 0.73 (0.72, 0.74)/0.47 (0.45, 0.49)/0.57 (0.55, 0.59) 0.45
(0.44, 0.46)

AutoGen multi-agent
(1 round)

6 doctor agents
(6 LLM calls)

0.16 (0.15, 0.17)/0.36 (0.33, 0.39)/0.22 (0.20, 0.24) 0.73 (0.72, 0.74)/0.48 (0.47, 0.50)/0.58 (0.57, 0.59) 0.45
(0.44, 0.47)

AutoGen multi-agent (2
rounds)

6 doctor agents
(12 LLM calls)

0.20 (0.18, 0.21)/0.38 (0.35, 0.41)/0.26 (0.23, 0.28) 0.77 (0.76, 0.78)/0.58 (0.56, 0.59)/0.66 (0.65, 0.67) 0.53
(0.52, 0.55)

AutoGen multi-agent (3
rounds)

6 doctor agents
(18 LLM calls)

0.20 (0.18, 0.21)/0.38 (0.35, 0.41)/0.26 (0.24, 0.28) 0.77 (0.76, 0.78)/0.58 (0.56, 0.59)/0.66 (0.64, 0.67) 0.53
(0.52, 0.55)

CARE-AD 6doctor agents 0.20 (0.18, 0.21)/0.38 (0.35, 0.41)/0.26 (0.24, 0.28) 0.77 (0.76, 0.78)/0.57 (0.55, 0.59)/0.65 (0.64, 0.67) 0.53
(0.51, 0.54)

Table 6 | Ablation study showing the impact of agent roles on AD prediction at -10-year prediction

Agents AD cases (P/R/F) Controls (P/R/F) Accuracy

CARE-AD 0.20 (0.18, 0.21)/0.38 (0.35, 0.41)/0.26 (0.24, 0.28) 0.77 (0.76, 0.78)/0.57 (0.55, 0.59)/0.65 (0.64, 0.67) 0.53
(0.51, 0.54)

Zero-shot (No agents) 0.09 (0.08, 0.09)/0.25 (0.23, 0.28)/0.13 (0.11, 0.14) 0.56 (0.54, 0.57)/0.26 (0.25, 0.27)/0.35 (0.34, 0.37) 0.26
(0.25, 0.27)

Exclude neurologist 0.17 (0.16, 0.18)/0.33 (0.30, 0.36)/0.23 (0.21, 0.24) 0.75 (0.74, 0.76)/0.55 (0.53, 0.57)/0.64 (0.62, 0.65) 0.50
(0.49, 0.52)

Exclude clinical psychologist 0.19 (0.17, 0.20)/0.36 (0.33, 0.39)/0.25 (0.23, 0.27) 0.76 (0.75, 0.77)/0.57 (0.55, 0.59)/0.65 (0.64, 0.67) 0.52
(0.51, 0.54)

Exclude psychiatrist 0.17 (0.15, 0.18)/0.34 (0.31, 0.37)/0.23 (0.21, 0.24) 0.75 (0.73, 0.75)/0.53 (0.51, 0.55)/0.62 (0.61, 0.63) 0.49
(0.47, 0.50)

Exclude primary care physician 0.18 (0.17, 0.20)/0.37 (0.34, 0.40)/0.25 (0.23, 0.27) 0.76 (0.75, 0.77)/0.55 (0.53, 0.57)/0.64 (0.63, 0.65) 0.51
(0.50, 0.53)

Exclude geriatrician 0.18 (0.16, 0.19)/0.34 (0.31, 0.37)/0.23 (0.21, 0.25) 0.75 (0.74, 0.76)/0.56 (0.54, 0.58)/0.64 (0.63, 0.66) 0.51
(0.50, 0.53)
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Structured data baseline
To establish a structured-data baseline, we implemented a random forest
classifier trained on ICD codes, medications, and abnormal lab measure-
ments, following prior work12. All features were processed using term
frequency–inverse document frequency (TF-IDF) representations. The
model was trained and tuned on a 90%/10% split of the full cohort afterfirst
holdingout the 1,000patients as an independent evaluation set. As shown in
Table 7, our LLM-based CARE-AD framework consistently outperformed
the structured-data model across all prediction horizons, achieving higher
F1 scores for bothADcases and controls—particularly at earlier timepoints.

Discussion
In this study, we proposeCARE-AD, a novel and feasiblemulti-agent LLM-
based framework for early AD prediction using real-world longitudinal
clinical notes. Building on advancements in multi-agent systems such as
MEDAGENTS35, our approach simulates a multidisciplinary diagnostic
processwhere specialized agents analyzedistinct aspects ofAD-related signs
and symptoms—cognitive impairment, physiological changes, neu-
ropsychiatric symptoms, and other subtle indicators—extracted from
clinical narratives. By dividing responsibilities across agents, the system
identifies domain-specific markers that may be overlooked by a single
general-purpose model. To our knowledge, this is one of the first applica-
tions of LLMs that not only extract AD-relevant indicators exclusively from
unstructured clinical text but also employ a multi-agent workflow for early
ADdetection. Evaluations on retrospective clinical data suggest that CARE-
AD offers improvements in predictive performance, helping bridge the gap
between general-purpose LLMcapabilities and the specialized requirements
of AD-focused clinical applications.

CARE-AD outperformed single-model zero-shot approaches in our
retrospective evaluation. With an accuracy of 0.53 at 10 years prior to
ICD-based diagnosis, these findings suggest that relevant risk indicators
may appear earlier than traditionally recognized, potentially offering a
window for earlier clinical attention. While iterative single-model
methods, such as self-consistency and self-refine, exceeded the zero-
shot baseline, they still underperformed compared to the multi-agent
strategy. The strength of CARE-AD lies in its distributed expertise and
collaborative decision-making framework. Unlike self-refine and self-
consistency methods, which constrain multiple reasoning paths within a
single model, CARE-AD assigns distinct roles to specialized “doctor”
agents, each leveraging domain-specific knowledge, and integrates their
assessments through an AD specialist agent. This structure emulates real-
world clinical collaboration and supports more comprehensive risk
evaluation. For example, as detailed in Supplementary Note 6, the pri-
mary care physician agent identified comorbidities and the absence of
cognitive screening; the neurologist agent emphasized past transient

ischemic attacks and medication interactions; the geriatrician agent
noted age-related vulnerabilities and polypharmacy; the psychiatrist
agent highlighted how depressive symptoms could mask early cognitive
decline; and the clinical psychologist agent recommended further mood
and cognitive monitoring. The AD specialist agent then synthesized these
insights and proposed that the patient may be experiencing cognitive
decline consistent with early-stage AD, recommending confirmatory
evaluations. By integrating complementary perspectives across clinical
domains, CARE-AD offers an approach for evaluating early cognitive
risk in a manner inspired by multidisciplinary consultation. The multi-
agent design also enhances interpretability by revealing intermediate
reasoning steps and showing how differing viewpoints are synthesized.
While further prospective validation is needed, this approach offers a
potential pathway for improving early detection, supporting longitudinal
monitoring, and informing targeted interventions.

We also compared CARE-AD with an AutoGen-based multi-agent
setup, which offers a general-purpose framework for inter-agent dialogue.
When constrained to the same number of LLM calls (six), AutoGen
underperformed relative to CARE-AD. This may be due to AutoGen’s
generalized architecture, which includes predefined system messages and
automated coordination mechanisms that introduce additional reasoning
steps or role negotiations that are less aligned with the streamlined
requirements of clinical inference. In contrast, CARE-AD’s role-specific
prompting explicitly enforces task specialization, enabling more efficient
extraction and synthesis of patient information. Increasing the number of
LLM calls in AutoGen to 12 or 18 yielded comparable performance to
CARE-AD, though improvements plateaued beyond 12 calls, indicating
diminishing returns with further computation. These results suggest that
CARE-AD offers a more resource-efficient alternative for early AD risk
prediction.

In comparison with a traditional random forest model trained on
structured EHR data, CARE-AD demonstrated the value of analyzing
unstructured clinical narratives for identifying early AD risk indicators.
Structured data, such as ICD codes, medications, and lab results, typically
capture downstream diagnoses or late-stage manifestations, potentially
missing earlier behavioral or cognitive changes. In contrast, narrative notes
often contain subtle, pre-diagnostic observations that precede formal
diagnosis by years. By leveraging this unstructured information, CARE-AD
detected early symptom patterns more effectively than the structured-data
model, particularly at longer prediction horizons. These findings reinforce
the potential of LLMs in mining free-text EHR data for early disease signal
detection.

This study has several important limitations. First, we relied on VHA
data, which may not fully represent the broader population, as VHA
patients often have distinct demographic characteristics, including a

Table 7 | Random forest prediction results using structured data features

Prediction year AD cases Controls Accuracy

Precision Recall F1 score Precision Recall F1 score

−1 day 0.45
(0.42, 0.48)

0.65
(0.62, 0.68)

0.53
(0.50, 0.56)

0.89
(0.87, 0.91)

0.78
(0.75, 0.81)

0.83
(0.81, 0.85)

0.75
(0.72, 0.78)

−1 year 0.37
(0.34, 0.40)

0.57
(0.54, 0.60)

0.45
(0.42, 0.48)

0.86
(0.84, 0.88)

0.73
(0.70, 0.76)

0.79
(0.76, 0.82)

0.70
(0.67, 0.73)

−2 year 0.31
(0.28, 0.34)

0.51
(0.48, 0.54)

0.39
(0.36, 0.42)

0.84
(0.82, 0.86)

0.69
(0.66, 0.72)

0.76
(0.73, 0.79)

0.65
(0.62, 0.68)

−3 year 0.20
(0.18, 0.22)

0.38
(0.35, 0.41)

0.26
(0.23, 0.29)

0.77
(0.74, 0.80)

0.58
(0.55, 0.61)

0.66
(0.63, 0.69)

0.53
(0.50, 0.56)

−5 year 0.18
(0.16, 0.20)

0.35
(0.32, 0.38)

0.24
(0.21, 0.27)

0.76
(0.73, 0.79)

0.55
(0.52, 0.58)

0.64
(0.61, 0.67)

0.51
(0.48, 0.54)

−7 year 0.14
(0.12, 0.16)

0.31
(0.28, 0.34)

0.20
(0.18, 0.22)

0.72
(0.69, 0.75)

0.49
(0.46, 0.52)

0.58
(0.55, 0.61)

0.45
(0.42, 0.48)

−10 year 0.11
(0.09, 0.13)

0.26
(0.23, 0.29)

0.16
(0.14, 0.18)

0.68
(0.65, 0.71)

0.44
(0.41, 0.47)

0.53
(0.50, 0.56)

0.40
(0.37, 0.43)
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significant sex imbalance, socioeconomic challenges, and higher rates of
post-traumatic stress disorder and traumatic brain injury. Consequently,
our findings require validation in non-VHApopulations. Second, to ensure
sufficient information for prediction, we required a minimum of 5 years of
longitudinal notes in the observation window. This requirement may have
introduced selection bias, as patients with lower hospital utilization and
fewer clinical visits—those who could benefit most from large-scale
screening—were underrepresented. In future work, we plan to include
additional data sources to capture this group and improve our predictive
models. Third, we defined the diagnosis date using the first recorded AD-
related ICDcode and included a−1 day predictionwindow, consistentwith
prior studies12. However, manual review revealed that in some cases, the
actual diagnosis may have preceded the ICD code date, potentially inflating
performance estimates, particularly at the −1 day window. Including a
broader range of earlier time points like −1 year, −2 years, and −3 years
before diagnosis, helps better assess the model’s predictive performance
across different stages of disease progression. Fourth, despite leveraging
extensive baselines for comparison, privacy constraints prevented us from
evaluating our approach using other cutting-edge LLMs (e.g., the GPT
family29), limiting our ability to examine its generalizability to largermodels.
Nevertheless, our findings offer meaningful insights into how well the
method adaptswhen data confidentiality is strictly enforced. In futurework,
wewill explore publicly available datasets tomore thoroughly assess how the
model can scale and perform with other LLMs.

Expert-level performance in complex medical tasks like AD diagnosis
will likely require collaborative, multi-agent systems. CARE-AD illustrates
this approach's potential by leveraging coordinated specialized LLM agents
to extract symptoms, assess risk, and predict AD onset up to 10 years before
diagnosis, achieving higher accuracy than single-model baselines in our
evaluation. The data extraction agent is designed to operate with long-
itudinal EHR data and could, with further validation, support symptom
tracking and trend analysis for clinical decision-making. By incorporating
domain-specific expertise, specialist agents enhance clinical decision-mak-
ing, ensuring a more comprehensive and accurate assessment that may
improve diagnostic interpretability. While this work focuses on AD, the
underlying framework demonstrates the potential of multi-agent LLM
solutions for addressing other complex medical conditions. It may be
adaptable to other multifactorial diseases that require multidisciplinary
expertise for diagnosis andmanagement, providing a foundation for further
exploration of AI-assisted clinical decision support.

Methods
Data sources and ethical approval
This study used the EHR database from the VHA Corporate Data Ware-
house (CDW), covering the period from 2000 to 2022. The VHA is the
largest integrated healthcare network in the U.S., comprising over 1200
medical centers and clinics, with extensive data on demographics, medi-
cations, diagnoses, procedures, clinical notes, and billing information,
making it a valuable resource for large-scale health research. This study was
approved by the Institutional ReviewBoard of theUSVeteransAffairs (VA)
BedfordHealthCare and conducted in accordancewith the principles of the
Declaration of Helsinki. A waiver of informed consent was obtained due to
minimal risk to participants.

Cohort design
To construct the study cohort, we adopted a case-control design prioritizing
diagnostic specificity to capture biologically homogeneousADcases suitable
for identifying early predictivemarkers. AD cases were definedbased on the
presence of AD-specific ICD codes (Supplementary Table 2) between
October 1, 2015 (ICD-10 implementation), and September 30, 2022. We
required at least two AD diagnoses on separate occasions, with one diag-
nosis recorded in a specialty clinic such as neurology, geriatrics, geriatric
patient aligned care team (GeriPACT), mental health, psychology, psy-
chiatry, or geriatric psychiatry—provided by a provider specializing in
neurology, vascular neurology, psychiatry, neuropsychology, or geriatric

medicine. These clinic types are identified by Stop Codes (Supplementary
Table 3), which the VHA uses to specify the type of outpatient care and the
workload associated with a visit43. These stringent criteria exclude patients
with non-AD dementia, ensuring our cohort captures true AD trajectories
essential for studying decade-long preclinical predictors.

Observation windows for each AD case began at the later of the
patient’s EHR initiation date or the study start date and ended at pre-
determinedprediction timepoints prior to thefirstADdiagnosis (1day, 1, 2,
3, 5, 7, and 10 years). A minimum observation period of 5 years was
required, yielding 17,488 AD cases.

Controls were selected from VHA patients without any dementia
diagnosis codes (Supplementary Table 4). Each AD case was matched with
up to four controls based on age, sex, race/ethnicity, clinical utilization,
Charlson Comorbidity Index (CCI), and Area Deprivation Index (ADI),
following established methods43. The ADI was included to account for
socioeconomic and environmental factors that shape health outcomes in
AD, consistent with existing studies44. The final control cohort comprised
64,691 patients. Supplementary Fig. 1 details cohort inclusion and exclusion
criteria.

ADdiagnoses in this study reflect clinical practice, where diagnoses are
based on cognitive and functional symptoms rather than biomarker con-
firmation. Thus, we use the terms “Alzheimer’s disease (AD)” and “AD
dementia” interchangeably.

Evaluation sampling
Because we employed LLMs for zero-shot evaluation and analyzing long-
itudinal notes is computationally intensive, we randomly selected 1000 AD
cases and 3627 matched controls from the full cohort for evaluation. This
subset approach alignswith conventionalmachine learningpractices,where
a portion of the data is reserved for testing, though no dedicated training set
was needed in our zero-shot setting.

Multi-agent framework
Taxonomy development and annotation. AD dementia exhibits a
complex continuum of cognitive, behavioral, and functional signs that
evolve over many years2. Accurately interpreting these signs in large
volumes of longitudinal EHR notes is challenging. By focusing solely on
real-world clinical observations in EHRs—rather than specialized cog-
nitive assessments or AD-specific diagnostic tests—this work identifies
subtle early indicators, such as forgetfulness, behavioral shifts, and
functional difficulties, that might otherwise go unnoticed. We intend to
seek those insights to uncover overlooked aspects of patient histories and
enhance predictive accuracy. Building on existing literature38, domain
experts crafted a novel, pragmatic taxonomy of five categories to capture
the full spectrum of AD dementia signs and symptoms.
• Cognitive impairment: Captures the initial cognitive decline associated

with AD, including subtle memory lapses, reduced problem-solving
abilities, and difficulties in language comprehension, etc. These
symptoms represent early indicators of neurodegeneration.

• Notice/of concern to others: Encompasses alterations in behavior and
cognition that are noticeable and concerning to family members, close
friends, neighbors, etc. Such changes signal deviations from the indi-
vidual’s typical functioning and may include increased confusion,
disorientation, or withdrawal from social activities, etc.

• Requiring assistance/Functional impairment: Indicates a progressive
loss of independence in daily activities. Patients begin to require
assistance with tasks of instrumental activities of daily living (iADLs)
such as managing finances, taking medications properly, or handling
household chores.As their functional abilities decline further, theymay
also require support with activities of daily living (ADLs), for example,
personal hygiene and other basic self-care tasks.

• Physiological changes: Includes physical symptoms indicative of AD
progression, such as hearing/smelling loss, disrupted sleep patterns
(e.g., insomnia or excessive sleepiness), inability to combine muscle
movements, etc.
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• Neuropsychiatric symptoms: Encompasses a range of psychiatric and
behavioral manifestations seen in AD.Whilemany of these symptoms
—such as mood disturbances (depression, anxiety), psychotic features
(hallucinations, delusions), agitation, and aggression—tend to become
more pronounced in the later stages, certain issues like depression can
emerge even before an AD diagnosis is formally made.

Detailed definitions for each category are provided in the expert-
curated annotation guidelines in Supplementary Note 2. Detecting these
signs and symptoms from EHRs is a crucial task for early diagnosis, treat-
ment, and care planning of AD.

To create a gold-standard dataset, we applied our proposed taxonomy
by systematically annotating 5112 longitudinal EHR notes from 76 indivi-
duals with AD (excluded from the evaluation set). Under two physicians’
supervision, two trainedmedical professionals identified relevant sentences
and assigned taxonomy-based labels. First, both annotators independently
labeled all notes from six patients to assess inter-annotator reliability,
achieving a high Cohen’s κ (0.868) once disagreements were resolved
throughdiscussion.They then split the remainingpatients between themfor
annotation, consulting their supervising physicians for any ambiguous
cases. This process yielded a gold-standard dataset of 11,571 sentences,
demonstrating the taxonomy’s consistent applicability to clinical text.

Building on previously validated synthetic data resources shown to
enhancemodel performance38,we employed a subset of an existing synthetic
dataset, selecting only the symptomcategories relevant toAD.The synthetic
data was originally generated using two established methods: (1) a data-to-
label approach, in which sentences were randomly sampled fromMIMIC-
III discharge summaries and annotated by a LLM guided by clinical
annotation guidelines; and (2) a label-to-data approach, where GPT-4 was
prompted with predefined symptom category definitions to generate syn-
thetic clinical note sentences paired with corresponding labels. These
approaches enabled the creation of diverse and high-quality training sam-
ples without manual annotation. Statistics of the dataset used in this study
are provided in Supplementary Table 1.

LLM fine-tuning for data extraction agent. Using both annotated and
synthetic datasets, we fine-tuned the LLaMA 3.1 8B Instruct model with
Low-Rank Adaptation (LoRA) to develop a specialized data extraction
agent45. This LoRA strategy substantially decreases the number of
trainable parameters, thereby improving efficiency and reducing costs—
key factors in large-scale, aging-focused research. At inference, LoRA’s
lightweight parameter updates merge seamlessly with the base model to
yield the final adapted system. We employed the Parameter-Efficient
Fine-Tuning (PEFT) package46 to complete the fine-tuning process using
8× NVIDIA A6000 (48 GB) GPUs over approximately 10 h. Parameter
settings are provided in Supplementary Table 5.

Fine-tuning was performed for logit-based classification tasks. For
binary classification, the input was a single sentence, and the output was a
logit-based prediction indicating whether it was AD-relevant. We used a
combination of annotated and synthetic AD-relevant sentences as positive
samples, and randomly sampled non-AD-relevant sentences from the
longitudinal notes of the same 76 patients to form negative samples, using a
5:1 negative-to-positive ratio38. For multi-label classification, we used only
AD-relevant sentences, and the model produced a probability distribution
over predefined AD symptom categories, with the predicted category
selected via an argmax over logits.

We developed the CARE-AD framework using the LLaMA3.1 8B and
70Bmodels. The data extraction agent was fine-tuned using the LLaMA 3.1
8B model to balance performance and computational efficiency, enabling
training on clinical data with manageable resource demands. The specialty
doctor agents and the AD specialist agent were implemented using the
LLaMA 3 70B model, selected for its strong zero-shot and in-context rea-
soning capabilities, scalability, and open-source availability—allowing
secure deployment within the VINCI environment in compliance with VA
data governance policies. Proprietary models such as GPT-4 were excluded

due toVHAprivacy restrictions prohibitingdata transfer outside theVINCI
system.While medical-domain LLMs (e.g., BioGPT47, MedAlpaca48, PMC-
LLaMA49, Clinical Camel50) may offer domain-specific advantages, they
were not adopted due to limitations in scale, training data (mostly biome-
dical literature rather than real-world EHR notes), or deployment
restrictions.

Patient time-series construction. To generate patient profiles suitable
for temporal modeling of AD progression, we aligned each patient’s
clinical notes to their age at the time of each visit. We applied the fine-
tuned LLaMA 3.1 8B model to classify sentences into one of the pre-
defined AD symptom categories. The categorized sentences were then
aggregated chronologically to create structured, time-stamped profiles
capturing symptom evolution over time. These profiles enabled the
specialist agents to assess patients’ longitudinal trajectories rather than
isolated encounters, facilitating temporally informed risk assessments.

Domain-specific and AD specialist agents. To emulate expert clinical
reasoning without additional fine-tuning, we implemented structured,
role-specific prompts within a multi-agent framework. Five domain-
specific agents—a primary care physician, neurologist, geriatrician,
psychiatrist, and clinical psychologist—were each guided by prompts
reflecting their respective clinical expertise. These agents evaluated
patient symptom profiles and provided domain-specific assessments. An
AD specialist agent then integrated these evaluations with the extracted
evidence to estimate the likelihood of AD development. Supplementary
Table 6 outlines the agent configurations within the CARE-AD frame-
work, and the full set of prompts is provided in Supplementary Note 5.

Baseline comparisons. To establish a conversational multi-agent
baseline, we implemented the AutoGen framework using the LLaMA 3
70Bmodel. The system comprised a supervisor agent (AD specialist) and
five domain-specific agents—primary care physician, neurologist, psy-
chiatrist, geriatrician, and clinical psychologist—each guided by struc-
tured prompts reflecting their clinical expertise. Agents engaged inmulti-
round dialogues to assess shared patient profiles, critique each other’s
reasoning, and iteratively refine their outputs under the supervision of the
AD specialist. We evaluated the system’s performance across varying
numbers of dialogue rounds. The prompts used for the LLM-based
baselines are provided in Supplementary Note 7, and Supplementary
Table 7 summarizes all baseline model configurations and comparisons.

For the structured-data baseline, we implemented a random forest
classifier using scikit-learn51,52. This model was chosen based on prior evi-
dence that random forests outperform logistic regression for structured-
data-based AD prediction12. We used structured EHR features--ICD diag-
nosis codes, medications, and abnormal labmeasurements--processed with
term frequency–inverse document frequency (TF-IDF) representations to
enhance discriminative power. Additional implementation details are
provided in Supplementary Note 8.

Data preprocessing. During the study period (2000–2022), we examined
unstructured EHRnotes from each patient’s EHR initiation date or the study
start date, whichever was later, up to their first ICD-codedADdiagnosis (the
ADindexdate).Tomanagecomputationaldemandsacross this 20-year span,
we first restricted analysis to notes from clinically relevant encounter types,
including primary care, emergency visits, home-based primary care (HBPC),
memory clinics, neurology, neuropsychology, geriatrics, psychiatry, psy-
chology, cognitive care nursing, mental health clinics, compensation and
pension examinations, and consultation visits.

To prepare unstructured text for sentence-level classification, we
applied standard pre-processing steps. Sentence segmentation was per-
formed using spaCy53, which parsed clinical narratives into individual
sentences.We then applied basic sentencefilteringheuristics to remove low-
information or noisy inputs, such as those with fewer than three tokens,
numeric-only content, ormore than 125 tokens. These pre-processing steps
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ensured cleaner inputs and more consistent inference performance when
using LLMs.

Evaluation and performance metrics. For evaluation, in cases where
the AD specialist agent did not provide a definitive “Yes” or “No”
response—typically recommending further clinical evaluation instead—
we applied a consistent evaluation rule. Specifically, if the agent explicitly
stated there was noAD risk or that symptoms were not related to AD, the
case was classified as non-AD. All other responses, including expressions
of uncertainty or deferrals for further testing, were classified as AD-
positive, aligning with the study’s goal of identifying early, pre-diagnostic
risk indicators. This protocol reflects the clinical reality that early signs of
AD often emerge before formal diagnostic confirmation.

To quantifymodel performance, we used stratified bootstrapping with
5000 iterations to estimate 95% confidence intervals (CIs) for CARE-AD
and all baseline models. In each iteration, we resampled the test set with
replacementwhile preserving the original AD/control class distribution and
computed performance metrics. The 95% CI was calculated by taking the
2.5th and 97.5th percentiles of the resulting metric distribution.

Data availability
The data used in the preparation of this article are fromVHA. Approval by
the Department of Veterans Affairs is required for data access.

Code availability
Code for prediction models can be made available upon request. Relevant
packages includePEFT, LLaMa3.1 8B instruct53,54, LLaMa370B55,Autogen,
and Scikit-learn52. All prompts used in this work are in the supplementary.
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A B S T R A C T   

The importance of automating the diagnosis of Alzheimer disease (AD) towards facilitating its early prediction 
has long been emphasized, hampered in part by lack of empirical support. Given the evident association of AD 
with age and the increasing aging population owing to the general well-being of individuals, there have been 
unprecedented estimated economic complications. Consequently, many recent studies have attempted to employ 
the language deficiency caused by cognitive decline in automating the diagnostic task via training machine 
learning (ML) algorithms with linguistic patterns and deficits. In this study, we aim to develop multiple het
erogeneous stacked fusion models that harness the advantages of several base learning algorithms to improve the 
overall generalizability and robustness of AD diagnostic ML models, where we parallelly utilized two different 
written and spoken-based datasets to train our stacked fusion models. Further, we examined the effect of linking 
these two datasets to develop a hybrid stacked fusion model that can predict AD from written and spoken lan
guages. Our feature spaces involved two widely used linguistic patterns: lexicosyntactics and character n-gram 
spaces. We firstly investigated lexicosyntactics of AD alongside healthy controls (HC), where we explored a few 
new lexicosyntactic features, then optimized the lexicosyntactic feature space by proposing a correlation feature 
selection technique that eliminates features based on their feature-feature inter-correlations and feature-target 
correlations according to a certain threshold. Our stacked fusion models establish benchmarks on both data
sets with AUC of 98.1% and 99.47% for the spoken and written-based datasets, respectively, and corresponding 
accuracy and F1 score values around 95% on spoken-based dataset and around 97% on the written-based dataset. 
Likewise, the hybrid stacked fusion model on linked data presents an optimal performance with 99.2% AUC as 
well as accuracy and F1 score falling around 97%. In view of the achieved performance and enhanced gener
alizability of such fusion models over single classifiers, this study suggests replacing the initial traditional 
screening test with such models that can be embedded into an online format for a fully automated remote 
diagnosis.   

1. Introduction and motivation 

The recent digitalization waves have resulted in increased initiatives 
attempting to replace the traditional manual processes in various do
mains. One of the most attractive domains to many researchers is the 
automation of medical knowledge and decision support systems. Spe
cifically, medical diagnosis is an appealing and active research area; yet 
considered an extremely complicated task given the involved processes 
and vital corresponding procedures and treatments [1]. The assessment 
and diagnosis of neurodegenerative syndromes, including Alzheimer 
disease (AD), remain primarily clinical and psychometric in spite of the 

exceptional advances in information and communication technologies 
[2]. Due to its established association with the age and to the fact that it 
currently has no cure, AD has been linked to unprecedented estimated 
economic complications in the near future aligning with the expected 
growth of AD cases given the increased quality of life [3,4]. The early 
diagnosis of AD is, therefore, crucial as it enables a greater efficiency of 
pharmaceutical treatments that may mitigate the AD side effects [5–7]. 
Further, early stages of cognitive decline could be stabilized or curtailed 
in some cases [8–11]. Accordingly, there has been a call by concerned 
associations for replacing the initial traditional pen-and-paper screening 
tests with effective automated diagnostic procedures [2,12]. 
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In this context, Machine learning (ML) and natural language pro
cessing (NLP) could provide insights into linguistic mechanisms of AD 
patients, which have been underlined to be disrupted by early AD [13], 
leading to patterns and deficits that can be used for AD diagnosis. 
Subsequently, various language and speech analysis studies have 
recently investigated such patterns and deficits and asserted their 
interrelation with and contribution to early diagnosis of AD [14–23]. 
Among these patterns and deficits, lexicosyntactic (i.e., lexical and 
syntactic) processing has been recommended for further investigations 
owing to its ascertained deterioration in people with cognitive decline in 
general and in people with AD, specifically [24,25]. On that basis, this 
study aims to develop robust diagnostic models for predicting AD, 
employing modern ML algorithms trained with patterns and deficits 
extracted from spoken and written-based language samples. We partic
ularly aim to develop multiple heterogeneous ensemble models for 
predicting AD based on ensemble methods that combine the advantages 
of several single algorithms towards more robust predictive models. 

Ensemble methods have emerged to overcome challenges associated 
with single classifiers such as limited performance and increased pre
diction errors by exploiting several individual classifiers and combining 
their predictions [26]. There are generally two types of ensemble 
methods: homogeneous and heterogeneous ensembles [27]. Homoge
neous ensemble consists of a single-type base learning algorithm, ach
ieved by partitioning the training dataset and parallelly using the same 
base classifier on these partitions, with the most common examples 
being bootstrap aggregation and boosting. While the earlier is con
structed by the usage of different samples for building distinct trees for 
the same learning algorithm then generating an aggregate prediction 
[28], boosting refers to the usage of different weights to sequentially 
train learning algorithms that are generally considered weak [29]. A 
heterogeneous ensemble, on the other side, consists of members with 
different base learning algorithm and is achieved by employing such 
diverse types of base classifiers, where different strategies can be used to 
combine these features such as voting and stacked generalization. 
Voting ensemble methods mainly average the predictions of sub-models 
to construct a stronger model [30], and contrarily stacked generalization 
uses the predictions of a pool of base classifiers to train another classifier 
based on these predictions [31]. In this study, a heterogeneous ensemble 
method is built and evaluated using several diverse classifiers as the base 
learning algorithms. We select a heterogeneous ensemble method over 
the homogeneous method due to its diversity reflected from the different 
nature of base classifiers, which increases the generalizability and re
duces the uncertainty of the predictive model. Besides, its performance 
was seen to outperform that of homogeneous ensemble methods [32]. 
Despite the recent growing interest in using ML algorithms and NLP for 
predicting AD [4], the usage of ensemble methods in this context re
mains unexplored to date. Therefore, a novelty of this study lies in 
developing heterogeneous ensemble models that embed different clas
sifiers via a meta-classifier for the prediction of AD. 

Moreover, it is worth noting that the diagnosis of AD from written 
language has received less attention compared to that from spoken 
language even though writing could reveal the early signs of AD through 
evident lower grammatical complexity as well as lower idea density 
[15,33,34]. Especially, the use of written language samples in the 
automatic identification of AD by training ML algorithms has rarely 
been attempted [35]. Consequently, there has been a recent attempt to 
predict the disease from routine blogs written by AD patients, where 
Masrani et al. [35] crawled and used several blogs belonging to AD 
patients as well as healthy controls (HC) to train ML models. This initial 
step in using written language for ML-based identification of AD was 
followed by a further recent study, where Kong et al. [36] used the same 
blogs to train neural networks models. However, both studies have not 
explored ensemble methods to improve the results. They also have not 
addressed the effect of linked spoken and written language in the 
automatic identification of AD. As such, we investigate the potential of 
developing a hybrid heterogeneous ensemble model that can predict AD 

from spoken and written language by recrawling these blogs and use it 
alongside a spoken-based language datasets; the Cookie Theft Picture 
Corpus (CTPC) from DementiaBank1 dataset, which is the largest pub
licly available spoken-based dataset for such diagnostic task [37] and 
the major focus of most concerned researchers. Our recent work presents 
a comprehensive review of the work conducted using DementiaBank 
dataset [4]. 

For efficient learning of the base as well as heterogeneous ensemble 
classifiers, two distinct feature spaces are extracted from these datasets. 
We firstly investigate a few new lexicosyntactic features and examine 
them along with other lexicosyntactics, where we propose a correlation- 
based feature selection technique to optimize the entire lexicosyntactic 
feature space. Afterwards, we generate character-based vocabulary 
spaces to represent the stylistic properties of the language samples, 
motivated by their effectiveness in related tasks [38,39]. A fusion of the 
optimized feature spaces forms the optimal feature set for both the base 
as well as heterogeneous ensemble classifiers, leading to benchmark 
results on both datasets achieved with our stacked fusion models. 

The rest of the paper is structured as follow. We firstly discuss the 
proposed stacked fusion model is presented in section 2 alongside the 
feature spaces and optimization techniques. Afterwards, the experi
mental results and discussion are presented in section 3. Section 4 pre
sents a comparative analysis of our stacked fusion models against the 
state-of-the-art models on both datasets. Finally, we address the poten
tial drawbacks of our models before concluding this work. 

2. Methods and materials 

2.1. Datasets 

2.1.1. DementiaBank 
DementiaBank dataset is being the main openly available dataset for 

evaluating spoken language of patients with AD at present, collected via 
a longitudinal study from 1983 to 1988 with 45 to 90 years old English- 
speaking participants [37]. The Cookie Theft Picture description task, 
from the Boston Diagnostic Aphasia Examination “BDAE”, was used as a 
part of the study to elicit language samples from the participants by 
requesting each participant to describe the event happing in the picture 
and audio-recording the provided description. Afterward, a manual 
transcription was applied to these recordings by the dataset custodian 
using CHAT transcription protocol [40].This protocol is a part of the 
TalkBank2 project and was created via computational tools established 
to accelerate the automatic transcription of audio recordings especially 
for research purposes. All participants had received extensive neuro
psychological screening prior to performing the task. The corpus of the 
Cookie Theft Picture description Corpus (CTPC) comprises 548 samples 
in total; out of which, 243 samples belong to 98 HC, 236 samples 
retrieved from 189 CE patients, 43 samples deduced by 19 patients with 
Mild cognitive Impairment, 21 samples belong to patients with possible 
AD, and 5 samples belong to Vascular dementia patients. 

Since our study is concerned with the diagnosis of AD, we retained 
the language samples of AD alongside that of HC and discarded all the 
remaining samples. The number of samples belonging to HC group was 
down-sampled to equalize that of the AD group based on demographic 
attributes of participants such as age and level of education, following 
Orimaye et al. [41].The dataset preprocessing was initiated by extract
ing the word-level sentences then removing the annotations involved in 
the CHAT transcriptions protocol. Besides, we discarded the partici
pants’ demographic as our approach is exclusive to linguistic patterns. 

2.1.2. Alzheimer’s disease Blog corpus (ADBC) 
In contrary to DementiaBank dataset, the Alzheimer’s Disease Blog 

1 https://dementia.talkbank.org/  
2 https://talkbank.org/ 
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Corpus (ADBC) was originated from written language of people diag
nosed with dementia as well as healthy caregivers (HC) to demented 

people. Masrani et al. [35] initiated this corpus by scraping a total of 
2805 posts from six public blogs; two written by AD patients, one be
longs to a patient diagnosed with Lewy body, and three written by HC. 
Aligning with the focus of our study, our ADBC croups is inherited only 
from blogs belonging to AD and HC groups, where we recrawled these 
blogs as to enlarge the corpus volume, as some of these bloggers update 
their blogs regularly. Table 1 illustrates this corpus blogs alongside that 
of Masrani et al. 

2.1.3. Datasets notation 
The dataset D utilized in our study represents a set of Npairs of 

language samples and corresponding target class as D = (x1, y1), (x2, y2),

⋯,
(
xn, yn

)
in which, xi ∈ X and yi ∈ Y. Let X = {x1, x2, ...., xn} represents 

an input space of the language samples produced by Y = {y1, y2, ...., yn}

which, the later, denotes the HC and AD target classes. Wherein, xi =

(xi1 , xi2 , ...., xim )for ∀i ∈ (1,2,⋯, n) is the input vector defining the m- 
dimensional feature values of the ith language sample in X, and yi ∈

{0,1}∀i ∈ (1, 2,⋯, n) is the corresponding target class for the nth lan
guage sample. In such supervised classification task, a classifier is a 
mapping function f trained to label the input vector to a target class as 
f : X→Y so that given unseen language samples, it is able to predict the 
corresponding target class as illustrated in Eq. (1). 

f (x) = ŷ =

{
1, ifx ∈ AD
0, ifx ∈ HC (1) 

Each of our datasets D was shuffled and then randomly split into Dtrain 

as the training set and Dtest as the test set, applying the common 80/20 
split to train and test the proposed stacked fusion model in this work, 
detailed in Table 2, with examples illustrated in table (15) in the 
appendix. 

2.1.4. Proposed methodology 
In order to optimize the prediction of AD, we propose a stacked 

fusion model optimized via two different filter-based feature reduction 
techniques. Our experimental design of the proposed model adopts 10- 
fold cross validation (CV) approach to evaluate the performance of the 
model in classifying people with AD from HC using spoken and written 
languages. The framework of the stacked fusion model is illustrated in 
Fig. 1, which comprises four phases detailed in below sections and 
illustrated as follow:  

• Datasets preprocessing and feature extraction: In this phase, raw data 
from original datasets is preprocessed and transformed into a suit
able format for analysis and machine learning algorithms. This phase 
also involves extracting lexicosyntactic features and character-level 
vocabulary spaces.  

• Dimensionality reduction: This phase presents the optimization 
techniques of our feature spaces.  

• Classifiers training: The development of the proposed stacked fusion 
model involves two-level learning process; level-0 for training the 
single individual classifiers as base learners using K-fold cross vali
dation approach on the training set Dtrain and level-1for training the 
stacked fusion models on top of base learners, using the output of 
level-0 as the training set.  

• Alzheimer’s disease prediction: During this phase, the proposed 
stacked fusion models are tested using a held-out test set Dtest . This 
model is based on stacked generalization, which is an ensemble 
technique that aims to reduce the generalization error by using the 
predictions of a pool of base classifiers to train another classifier 
based on these predictions [31]. 

2.1.5. Feature engineering 
Our feature space in this study incorporates two widely used patterns 

of connected speech: lexicosyntactic features and n-gram vocabulary 
spaces. Lexicosyntactic features are established as promising patterns in 

Table 1 
Blog corpus information.  

URL (http://*.blogspot.ca) Number of Posts  Diagnosis  

Masrani et al. Ours ADBC  

living-with-alzhiemers 344 656 AD 
creatingmemories 618 706 AD 
parkblog-silverfox 692 - Lewy body 
journeywithdementia 201 274 HC 
Earlyonset 452 609 HC 
helpparentsagewell 498 509 HC 
Total posts 2805 AD 1362 - 

HC 1392  
2754   

Table 2 
Number of samples from CTPC and ADBC.  

Dataset Number of samples Dtrain Dtest 

AD HC AD HC AD HC 

CTPC 236 236 189 189 47 47 
ADBC 1362 1392 1090 1114 272 278  

Fig. 1. The proposed stacked fusion model framework.  
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the AD diagnostic task [4,42] and have been recommended for further 
investigations given its association with early cognitive decline [24,25]. 
On the other side, n-gram vocabulary spaces have attracted several NLP 
researchers concerned with dementia diagnosis [41–44]. This two-level 
feature space is detailed as follows: 

Lexicosyntactic: Our lexicosyntactic feature space involves several 
features, amongst them are a few features investigated by other re
searchers, consisting of type-token ratio (TTR) [45], character, word, 
and sentence counts [42], content density and idea density [17], func
tional words, noun to verb and verb to noun indexes, active and passive 
proposition densities as well as open-class and closed-class ratios [4]. In 
Addition, this space was extended with other lexicosyntactic features 
that have rarely been applied to AD diagnostic task including sentence 
count, average lengths of word and sentences, type-token count (TTC). 
We also investigated new measures, namely lengths of open and closed 
classes, averaged open and closed classes, and averaged idea to content 
density, motivated by previous findings asserting the increased usage of 
propositions and verbs compared to nouns as AD progresses 
[15,17,46,47]. The lexicosyntactic feature space is described as follows:  

• Character count: Measures the absolute character count.  
• Word count: Measures the absolute number of words, taking 

repeated words into account.  
• Sentence count: Measures the absolute sentences count.  
• Average word length: Measures the total word length (i.e., character 

count) to the word count.  
• Average sentence length: Measures the total sentence length (i.e., 

word count) to the sentence count.  
• Stopwords count: Also named functional words, which represent a 

collection of words that appear in most documents and typically 
considered noisy in NLP tasks. Nevertheless, they could aid the AD 
diagnostic task given the deteriorated language production in AD 
patients [4].  

• Stopwords ratio: Measures the total count of functional words (e.g., 
the, is, and are) to the word count.  

• Type-token count: Type-token count (TTC) is the absolute number of 
unique POS tagged tokens (e.g., noun count, verb count, and adjec
tive count).  

• Type-token ratio: Type-token ratio (TTR) is the absolute number of 
unique POS tagged tokens to the total word count (e.g., noun ratio, 
pronoun ratio, and adverb ratio).  

• Open class and closed class counts: At a higher level of word classes, 
POS tags are grouped into two main classes; open class and closed 
class. Open class denotes an infinite total of new words that can be 
added or created including nouns, verbs, adjectives, adverbs, and 
interjections. Closed class, on the other hand, is a small fixed set that 
includes pronouns, conjunctions, prepositions, auxiliary verbs, ad- 
positions , determiners, particles, and modals [48,49]. We measure 
the total counts of open class and closed class, respectively.  

• Open class and closed class ratios: In contrary to open class and 
closed class counts, open class ratio measures the total of open class 
words to the absolute word count as open class ratio and, likewise, 
closed class ratio is the total of closed class words to the absolute 
word count as closed class ratio.  

• Idea density: Idea density is a measure of language complexity that 
calculates the total expressed propositions to the total word count, 
where verbs and all their arguments (i.e., adjectives, adverbs, con
junctions, and prepositions) constitute one proposition [17].  

• Content density: Content density is another language complexity 
measure that calculates the open class ratio to the closed class ratio 
[17].  

• Noun to verb index: Measures the noun ratio to the verb ratio, by 
calculating the total number of nouns to the total word count then 
dividing the result by the total number of verbs to the word count.  

• Verb to noun index: Measures the verb ratio to the noun ratio, by 
calculating the total number of verbs to the total word count then 
dividing the result by the total number of nouns to the word count. 

• Active proposition density: Measures the total ratios of verbs, ad
verbs, and adjective to the noun ratio.  

• Passive proposition density: Measures the noun ratio to the total 
ratios of verbs, adverbs, adjective.  

• Word class count: Measures the absolute count of open and closed 
classes, by calculating the total number of words that belong to either 
open or closed classes.  

• Word class ratio: Measures the total ratios of open class and closed 
class to the word count.  

• Mean content density: Measures the ratio of propositions, where 
verbs and all their arguments (i.e., adjectives, adverbs, conjunctions, 
and prepositions) constitute one proposition [17], to the content 
density (i.e., the open class ratio to the closed class ratio). 

The POS annotation of the utilized datasets was performed using 
NLTK3 POS tagger, which was trained with maximum entropy on the 
corpus of Penn Treebank [50]. NLTK POS tagger uncovered 30 tags from 
the CTPC and 36 tags from the ADBC. 

2.1.6. N-gram Character spaces: 
N-gram spaces refer to an adjacent series of n tokens typically 

extracted from a written or spoken language sample, which could be 
characters, words, or phonemes. Character n-grams are effective and 
recognized better than content words, especially on data inherited from 
blogs and connected language corpora [51]. In a series of characters 
tokens T = (t1, t2,⋯, tN+(n− 1)), an n-gram is any n-length sequential to
kens, where the ith n-gram of T is (ti, ti+1,⋯,ti+n− 1). For instance, a series 
of 1-grams “i.e., unigrams” extracted from the sentence “AD_is_a_prog
ressive_disease” would be: A, D, _, i, s, _, a, _, p, r, o, g,…; a 2-grams “i.e., 
bigrams” series from the same sentence would be: AD, _i, s_, a_, pr, og, re, 
ss,…; 3-grams “i.e., trigrams” are: AD_, is_, a_p, rog, res, siv,…; and so 
forth. Owing to their optimal performance in a similar task [51,52], our 
n-gram character spaces consists of low-level bigrams and trigrams 
extracted after the removal of stopwords. 

3. Feature scaling 

Feature scaling transforms the feature space into a unified scale with 
a mean x̂ = 0 and σ = 1. It is considered an important step especially 
when fitting learners that rely on gradient descent (e.g., MLP) which 
lead to a faster converge. As such, we rescaled the lexicosyntactic feature 
space extracted from the utilized datasets using RobustScaler due to its 
robusness to outliers, where it eliminates the bottom and top quartiles. 
Eq. (2) represents this normalization technique, where xι is the scaled 
feature value, Q1is the 1st quarile which equals to 25%, and Q3is the 3rd 
quartile that equals to 25%. 

xι =
xi − Q1(x)

Q3(x) − Q1(x)
(2) 

This scaler has been recommnded for normalizing such feature space 
where detecting outliers entials defining an acceptable range of each 
feature by a medical espcailist and thus sometimes not applicable [53]. 

3.1. Feature selection 

Reducing the feature space without sacrificing the performance is 
generally preferred. Specifically, with textual feature space that is 
typically prone to the high dimensionality issue given the numerical 
representation of texts which not only leads to an increased 

3 http://www.nltk.org/ 

A.H. Alkenani et al.                                                                                                                                                                                                                            

http://www.nltk.org/


Journal of Biomedical Informatics 118 (2021) 103803

5

computational complexity, but also has a direct negative effect on the 
performance of ML algorithms [54]. Alleviating this issue is commonly 
achieved via reduction of feature space using either feature extraction or 
feature selection. While the earlier reduces the space by generating a 
smaller new feature space out of the original one, feature selection aims 
at selecting an optimal subset of the feature space that optimize the 
learning algorithm. Due to the difficulty of interpreting the new feature 
space resulted from feature extraction given the loss of original space’s 
meaning [55], feature selection would be more appropriate to such 
diagnostic tasks. Feature selection methods can be grouped into filter, 
wrapper, and embedded categories, where filter methods are more 
general and have attracted many NLP researchers in consequence of 
their relatively-low computational complexity and nature of being in
dependent of any learning algorithms [56]. Accordingly, we selected 
filter methods for revealing the most informative space. Filter methods 
have been effective in optimizing the learning robustness of learning 
algorithms with small feature spaces in related studies [42]. The feature 
selection process is explained as follows: 

3.2. Correlation based feature selection (CFS) 

Correlation-based feature selection (CFS) is a well-known filtering 
technique for selecting the optimal subset of features by calculating the 
feature-class correlation and feature-feature inter-correlation [57]. 
While a feature is generally considered relevant if it is correlated with 
the target class, it is also considered redundant if it highly correlates 
with one or more feature in the feature space [58]. Eliminating such 
irrelevant and redundant features is crucial to enhancing the perfor
mance of learning algorithms. Subsequently, we present a correlation- 
based feature selection method that takes these two main principals 
into account towards selecting the optimal subset of our lexicosyntactic 
feature space. In the proposed method, we fuse two well-established 
correlation evaluation algorithms, namely the Pearson’s correlation 
[59] and mutual information [60], to reveal the importance of the lex
icosyntactic features with an overall aim to select a reduced feature 
space that contains only highly predictive features of the target class 
and, on the other hand, within a certain predetermined correlation 
threshold. 

The Pearson’s correlation is a widely used feature-feature and 
feature-class relationship measure that indicates the direction and 
strength of the linear relationship between two variables [61]. Its ab
solute value ranges between − 1 to1, where a value less than zero rep
resents a negative relationship and, contrarily, a value greater than zero 

indicates a positive relationship [62]. The mutual information, on the 
other side, is an efficient information theory-based measurement for 
feature-class inter-dependency [63]. It is considered the most compre
hensive measure of the total dependence between two different vari
ables given its virtue of measuring both linear and nonlinear 
dependencies, which can handle complex relationships [64]. Unlike 
Pearson’s correlation, the value of mutual information is more open- 
ended, ranging from zero for total independence to infinity for com
plete correlation. 

In our proposed method, we firstly assign pairwise inter-correlation 
coefficients to the feature space using Pearson’s correlation (r) as given 
in Eq. (3) where,r(x, y ) represents the correlation of the linear rela
tionship between two features × and y, xi and yi are the ith observa
tions in the variables x and y whereas x and y are the means of variables 
x and y, respectively, and N is the total number of observations. Sx and 
Sy are the standard deviations for variables x and y, respectively. 

r(x, y ) =
∑ (xi − x)(yi − y)

(N − 1)(sx)
(
sy
) (3) 

Afterwards, mutual information (I) is used for measuring the inter- 
dependency of a feature and the target class as demonstrated in Eq. 
(4) in which, P(c , f ) signifies the joint probability function of C and F, 
P(f ) and P(c ) are the probability density functions of C and F, 
respectively. 

I(F,C) =
∑

f∈F

∑

c∈C
P(c, f )log

P(f , c)
P(f )P(c)

(4) 

The fusion of these two measures forms an intelligent block that 
captures the most predictive features while maintain a given feature- 
feature inter-correlation threshold. Considering the diagnostic task in 
this work, we follow the guideline to appropriate usage of correlation in 
medical research presented by a previous work [59], which suggests that 
a correlation coefficient below (-)0.30 is considered neglected relation 
and, contrarily, over (-)0.70 is a high correlation. It also concluded that a 

Table 3 
A contingency table of feature t and class c.   

Class c Different c Total c 

Term t a b a + b 
Different term t c d c + d 
Total t a + c b + d Grand Total N  

Algorithm 1. Correlation Based Feature Selection 

Input: F←lexicosyntactic features, F = {f1,⋯fn}inD   
C←the set of Classes, C = c1,c2   

L←Corrleation level (0.5)
Output: OFS ←Optimal Feature Set in F  
1: initialize a pairwise correlation coefficient matrix S of all features in F and let Sij = 0; OFS = ∅  
2: for i = 1 to n  
3: for j = 1 to n  
4: Sij = r

(
f i, f j

)/
/Eq.(3)

5: if Sij ≥ L  
6: if I({f i},C) ≥ I({f j},C)//Eq.(4)
7: OFS = OFS∪ {f i}

8: else  

9: OFS = OFS∪ {fj}

10: endif  
11: endif  
12: endfor  

13: endfor  
14: Return OFS    
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value ranging between (-)0.30 to (-)0.50 indicates a low relation and (-) 
0.50 to (-)0.70 represents a moderate relation. As such, we set the 
threshold value to (-)0.50. Accordingly, in the proposed method, we 
firstly create a correlation coefficients matrix of feature-feature using 
Pearson’s correlation (r). In case a coefficient of a pair of features 
overlaps with the given threshold value, it is then passed to mutual in
formation (I), which returns the feature-class dependencies of each 
pairwise features in the matrix. Finally, the most predictive feature out 
of this pair is retained. This procedure is iterated until the feature space 
is neglectable-to-moderately correlated. This method is demonstrated in 
algorithm 1.N-gram vocabulary spaces: The chi-square (X2) statistic is 
an information-theoretic based feature selection method commonly 
used for revealing the most relevant feature space [65–67]. It presumes 
different distributions of top terms (i.e., character spaces in this study) 
tp in negative and positive samples of class ci. The X2 assesses how 
dependent a term t and a class c are, where an increased score indicates a 
strong relevancy. The calculation of the score between a term t and a 
class c is exemplified in the illustrated contingency table (i.e., Table 3), 
wherein each cell denotes an observed value and the observed values are 
then used to compute the estimated value “E” as E =

(totalt*totalc)/grandtotalN. Eq. (5) represents the X2 statistic. 

X2( tp, ci
)
=

N(ad − bc)2

(a + b)(c + d)(b + d)(a + c)
(5) 

Whereby: the total samples in a dataset is represented by N, the total 
samples in class ci that involves the term tp is represented by a; the total 
samples of other classes that contain the term tp is represented by b; the 

total samples in class ci that do not include the term tp is represented by 
c; and the total samples belong to other classes that do not contain the 
term tp is denoted by d. A score then is allocated for each feature per each 
class, where all given values are then framed into a final X2 value. 

3.3. The proposed fusion model 

In supervised classification, a classifier is considered a mapping 
function f trained to label the input vector to a target class as f : X→Y so 
that given unseen language samples, it is able to predict the corre
sponding target class. An ensemble classifier F is built using multiple 
classifiers asF (x) = f ι(f 1(x), f 2(x), ..., f T(x)), which typically out
performs single classifiers. 

3.4. The development of the proposed stacked fusion model is described as 
follows: 

3.4.1. Single classifier models 
Our set of single classifiers includes Random Forest (RF), Extreme 

Gradient Boosting (XGB), Linear discriminant analysis (LDA), Support 
Vector Machine (SVC), Gaussian Naïve Bayes (GNB), Logistic Regression 
(LR), and Multi-layer Perceptron (MLP), which are predetermined in this 
study given their well performance in related studies [68,69]. In this 
context, we refer to this set as level-0 learners f ι. Each of these classifiers 
was optimized by cross-validated grid-search over a parameter grid and 
then assigned the best performing parameters. 

Table 4 
Results of the base classifiers on the CTPC.  

Feature space Model AUC Acc F1 

35 LS RF 89.88 80 79.12 
LDA 89.53 78.95 78.26 
MLP 90.64 77.89 77.42 
LR 90.78 82.11 81.72 
SVC 91.67 83.16 82.98 
GNB 83.16 78.95 79.59 
XGB 90.37 76.84 76.6 

14 LS Sig. RF 83.58 77.89 76.92 
LDA 90.82 83.16 82.98 
MLP 92.03 80 79.57 
LR 91 84.21 83.87 
SVC 91.04 83.16 82.98 
GNB 86.54 81.05 80.85 
XGB 89.8 76.84 76.09 

Top 200 Bi.-Tri. RF 94.3 84.21 83.52 
LDA 89.8 80 79.12 
MLP 95.19 88.42 87.64 
LR 93.05 83.21 83.58 
SVC 95.5 86.32 85.06 
GNB 86.5 82.11 81.32 
XGB 91.67 83.16 82.22 

Top combined 200 LS-Bi.-Tri. RF 95.86 85.26 84.78 
LDA 90.37 82.11 81.32 
MLP 97.26 90.53 89.89 
LR 93.81 84.21 83.87 
SVC 94.79 84.21 83.52 
GNB 86.5 82.79 83.17 
XGB 95.14 88.42 87.64 

Top combined 200 LS Sig.-Bi.-Tri. RF 95.72 87.37 87.23 
LDA 90.46 82.05 81.32 
MLP 98.31 94.74 94.25 
LR 95.05 85.26 85.11 
SVC 95.68 85.26 85.42 
GNB 86.32 83.16 84 
XGB 95.59 88.42 87.64 

LS., Lexicosyntactic feature space; LS. Sig., Significant lexicosyntactic feature 
space; Bi.-Tri., Bigrams and trigrams space; LS-Bi.-Tri., Fusion of lexicosyntactic, 
bigrams and trigrams spaces; LS Sig.-Bi.-Tri, Fusion of significant lex
icosyntactic, bigrams and trigrams spaces 

Table 5 
Results of the base classifiers on the ADBC.  

Feature space Model AUC Acc F1 

35 LS RF 92.39 84.78 84.96 
LDA 89.88 84.75 84.84 
MLP 93.39 85.02 85.17 
LR 89.89 84.57 84.68 
SVC 88.99 83.82 83.62 
GNB 82.65 76.77 75 
XGB 92.78 85.75 85.92 

14 LS sig. RF 92.58 86.03 86.18 
LDA 89.41 83.85 84.02 
MLP 93.54 86.93 87.14 
LR 89.42 84.39 84.59 
SVC 89.71 85.3 85.25 
GNB 85.24 78.04 78.73 
XGB 93.39 86.03 86.32 

Top 200 Bi.-Tri. RF 95.11 90.83 91.2 
LDA 94.05 93.99 94.01 
MLP 96.33 93.33 93.75 
LR 93.69 89.93 89.83 
SVC 95.11 91.67 92.06 
GNB 92.59 91.5 91.03 
XGB 95.47 91.83 91.96 

Top combined 200 LS-Bi.-Tri. RF 95.5 94.56 94.58 
LDA 94.78 94.56 94.55 
MLP 96.42 95.01 95.01 
LR 95.69 90.93 91.04 
SVC 95.9 93.47 93.57 
GNB 93.87 91.37 91.45 
XGB 95.49 92.1 92.9 

Top combined 200 LS sig.-Bi.-Tri. RF 96.56 94.74 94.76 
LDA 94.99 94.74 94.77 
MLP 96.89 95.19 95.17 
LR 95.23 91.47 91.65 
SVC 96.11 93.56 93.76 
GNB 94.9 91.56 91.58 
XGB 95.51 92.47 93.1 

LS., Lexicosyntactic feature space; LS. Sig., Significant lexicosyntactic feature 
space; Bi.-Tri., Bigrams and trigrams space; LS-Bi.-Tri., Fusion of lexicosyntactic, 
bigrams and trigrams spaces; LS Sig.-Bi.-Tri, Fusion of significant lex
icosyntactic, bigrams and trigrams spaces 
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3.4.2. Stacked fusion model 
Stacked generalization is a fusion learning technique driven by the 

principle of ensemble methods which entails combining the estimates of 
multiple base predictors to enhance the performance and generaliz
ability over a single predictor [31,70]. In this paper, a stacked fusion 
model that assembles several diverse base classifiers is presented. The 

learning process from the training set Dtrain of this fusion model consists 
of two levels; a meta-classifier at a higher level (i.e., level-1) is trained on 
out-of-fold estimates of the base classifiers (i.e., level-0), producing a 
final estimate of the overall stacked model, as depicted in Fig. 1. To 
avoid overfitting that may result from training both levels on the same 
training set Dtrain, K-fold cross validation (CV) is incorporated in stack
ing, which is the most widely used evaluation technique of classification 
performance. It partitions Dtrain into predefined K disjoint subsets and 
runs the learning algorithm over K iterations, each of which entails 
training the learning algorithm on K-1 subsets and then using the trained 
model to predict on the remaining subset then return the model score. 
We assign K = 10 for eliminating the difference between true and pre
dicted values as to reduce the bias [71]. The average score of all itera
tions is then returned as the final prediction score. This process is 
applied to each of the base classifiers f , and then they are evaluated in 
parallel. Considering the associated computational complexity, we 

purify the set of base classifiers by selecting only the best performing 
classifiers. The output of the purified set of base classifiers f ι then forms 
the input feature space for the meta-classifier F . Algorithm 2 illustrates 
this training process. 

The develomnet of our stacked fusion model was carried out using 
Scikit-Learn4 library, Python version 3.7.3. 

This stacked fusion model can be deemed as a collective estimator of the 
errors resulting from the base classifiers against a specific training set 
that purifies these errors. On the other hand, it can be considered as a 
meta MLP that harnesses the base models (i.e., level-0) as neural units of 
a hidden layer and the meta model (i.e., level-1) as units of the output 
layer with an overall aim of increasing the prediction performance and 
generalizability of the model. 

3.4.3. Evaluation 
The performance evaluation of models presented in this work was 

carried out using a commonly used measurement in biomedical 
research, Area Under the Receiver Operating Characteristic curve 
(AUC). The AUC efficiently summarizes the performance of a diagnostic 
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Fig. 2. Results of the base classifiers on the CTPC.  

Algorithm 2. Stacked Generalization with K-fold Cross Validation 

Input: Training dataset Dtrain =
{

xi, yi
} m

i=1(xi ∈ Sn ,yi ∈ Y, where Sn is the feature space, Y is the class label set,
and m is the number of trainng exambles  

Output: Stacking fusion model F  
1: Step1 : Adopt cross validation approach in preparing a training set for second − level classifier (level − 1)
2: Randomly split Dtrain into K equal − size subsets : Dtrain = {Dtrain1 ,Dtrain2 , ...,DtrainK }

3: for k←1 to K do  
4: Step 1.1 : Learn first − level classifier  
5: for t←1 to T do, where T is the total number of training sets  
6: Learn a classifier f kt from Dtrain\DtrainK , where f is a base classifier  
7: endfor  
8: Step 1.2 : Evaluate each of 1st − level classifiers and select only the best n predictive classifiers, where n =4  
9: Step 1.3 : Construct a training set for 2nd − level classifier using the selected n classifiers  
10: for xi ∈ DtrainK do  
11: Get a record{xι

i ,yi}, where xι
i = {f k1(xi), f k2(xi), ..., f kT(xi)}

12: endfor  
13: endfor  
14: Step2 : Learn second − level classifier  
15: Learn a new classifierf ι from the collection of {xι

i ,yi}

16: return F (x) = f ι(f 1(x), f 2(x), ..., f T(x))   

4 https://scikit-learn.org/stable/ 
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model and has been used across various diagnostic studies [72]. Eq. (6) 
illustrates this metric, where i runs over all m samples labeled 1 (i.e., 
AD), and j runs over all n samples labeled 0 (i.e., HC); pi and pj symbolize 
the probability score given by the classifier to sample i and j, sequen
tially. One (i.e., 1) is the output if the condition pi > pj is satisfied. 

AUC =
1

mn

∑m

i=1

∑n

j=1
1pi>pj (6) 

Besides, we use two other measurements widely utilized for assessing 
classification models, namely Accuracy and F1 score. Eq. (7–8) represent 
these metrics wherein, the total of correctly identified samples as posi
tive signifies the True Positives (TP), the total of incorrectly identified 
samples as positive corresponds to the False Positives (FP), and the False 
Negative (FN) is the total of samples that have incorrectly been classified 
as negative. The weighted results are reported for F1 score. 

Accuracy =
TP + TN

TP + TN + FP + FN
(7)  

F1 = 2*
TP

TP + 1
2 (FP + FN)

(8)  

4. Results and discussion 

The evaluation of our proposed fusion system entailed extensive 
experiments using both the ADBC and CTPC datasets to determine the 
extent to which it is efficient, initiated with lexicosyntactic features 
followed by character-based n-grams and a fusion of both feature spaces. 

We firstly experimented with the entire lexicosyntactic space, including 
35 features, which then was optimized by reducing the redundant fea
tures via a proposed CFS technique that eliminates inter-correlated 
features based on their relation to the target class. Afterwards, we 
experimented with different character n-grams to disclose the most 
discriminative spaces, where a combination of bigrams and trigrams was 
the most discriminative of the AD and HC on both ADBC and CTPC 
datasets. Given the scope of this paper, we reported only results of 
models based on this combination of bigrams and trigrams. Besides, we 
present a new approach of identifying AD through linked data, where we 
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Fig. 3. Results of the base classifiers on the ADBC.  

Table 6 
Comparison of stacked fusion models with entire and reduced base classifiers on 
the CTPC.  

Feature space Model AUC Acc F1 

35 LS SFM – 7Cs 91.4 77.89 77.42 
SFM – 4Cs 91.7 78.95 78.72 

14 LS sig. SFM – 7Cs 89.3 80 80 
SFM – 4Cs 92.8 82.11 82.11 

Top 200 Bi.-Tri. SFM – 7Cs 91.9 86.01 86 
SFM – 4Cs 95.3 87.64 88.42 

Top combined 200 LS-Bi.-Tri. SFM – 7Cs 97.11 91.95 92.63 
SFM – 4Cs 97.9 93.68 93.18 

Top combined 200 LS sig.-Bi.-Tri. SFM – 7Cs 97.5 91.58 90.91 
SFM – 4Cs 98.1 95.35 95.79 

LS., Lexicosyntactic feature space; LS. Sig., Significant lexicosyntactic feature 
space; Bi.-Tri., Bigrams and trigrams space; LS-Bi.-Tri., Fusion of lexicosyntactic, 
bigrams and trigrams spaces; LS Sig.-Bi.-Tri, Fusion of significant lex
icosyntactic, bigrams and trigrams spaces; SFM, Staked fusion model; Cs, Base 
classifiers 

Table 7 
Comparison of stacked fusion models with entire and reduced base classifiers on 
the ADBC.  

Feature space Model AUC Acc F1 

35 LS SFM – 7Cs 92.99 84.84 84.84 
SFM – 4Cs 93.4 86.01 86.7 

14 LS sig. SFM –7Cs 92.5 85.3 86.11 
SFM – 4Cs 93.8 86.75 87.03 

Top 200 Bi.-Tri. SFM –7Cs 96.8 93.11 93.56 
SFM – 4Cs 97.5 94.17 94.49 

Top combined 200 LS-Bi.-Tri. SFM –7Cs 97.01 96.49 96.47 
SFM – 4Cs 98.11 97.01 97.03 

Top combined 200 LS sig.-Bi.-Tri. SFM –7Cs 98.03 96.26 96 
SFM – 4Cs 99.47 97.37 97.67 

LS., Lexicosyntactic feature space; LS. Sig., Significant lexicosyntactic feature 
space; Bi.-Tri., Bigrams and trigrams space; LS-Bi.-Tri., Fusion of lexicosyntactic, 
bigrams and trigrams spaces; LS Sig.-Bi.-Tri, Fusion of significant lex
icosyntactic, bigrams and trigrams spaces; SFM, Staked fusion model; Cs, Base 
classifiers 

Table 8 
Results of the ensemble methods on the CTPC.  

Feature space Model AUC Acc F1 

35 LS Voting 90.69 78.11 78.03 
SFM 91.7 78.95 78.72 

14 LS sig. Voting 92.07 81.16 81.98 
SFM 92.8 82.11 82.11 

Top 200 Bi.-Tri. Voting 94.63 87.37 87.96 
SFM 95.3 87.64 88.42 

Top combined 200 LS-Bi.-Tri. Voting 95.99 91.11 91.32 
SFM 97.9 93.68 93.18 

Top combined 200 LS Sig.-Bi.-Tri. Voting 97.37 91.58 91.3 
SFM 98.1 95.35 95.79 

LS., Lexicosyntactic feature space; LS. Sig., Significant lexicosyntactic feature 
space; Bi.-Tri., Bigrams and trigrams space; LS-Bi.-Tri., Fusion of lexicosyntactic, 
bigrams and trigrams spaces; LS Sig.-Bi.-Tri, Fusion of significant lex
icosyntactic, bigrams and trigrams spaces 
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use the optimal feature space extracted from a fusion of both ADBC and 
CTPC datasets for training our base classifiers and the stacked fusion 
model. These results are presented in the following subsections. 

4.1. Results of base classifiers 

This section presents the evaluation of our seven base classifiers RF, 
XGB, LDA, SVC, GNB, LR, and MLP, employing different feature spaces 
extracted from both CTPC and ADBC datasets, with each space classified 
with base and stacked fusion models. Tables 4, 5 shows the performance 
of these models on a held-out dataset, presenting the AUC, accuracy, and 
F1 score of each model. 

For CTPC lexicosyntactic feature space, we observed that SVC 
generated the best values of 91.67%, 83.16%, and 82.98% for AUC 

accuracy, and F1 score, respectively. For the optimized lexicosyntactic 
feature space, LR presented the best accuracy and F1 score of 84.21% 
and 83.87%, respectively. except for AUC. However, MLP slightly sur
passed others with an AUC of 92.03%. This is mirrored in differentiating 
AD and HC groups from written language (i.e., ADBC), where MLP 
resulted in the best AUC on the entire as well as optimized lex
icosyntactic spaces with values of 93.39% and 93.54%, respectively. 
While XGB showed the highest performance on the ADBC entire lex
icosyntactic feature space with an accuracy of 85.75% and F1 score of 
85.92%, MLP took the lead with the optimized lexicosyntactic space, 
achieving 86.93% accuracy and 87.14% F1 score. 

Our n-gram space was seen to be effective in classifying AD and HC 
groups using both spoken and written language. For the CTPC testing 
set, SVC presented the best AUC of 95.5%, followed by MLP with a value 
of 95.19%, which, the later, also resulted in the best accuracy and F1 
score with values of 88.42% and 87.64%, respectively. Likewise, we 
observed that the ADBC testing set was better classified with MLP with 
96.33% AUC, but LDA outperformed others in terms of accuracy and F1 
score of 93.99% and 94.01% in a row. On the other hand, while the 
fusion of lexicosyntactic and n-gram spaces enhanced all the base clas
sifiers, we observed that MLP responded best to this fusion among these 
classifiers, scoring improved values on CTPC with all metrics with AUC 
of 97.26%, accuracy of 90.53%, and F1 score of 89.89%. This is inter
estingly mirrored on the ADBC testing set, where MLP scored the best 
response to the fusion of lexicosyntactic and n-gram spaces by achieving 
the highest AUC of 96.89%, accuracy of 95.19%, and F1 score of 
95.01%. Likewise, fusing the optimized lexicosyntactic space with the n- 
gram space led to the best results on both datasets achieved with MLP, 
which could classify the CTPC testing set with 98.31% AUC, 94.74% 
accuracy, and 94.25 F1 score. Despite the slight difference between the 
base classifiers for differentiating the ADBC testing set, MLP generated 

Table 9 
Results of the ensemble methods on the ADBC.  

Feature space Model AUC Acc F1 

35 LS Voting 93.01 85.99 86.11 
SFM 93.4 86.01 86.7 

14 LS Sig. Voting 93.19 86.11 86.48 
SFM 93.8 86.75 87.03 

Top 200 Bi.-Tri. Voting 96.11 93.33 93.65 
SFM 97.5 94.17 94.49 

Top combined 200 LS-Bi.-Tri. Voting 97.24 96.01 96.03 
SFM 98.11 97.01 97.03 

Top combined 200 LS sig.-Bi.-Tri. Voting 98 96.55 96.55 
SFM 99.47 97.37 97.67 

LS., Lexicosyntactic feature space; LS. Sig., Significant lexicosyntactic feature 
space; Bi.-Tri., Bigrams and trigrams space; LS-Bi.-Tri., Fusion of lexicosyntactic, 
bigrams and trigrams spaces; LS Sig.-Bi.-Tri, Fusion of significant lex
icosyntactic, bigrams and trigrams spaces; SFM, Stacked fusion model 
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the best results with an AUC of 96.89%, accuracy of 95.19%, and F1 
score of 95.17%. 

From the short review above, key observations emerge: firstly, the 
optimized lexicosyntactic space fused with the n-gram space presents 
the optimal space for our base classifiers, leading to an improved clas
sification performance on both spoken and written language. We also 
observed that the performance of all the classifiers improved as we 
optimized and fused the feature spaces with an exemption to that being 
the CTPC optimized lexicosyntactic feature space, where the perfor
mance dropped for some classifiers. Figs. 2, 3 show a direct comparison 
of the feature spaces and the corresponding performance of our base 
classifiers. 

4.2. Results of stacked fusion models 

It is an intuitive anticipation to see an improved performance 
resulted from ensemble classifiers. Accordingly, we expect our stacked 
fusion models to increase the performance over the single base classi
fiers. Several experiments were conducted to evaluate and compare our 
proposed models, where we firstly compare our stacked fusion models 
that were built based on entire set of base classifiers alongside that of the 
purified set of base classifiers. Afterwards, we compare these stacked 
fusion models against soft voting, which is another popular and effective 
ensemble method. Each feature space was utilized separately prior to 
feature fusion. The results are summarized in this section and illustrated 
in Tables 6-9. 

Our experiments showed gradual improvements of stacked fusion 
models based on purified set of base classifiers (i.e., RF, MLP, SVC, and 
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XGB) against the entire base classifiers as we optimized and fused 
feature spaces. As illustrated in Tables 5, 6, reducing the set of classifiers 
enhanced the learning process of the meta-classifier resulting in an 
enhanced performance over all the feature spaces. For instance, while 
there was an improvement of AUC by 0.3 – 0.4% on the lexicosyntactic 
space of both datasets, the values of accuracy and F1 score improved by 
a larger margin of 1 – 1.5%. This was the case with the optimized lex
icosyntactic space on both datasets, where we observed improvement by 
1.5 – 3.5% on AUC and 1.5 – 2% on accuracy and F1 score. The behavior 
of the stacked fusion models using character n-grams was relatively 
similar, with the fusion of the optimized lexicosyntactic and n-grams 
spaces led to the best results achieved with the stacked fusion models 
based purified set of base classifiers. Figs. 4, 5 depict the behaviours of 
these stacked fusion models. 

In the comparison of our best performing stacked fusion models 
against the voting ensemble models, we observed that the stacked fusion 
models surpassed the voting models on all spoken and written-based 
feature spaces. For the CTPC original lexicosyntactic space, the 
stacked fusion model scored 91.7% AUC, 78.95% accuracy, and 78.72% 
F1 score against 90.69% AUC, 78.11% accuracy, and 78.03 F1 score 
achieved with the voting model. This is the case with ADBC, showing the 
relative effectiveness of stacked model over the voting model. As shown 
in Tables 7, 8, using the optimized lexicosyntactic space improved the 
values of these metrics by 0.45–1% on the CTPC and 0.4–0.75% on the 
ADBC. As expected, slightly superior results were achieved with the n- 
gram space, where the stacked fusion model could classify the spoken 
language samples with an AUC of 95.3%, accuracy of 87.64%, and F1 
score of 88.42%. Similarly, it achieved 97.5% AUC, 94.17% accuracy, 

and 94.49% F1 score when differentiating the written language samples. 
The fusion of lexicosyntactic and n-gram spaces improved the perfor
mance of the stacked fusion model, increasing its AUC to 97.9% on the 
CTPC and 98.11% on the ADBC. Interestingly, the accuracy and F1 score 
of the model were significantly improved to 93.68% and 93.18%, 
respectively, on the CTPC testing set. This is mirrored on the ADBC, 
where it achieved an accuracy of 97.01% and F1 score of 97.03%. At 
last, our stacked fusion model scored its highest performance with the 
fusion of the optimized lexicosyntactic and n-gram spaces with 98.1% 
AUC, 95.35% accuracy, and 95.79% F1 score on the CTPC and 99.47% 
AUC, 97.37% accuracy, and 97.67% F1 score on the ADBC. This com
parison is depicted in Figs. 6, 7. 

Together, the present results suggest that the fusing the optimized 
lexicosyntactic and n-grans spaces forms the optimal feature space for 
our stacked fusion model beside being effective for the voting classifier 
as well as the base classifiers, which may be explainable given the 
optimization of the lexicosyntactic space. 

4.3. Results of base and stacked models on linked data 

Another suggestion can be drawn from these findings is the fact that 
the performance of the stacked fusion model could be positively 
impacted by the number of samples given the improved results on the 
ADBC testing set over that of the CTPC. Consequently, we examined the 
effect of linking these data sources on our stacked fusion model, were we 
fused our feature spaces into the base and stacked fusion classifiers with 
an overall aim of developing a robust hybrid model for foreseeing AD 
from spoken and written language given the promising results achieved 
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using each dataset. We initiated this approach with the single base 
classifiers followed by the stacked fusion model to better understand the 
overall behaviour of our models with these features and data fusions. As 
illustrated in Figs. 8, 9 fusing the written and spoken language resulted 
in an encouraging performance across both the base classifiers and the 
stacked fusion model. For instance, as we anticipated, MLP took the lead 
almost across all feature spaces, scoring the highest AUC of 98.01% 
using the top combined n-grams and significant lexicosyntactic features, 
with corresponding accuracy of 95.2% and F1 score of 95.45%. Despite 

being slight difference, XGB outperformed MLP in terms of accuracy and 
F1 score with the fusion of n-grams space with 92.88% and 93.18%, 
consecutively, which was not the case with the disjointed datasets. We 
also noticed that the stacked fusion algorithm (i.e., algorithm 2) 
returned different purified set of base classifiers with this fusion of 
datasets, where the selected set of classifiers included LDA, MLP, SVC, 
and XGB. Similar to that of separate datasets, this purified set led to the 
highest performance with 99.2% AUC, 97.29% accuracy, and 96.66% F1 
score, which is better than that of the entire set of classifiers. These 
scores present improvements by approximately 2% on AUC and 1% on 
accuracy and F1 score compared to using the spoken language alone. 
Table 11 presents the results of this data fusion. Besides, the stacked 
fusion model behaved similarly on the linked data by outperforming the 
soft voting across all feature spaces by around 1.3 – 6%, which em
phasizes the effectiveness of stacked generalization compared to other 
ensemble methods even on linked data, as shown in Fig. 10. Tables 10- 
12 present the results of these data and feature fusions. 

This study extends previous work on AD diagnosis based on natural 
language processing and machine learning by exploring lexicosyntactic 
features and combining them with character n-grams then using these 
features with carefully selected single classifiers with an overall aim to 
develop a robust stacked fusion model. Additionally, it examines the 
fusion of spoken and written language samples and its effect on the base 
as well as ensemble learning algorithms. The initial interpretation 
drawn from our experimental results would be the effectiveness of the 
proposed approach in diagnosing AD, given the gradual improvements 
achieved with both base and ensemble models as we optimized and 
fused the feature spaces. A possible explanation could be our pre
processing of these feature spaces; for example, lexicosyntactic space 
was normalized using outlier-proof normalization technique, which 
could have highly contributed to the performance. Moreover, the pro
posed CFS method was designed to eliminate redundant features to an 
extent most suitable to this diagnostic task thus may have enhanced the 
learning process of the ML algorithms. Interestingly, the feature-feature 
and feature-class inter-correlation have rarely been investigated 
together from medical point of view for such task. Besides, it is also 
worth mentioning that the preprocessing involved the removal of 
functional as well as non-informative words prior to generating the n- 
gram space, resulting in a low-level character-based vocabulary space. 
The selection of our top n-gram space using the X2 is also a potential 

Table 10 
Results of the base classifiers on linked data.  

Feature space Model AUC Acc F1 

35 LS RF 90.91 82.66 83.43 
LDA 84.64 78.02 78.42 
MLP 91.79 84.98 85.33 
LR 84.91 78.95 79.2 
SVC 85.49 79.72 80 
GNB 79.67 73.11 73.08 
XGB 91.66 83.59 84.37 

14 LS sig. RF 90.76 82.51 83.31 
LDA 83.92 78.64 78.83 
MLP 91.91 84.76 85.29 
LR 84.14 77.24 77.21 
SVC 84.45 77.71 77.78 
GNB 83.22 76.01 75.67 
XGB 91.53 82.97 83.73 

Top 200 Bi.-Tri. RF 95.9 89.32 89.93 
LDA 95.47 89.93 90.83 
MLP 96.89 92.57 92.86 
LR 94.05 88.99 89.71 
SVC 95.72 89.88 89.83 
GNB 93.95 87.46 87.52 
XGB 96.33 92.88 93.18 

Top combined 200 LS-Bi.-Tri. RF 97.73 90.31 91.35 
LDA 96.33 90.83 91.2 
MLP 97.94 95.11 95.01 
LR 95.31 89.94 90.31 
SVC 96.3 90.18 90.31 
GNB 94.74 88.39 88.48 
XGB 96.88 93.22 93.95 

Top combined 200 LS sig.-Bi.-Tri. RF 97.64 90.71 91.38 
LDA 97.81 91.8 92.19 
MLP 98.01 95.2 95.45 
LR 95.1 89.32 89.62 
SVC 96.49 91.49 91.99 
GNB 94.75 88.39 88.58 
XGB 97.79 93.65 94 

LS., Lexicosyntactic feature space; LS. Sig., Significant lexicosyntactic feature 
space; Bi.-Tri., Bigrams and trigrams space; LS-Bi.-Tri., Fusion of lexicosyntactic, 
bigrams and trigrams spaces; LS Sig.-Bi.-Tri, Fusion of significant lex
icosyntactic, bigrams and trigrams spaces 

Table 11 
Comparison of stacked fusion models with entire and reduced base classifiers on 
linked data.  

Feature space Model AUC Acc F1 

35 LS SFM – 7Cs 91.8 82.97 83.73 
SFM – 4Cs 92.5 83.9 84.62 

14 LS sig. SFM – 7Cs 92.4 83.28 84.12 
SFM – 4Cs 92.5 83.9 84.92 

Top 200 Bi.-Tri. SFM – 7Cs 96.56 93.54 93.95 
SFM – 4Cs 96.89 93.96 94.22 

Top combined 200 LS-Bi.-Tri. SFM – 7Cs 98.26 95.2 95.45 
SFM – 4Cs 99.17 95.36 95.59 

Top combined 200 LS sig.-Bi.-Tri. SFM – 7Cs 98.88 95.31 95.27 
SFM – 4Cs 99.2 97.29 96.66 

LS., Lexicosyntactic feature space; LS. Sig., Significant lexicosyntactic feature 
space; Bi.-Tri., Bigrams and trigrams space; LS-Bi.-Tri., Fusion of lexicosyntactic, 
bigrams and trigrams spaces; LS Sig.-Bi.-Tri, Fusion of significant lex
icosyntactic, bigrams and trigrams spaces; SFM, Staked fusion model; Cs, Base 
classifiers 

Table 12 
Results of the ensemble methods on liked data.  

Feature space Model AUC Acc F1 

35 LS Voting 87.65 79.88 80.24 
SFM 92.5 83.9 84.62 

14 LS Sig. Voting 86.93 78.95 79.27 
SFM 92.5 83.9 84.92 

Top 200 Bi.-Tri. Voting 98.33 93.03 93.21 
SFM 96.89 93.96 94.22 

Top combined 200 LS-Bi.-Tri. Voting 97.89 93.19 93.55 
SFM 99.17 95.36 95.59 

Top combined 200 LS sig.-Bi.-Tri. Voting 97.54 93.03 93.39 
SFM 99.2 97.29 96.66 

LS., Lexicosyntactic feature space; LS. Sig., Significant lexicosyntactic feature 
space; Bi.-Tri., Bigrams and trigrams space; LS-Bi.-Tri., Fusion of lexicosyntactic, 
bigrams and trigrams spaces; LS Sig.-Bi.-Tri, Fusion of significant lex
icosyntactic, bigrams and trigrams spaces; SFM, Stacked fusion model 

Table 13 
Comparison of baselines against the stacked fusion model on the ADBC.   

Model AUC Accuracy F1 score 

Baselines Masrani et al. 84.4 – – 
Kong et al. – 93.4 94.4 

Ours Stacked Fusion Model 99.47 97.37 97.67  
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reason given its effectiveness in related work [4]. On the other side, the 
hyperparameter optimization performed using CV grid search are seen 
to be effective in a similar task thus a probable reason behind the ach
ieved performance [27]. At last, using the fusion of spoken and written 
language samples with our learning algorithms led to an optimal hybrid 
stacked fusion model. 

4.4. Comparison with related work 

Previous studies have introduced promising ML models and asserted 
the importance of linguistic analysis for the early diagnosis of AD. Given 
the challenges to comparison of such approach against these studies 
addressed in our recent work [4], we selected a few related studies in 
contrast to our results and highlighted how they differ from our 
approach. In terms of written language, we evaluate our work alongside 
the work of Masrani et al. [35] and the work of Kong et al. [36], where 
both used the same blogs for building their predictive models. Masrani 
et al. [35] have initiated the ADBC by crawling the six blogs highlighted 
in Table (1), where they extracted over 100 lexicosyntactic features and 
fused them into several ML algorithms. An AUC of 84.8% was reported 
as the best score achieved with MLP. Kong et al. [36], on the other hand, 
used the same corpus for training hierarchical attention networks as an 
attempt to optimize the prediction of AD via written language samples 
without task-specific feature engineering. Interestingly, they reported 
their best average accuracy and F1 of 93.4% and 94.4%, respectively. 

Our approach can be distinguished from a few perspectives; firstly, 
while both baselines have used the original blogs, we have recrawled 
them which resulted in a bigger dataset. Besides, they used a blog 
belonging to a Lewy body patient along that of AD which was ignored in 
our case given the AD diagnostic task. Unlike both, we conducted 
extensive experiments with and without optimization of the feature 
space. Another significant difference is the robustness of our stacked 
model compared to single models in both baselines given the reduced 
errors of ensemble models in general. Moreover, we examine the effect 
of linked data on our best modelling feature space. Finally, we evaluate 
our models using three different metrics in parallel, where both base
lines were outperformed on each of these metrics. For example, the 
stacked fusion model remarkably surpassed that of Masrani et al. (i.e., 
MLP) by 15% with an AUC of 99.47% against 84.4%. Likewise, it 
exceeded the hierarchical attention networks model of Kong et al. by 
approximately 4% with an accuracy of 97.37% against 93.4% and F1 
score of 97.67% against 94.4%. Table 13 presents this comparison. 

For spoken language, on the other hand, we have chosen the work of 
Orimaye et al. [42], Di Palo and Parde [73], and Chen et al. [74] since 
they present the best performing models on the CTPC. The details of 
these baselines were discussed alongside most of related studies on 
DementiaBank dataset in our recent work [4]. Firstly, Orimaye et al. 
[42] introduced a few models trained with similar feature spaces, where 
they investigated lexicosyntactic features and fused them with n-grams 
then selected the top 1000 for training an SVC, scoring an AUC of 93%. 
Di Palo and Parde [73] integrated Convolutional Neural Networks 
(CNNs) and Long Short-Term Memory-Recurrent Neural Networks 
(LSTM-RNNs) with added attention mechanism and class weight, with 
an overall aim to optimize the performance of CTPC classification. They 
reported 95.03%, 88%, and 93.05% for AUC, accuracy, and F1 score, 

respectively. Likewise, Chen et al. [74] combined CNNs with a bidi
rectional GRU (BiGRU) and added attention mechanism, introducing a 
hybrid neural model that achieved an accuracy of 97.42%. 

These baselines differ from our work from a few main points. firstly, 
while our feature space may be similar to that of Orimaye et al., our 
lexicosyntactic space is inherited from the production of POS tags and 
the vocabulary space is character-based that has been extracted from 
low-level language samples. Besides, they used the originally annotated 
language samples which may limit the generalizability of their models. 
Another difference is the involvement of demographic information in 
their feature space while our feature space is mainly focusing on lan
guage patterns. In light of these differences, our stacked fusion model 
outperformed their model by 5%. Regarding the work of Di Palo and 
Parde, we can distinguish our by stating a few perspectives; initially, 
while their feature space included POS tags, these POS tags were an
notated by the CTPC custodian, meaning that the generalizability of 
their model to unseen data may be affected. Furthermore, unlike them, 
we dealt with the skewness of the classes by reducing the majority to 
equalize the minority, taking into consideration the participants’ age 
and level of education. Another potential drawback of their approach 
would be the sentence-based classification given the connected speech- 
based diagnostic task [74]. Finally, our stacked fusion model surpassed 
their best models by 2–7% on AUC, accuracy, and F1 score. The third 
baseline of Chen et al. [74], which presents the state-of-the-art model on 
CTPC, can be distinguished from our approach from three main points; 
at first, they evaluated their work with the accuracy metric only despite 
using an imbalanced dataset, which has been asserted to be misleading 
in such a case [75]. Furthermore, our approach examines two different 
feature spaces and a fusion of them, which could shed light on the 
behaviour on our models towards the results. Another point worthwhile 
to mention is the time complexity of RNNs given its nature of being 
unable to be parallelly processed [76]. Table 14 presents these baselines 
against our models. 

Overall, a main difference that makes our approach stands against 
these baselines is the investigation of linked spoken and written data 
towards a hybrid diagnostic model, which, to the best of our knowledge, 
has not been explored previously. Moreover, stacked generalization is 
known to be robust and stable given its ability of selecting the best 
models out of the base algorithms and avoiding the corresponding errors 
[77]. 

5. Conclusion 

Even though many ML approaches have been proposed to enhance 
the automation diagnosis of AD, it still requires robust models towards 
fully automated process that can replace the initial manual clinical- 
based diagnosis. This study investigates the development of multiple 
heterogeneous stacked fusion models for predicting AD from written and 
spoken-based language samples. Specifically, it explores the represen
tation of lexicosyntactics in spoken and written language samples of AD 
and HC groups and examine their efficacy in identifying AD patients 
from healthy adults. Besides, it introduces character-based language 
models and explores the fusion of lexicosyntactics into these language 
models. We also introduce a CFS based on the fusion of two well-known 
algorithms (i.e., Pearson’s correlation and mutual information) to 

Table 14 
Comparison of baselines against the stacked fusion model on the CTPC.   

Model AUC Acc. F1 

Baselines Orimaye et al.SVM 93 – – 
Di Palo and NatalieCNN-LSTM 92.07 84.95 91.07 
CNN-LSTM-ATT 95.03 84.66 91.58 
CNN-LSTM-ATT-W 94.98 88.20 93.05 
Chen et al.ATT-CNN + ATT-BiGRU – 97.42 – 

Ours Stacked Fusion Model 98.1 95.35 95.79  
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optimize the lexicosyntactic feature space. Using a fusion of the opti
mized lexicosyntactic space and character-based vocabulary spaces, we 
introduce a hybrid stacked fusion model that could classify the linked 
written and spoken language samples of AD and HC groups with an AUC 
of 99.1%, accuracy of 96.51, and F1 score of 96.74%. Likewise, our 
stacked fusion model puts benchmarks on the ADBC with 99.47%, 
97.37%, and 97.67% of AUC, accuracy, and F1 score, respectively. For 
CTPC, the stacked fusion model achieved benchmarks on AUC with 
98.1% and F1 score with 95.79%. Our models emphasize the effective
ness of ensemble methods for AD diagnosis, suggesting the replacement 
of traditional screening tests with such ML models. 

Although we attempted to overcome some challenges in the given 
diagnostic task such as the sparse nature of related datasets by 
combining two different datasets, a weakness of this work would be the 
small volume of the spoken language dataset, aligning with other 
computational diagnostic studies that suffer from this out of control 
limitation [78,79]. Further, this study is mainly concerned with English 
language, thus; models may not be suitable for other languages. Addi
tionally, we reduce our character n-grams space to the top 200, which 
warrants further investigations of different thresholds that may increase 
the overall performance. Despite being slightly imbalanced, our inclu
sion of ADBC without handling its skewness could be another limitation 
if we ignore the drawbacks of subsampling technique; yet the effect may 
be neglectable given the large number of samples compared to CTPC. 
Our future work would investigate a potential solution to balance these 
datasets while maintain the associated limitations. It will also address 
how variant spoken and written language samples of AD patients by 
addressing lexicosyntactics alongside other linguistic patterns. Another 
future work would be to estimate the extent to which each of these 
lexicosyntactic features relate to AD. It would also be interesting to see 
the behaviour of these stacked fusion model over other related datasets 
such as dem@care [80], which is a planned investigation of our future 
work. 
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Distinguishable features of spontaneous speech in 
Alzheimer’s clinical syndrome and healthy controls
Erin Burkea, John Gunstada, Olesia Pavlenkob and Phillip Hamrick a

aDepartment of Psychological Sciences, Kent State University, Kent, Ohio, United States of America; 
bDepartment of English, Kent State University, Kent, Ohio, United States of America

ABSTRACT
There is growing evidence that subtle changes in spontaneous 
speech may reflect early pathological changes in cognitive function. 
Recent work has found that lexical-semantic features of sponta
neous speech predict cognitive dysfunction in individuals with mild 
cognitive impairment (MCI). The current study assessed whether 
Ostrand and Gunstad’s (OG) lexical-semantic features extend to 
predicting cognitive status in a sample of individuals with 
Alzheimer’s clinical syndrome (ACS) and healthy controls. Four 
additional (New) speech indices shown to be important in language 
processing research were also explored in this sample to extend 
prior work. Speech transcripts of the Cookie Theft Task from 81 
individuals with ACS (Mage = 72.7 years, SD = 8.80, 70.4% female) 
and 61 healthy controls (HC) (Mage = 63.9 years, SD = 8.52, 62.3% 
female) from Dementia Bank were analyzed. Random forest and 
logistic machine learning techniques examined whether subject- 
level lexical-semantic features could be used to accurately discrimi
nate those with ACS from HC. Results showed that logistic models 
with the New lexical-semantic features obtained good classification 
accuracy (78.4%), but the OG features had wider success across 
machine learning model types. In terms of sensitivity and specifi
city, the random forest model trained on the OG features was the 
most balanced. Findings from the current study suggest that fea
tures of spontaneous speech used to predict MCI may also distin
guish between individuals with ACS and healthy controls. Future 
work should evaluate these lexical-semantic features in pre-clinical 
persons to further explore their potential to assist with early detec
tion through speech analysis.
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Introduction

Machine learning techniques have become increasingly utilized to examine spontaneous 
speech in persons with Mild Cognitive Impairment (MCI) and Alzheimer’s disease (AD) 
(Clarke, Foltz, & Garrard, 2020; Fraser et al., 2016; Hernández-Domínguez et al., 2018; 
Lindsay et al., 2021; Rentoumi et al., 2014), as disruptions across multiple linguistic levels 
(i.e., phonetic, phonological, lexical-semantics, morphosyntactic, and pragmatic) are well- 
established in these conditions (Bayles et al., 1992; Boschi et al., 2017; Fleming & Harris,  
2008; Ostrand & Gunstad, 2021; Pistono et al., 2016, 2019; Roark et al., 2011; Szatloczki 
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et al., 2015; Taler & Phillips, 2008). Specifically, word finding difficulty (Nelson & O’Connor,  
2008; Yeung et al., 2021) and decreased lexical diversity (Ostrand & Gunstad, 2021) are 
characteristic features of MCI, and additional declines in semantic, syntactic, and lexical 
functions are found as these individuals progress to AD (Ahmed et al., 2013). AD is further 
characterized by decreased semantic content and syntactical complexity, empty speech 
(i.e., a lack of descriptive specificity and the use of “thing,” or “stuff”) (Forbes McKay et al.,  
2013), reduced speech rate (Hoffmann et al., 2010), greater use of pronouns and indefinite 
terms (Ahmed et al., 2013; Lai, 2014) and repetition (Sajjadi et al., 2012).

Recent work raises the possibility that these linguistic indices derived from sponta
neous speech might be more sensitive to pathological cognitive decline than traditional 
language tests of confrontation naming and semantic fluency (Bird et al., 2000; Forbes 
McKay et al., 2013; Henry et al., 2004; Kavé & Levy, 2003; Loewenstein et al., 2018; Mueller 
et al., 2016; Ostrand & Gunstad, 2021; Sajjadi et al., 2012; Slegers et al., 2018; Szatloczki 
et al., 2015; Taler & Phillips, 2008; Vonk et al., 2022). However, despite being identified as 
an important next step for the field (e.g., Boschi et al., 2017; Bucks et al., 2000; Filiou et al.,  
2020; Mueller et al., 2016), very few studies have examined whether lexical-semantic 
features found to be sensitive to MCI can be cross validated to AD samples. This lack of 
replication is a limitation to understanding how speech indices change over time in the 
context of cognitive decline.

The current study had two primary goals. First, lexical-semantic features found to 
distinguish persons with MCI from healthy controls in past work (Ostrand & Gunstad,  
2021) were examined in a new sample of persons with Alzheimer’s clinical syndrome to 
determine the stability and generalizability of these features. In addition, several other 
lexical-semantic features not previously investigated in neurodegenerative populations 
were utilized to help provide a more comprehensive assessment of spontaneous speech 
in this population. Although conceptually similar to some of the OG features, these novel 
features have been shown to be particularly powerful in other studies of language in AD 
(e.g., Hernández-Domínguez et al., 2018) and in language processing more broadly (e.g., 
Hamrick & Pandža, 2020). It was hypothesized that the lexical-semantic features shown to 
be sensitive to MCI would also be sensitive to Alzheimer’s clinical syndrome and that the 
inclusion of additional speech indices of lexical-semantic functioning would increase 
predictive validity. If confirmed, these findings would provide further evidence for the 
idea that spontaneous speech assessment can be useful in differentiating between 
normative speech changes and neurodegenerative conditions.

Methods

Corpus

We used publicly available data from the Pitt Corpus (Becker et al., 1994) of the 
DementiaBank database. This corpus contains manual transcriptions of participants who 
completed a standard version of the Cookie Theft picture description task from the Boston 
Diagnostic Aphasia Examination (Goodglass & Kaplan, 1983). This archive contains data 
from healthy controls, subjects with a variety of dementias, including “probable” and 
“possible” AD, MCI, vascular dementia, and Parkinson’s disease. Participant history of 
cognitive and functional decline obtained via extensive interviews, medical workup, 
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and neuropsychological performance completed at the time of assessment were used to 
inform diagnostic groups (see Becker et al., 1994 for more details regarding diagnostic 
procedures). To avoid confounds from other diagnoses on language production, we only 
examined data from participants who were either labeled by the original researchers as 
“probable AD” with no other diagnoses (n = 81) and healthy controls (n = 61), and biodata 
for these participants can be found in Table 1. Since there is a lack of reported biomarkers 
associated with the “probable AD” classification in the Pitt Corpus, we use the term 
“Alzheimer’s clinical syndrome” (ACS) here instead of “AD” or “probable AD.” Moreover, 
because the aim of this research is to ultimately be able to predict AD as early as possible, 
we opted to focus on participants’ first visit transcripts rather than looking at all their 
transcripts across several visits.

Within this sample, healthy controls (63.90 ± 8.53 years) were younger than persons in 
the ACS group (72.70 ± 8.80); t(140) = 5.98, p < .001), but did not differ in gender [62.3% 
women vs 70.4% women t(140) = 1.009, p = .32]. Given this pattern, the potential con
tribution of age to study findings was directly examined as part of analysis.

Lexical-semantic features

We were able to generate 13 of the 16 lexical-semantic features computed by Ostrand and 
Gunstad (2021). Three of their lexical-semantic features (Empty Words, Speech Rate, Filler 
Rate) were not able to be computed on the Pitt Corpus data due to missing information. 
The 13 variables included were Total Number of Words, Filler Words, Word Frequency, 
Type-Token Ratio, Honore’s Statistic, Brunet’s Index, Definite Articles, Content Words, 
Indefinite Articles, Pronouns, Nouns, Verbs, and Determiners. Their definitions and the 
details of their computation can be found in Table 2 and will be hereafter be referred to as 
the OG features.

In addition to attempting to replicate the OG features in persons with ACS, we also 
included four variables (New features) which have been shown to be useful in both AD 
research as well as psycholinguistic research. These four lexical-semantic features were: 
Hapax Legomena, HD Type-Token Ratio (computed following Hernández-Domínguez 
et al., 2018), Root Type-Token Ratio, and Semantic Distinctiveness. Hapax Legomena 
refers to the number of words (lemmas) used only once within a participant’s speech 
transcript, with a larger value reflecting greater lexical diversity. HD Type-Token Ratio was 
computed following Hernández-Domínguez et al. (2018) and was the ratio of each 
participant’s Hapax Legomena score to their total number of unique lemmas. Root Type- 
Token Ratio was computed as the number of unique word types divided by the square 
root of the total number of tokens. Finally, semantic distinctiveness was introduced as an 
alternative word frequency metric. In short, traditional word frequency metrics are built 
around the idea that a word’s strength in memory is a function of the number of times it is 
repeated; however, increasing evidence suggests that the number of contexts in which 

Table 1. Biographical data M(SD).
Age at first visit MMSE Score Sex (female/male) Education

ACS 72.70 (8.80) 19.42 (4.47) 57/24 11.80 (2.91)
Healthy Controls 63.90 (8.52) 29.08 (1.05) 38/23 13.89 (2.30)

Abbreviations: ACS, Alzheimer’s clinical syndrome; MMSE, Mini Mental State Examination.
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a word occurs is a better predictor (Adelman et al., 2006) of a word’s strength in memory, 
and this value is made even more predictive if it is weighted by the semantic distinctive
ness of those contexts (Jones et al., 2012), and this holds in monolinguals (Jones et al.,  
2012), bilinguals (Hamrick & Pandža, 2020), and in aging (Johns et al., 2016). These lexical- 
semantic features will hereafter be referred to as the “New” features.

Classification modeling with machine learning

Machine learning is a subfield of artificial intelligence that employs automatic model 
construction to solve, among other things, classification problems. In this study, we 
employed two popular model types: logistic regression and random forest classifiers.1 

The code and data for these models is available at https://dementia.talkbank.org/. We 
used two types of classifiers because each has complementary strengths and weaknesses. 
Moreover, if we found similar results across the classifier types, it could be taken as 
evidence of more robustness in the roles of our lexical-semantic features in ACS classifica
tion. The model training and testing procedure was as follows. The entire dataset 
consisted of subject-level values for the 17 lexical-semantic features along with each 
participant’s diagnosis data (ACS vs HC). The entire dataset from all 142 participants was 
randomly split into two sets: a training/evaluation dataset (75% of all data) and a testing 
dataset (the remaining 25% of the data). The training/evaluation dataset was then 
randomly divided into 25 bootstrap resampled datasets. Within each of these resample 
training/evaluation datasets, we bootstrap resampled another 75/25% split, with 75% of 
each resample being used for model training purposes and the other 25% being used to 

Table 2.
OG Speech Indices Operational Definition

Total Words total number of words spoken by the subject
Fillers number filler words (e.g., um, uh, hmm) spoken by the subject, scaled by the total word count
Definites total number of definite articles (the), scaled by the total word count
Indefinites total number of indefinite articles (a, an), scaled by the total word count
Pronouns number of pronouns (calculated by the Penn Treebank POS tags), scaled by the total word count
Nouns number of nouns (calculated by the Penn Treebank POS tags), scaled by the total word count
Verbs number of verbs (calculated by the Penn Treebank POS tags), scaled by the total word count
Determiners number of determiners (as calculated by the Penn Treebank POS tags), scaled by the total word 

count
Content Words number of content words (defined by the words NOT in NLTK’s list of stop words), scaled by word 

count
Frequency mean of the log of the frequency of all the words spoken by the subject
Token Ratio number of different word types accounting for total number of words (a measure of vocabulary 

size and lexical richness)
Honore’s Statistic a measure of lexical richness/diversity (number of words produced exactly once). It is calculated 

as: (100 * log(tokens))/(1 − V1/types), where V1 is the number of words spoken exactly once
Brunet’s index a length-insensitive measure of lexical diversity/richness. It is calculated as: tokens ^ types ^ 

(−.165)
New Speech Indices Operational Definition
Hapax Legomena another way of measuring lexical richness of vocabulary (simple count of the number of words 

that are produced exactly once)
HD Type-Token 

Ratio
ratio of each participant’s Hapax Legomena score to the total number of unique base words

Root Type Token 
Ratio

number of unique words divided by the square root of the total number of words (like TTR, but 
addresses text length variation)

Semantic 
Distinctiveness

a measure of semantic diversity of a word (number of different semantic contexts in which 
a word appears). SD = e−λ*cos⁡(context,wordi)
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evaluate the overall model fit. This procedure was repeated across each of the 25 training/ 
evaluation datasets. In the final step of modeling, we then tested the best overall model 
from these fits against the testing dataset, which consisted exclusively of data that had 
been held aside at the outset and that none of the models had ever been exposed to 
prior. Note, that this modeling procedure establishes thresholds for classification of 
participants as ACS and HC based on the models that best fit the training data, and no 
further model tuning or boosting was used to alter these thresholds, so as to avoid 
potential issues with overfit. In all cases, resampling was stratified to preserve similar 
proportions of ACS and HC participants in all datasets. These final model fits to the test 
data set were evaluated based on the accuracy of classification (ACS vs HC) as well as ROC- 
AUC. All analyses were conducted using the tidymodels package (Kuhn & Wickham, 2020) 
within the R statistical programming language (R Core Team, 2021), and the code for 
reproducing this modeling procedure is publicly available (https://osf.io/qc3fw/?view_ 
only=8406d0372b68472486f915ce25e455cf).

Results

The models’ abilities to accurately classify test (i.e., generalization) participants as either 
ACS or HC were evaluated on the basis of their accuracy, area under the curve of receiver 
operating characteristics (AUC, see Figures 1 and 2), their sensitivity (i.e., the % of time the 
model classifies ACS correctly), and their specificity (i.e., the % of time HC was classified 
correctly). The results are shown in Table 3, which shows better performance for random 

Figure 1. ROC-AUC for the logistic and random forest classifier models for the OG features.
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forest over logistic models for the OG lexical-semantic features, as well as better perfor
mance for logistic models over random forest models in the New lexical-semantic 
features.

Accuracy and AUC values were highest for the logistic model based on the New 
lexical-semantic features, suggesting that those lexical-semantic features may have 
particularly promising value for future research (see Figure 1 for a visual of these 
findings). At the same time, the model with the most balanced sensitivity and 
specificity was the random forest model trained on the OG lexical-semantic 
features.

Because age differed between the ACS and HC groups, we also ran the entire modeling 
procedure described above while including age as a covariate in the models (see Table 4). 
This approach resulted in a similar overall pattern of findings (e.g., random forest models 
were superior to logistic models for the OG features, but the converse was true for the 

Figure 2. ROC-AUC for the logistic and random forest classifier models for the New features.

Table 3. Performance of classifier models at distinguishing ACS patients and HCs.
Model Type Features Accuracy AUC Sensitivity Specificity

Logistic OG 0.649 0.708 0.571 .750
Random Forests OG 0.757 0.804 0.761 .750
Logistic New 0.784 0.830 0.857 .687
Random Forests New 0.486 0.533 0.523 .437

Abbreviations: ACS, Alzheimer’s clinical syndrome; AUC = area under the curve of receiver operating characteristics; HCs, 
healthy elderly controls; OG = 13 semantic features used in Ostrand and Gunstad (2021) re-computed over the current 
dataset.
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New features), with generally better fit to the data – which is unsurprising given that age 
is correlated with ACS diagnosis.

Discussion

Findings from the current study both replicate and extend past work. Features of sponta
neous speech shown to distinguish persons with MCI from healthy older adults in past 
work (Ostrand & Gunstad, 2021) successfully identified persons with ACS in the current 
sample. The inclusion of additional indices from more recent work in language processing 
research increased predictive validity over previously used lexical-semantic features. 
Several aspects of these findings warrant brief discussion.

Finding that OG speech indices successfully predicted group status in the current study 
(i.e., ACS vs healthy control) is a modest but valuable contribution to the literature. As 
described above, though a growing number of studies have identified lexical-semantic 
features that can distinguish persons with and without neurological conditions (e.g., 
Boschi et al., 2017; Fraser et al., 2016; Ostrand & Gunstad, 2021; Roark et al., 2011), very 
few studies have examined whether the same set of speech features found to be sensitive 
to impairment in one sample generalize to another (Bucks et al., 2000). This makes 
interpretation of inconsistent findings difficult, as differences across studies may then 
be due to either conceptual issues (e.g., incomplete or incorrect understanding of 
language in AD) or any number of methodological choices (e.g., specific lexical- 
semantic features being examined, sample composition, statistical techniques, etc.). Our 
results showing lexical-semantic features that predict MCI also predict ACS support the 
notion that these indices have the capacity to detect lexical-semantic features character
istic of cognitive decline (Ahmed et al., 2013; Forbes McKay et al., 2013; Ostrand & 
Gunstad, 2021) and that MCI and ACS share similar speech characteristics (Boschi et al.,  
2017; Taler & Phillips, 2008). Future work should continue to cross-validate lexical- 
semantic indices across samples to further support their use in identifying changes in 
speech associated with neurodegenerative conditions.

In addition to generalizing findings from past work, the current analyses also revealed 
that four other markers of lexical and semantic performance were sensitive to ACS and 
distinguished these persons from healthy controls. These indices (i.e., Hapax Legomena, 
HD Type-Token Ratio, Root Type-Token Ratio, and Semantic Distinctiveness) are similar to 
the OG indices in that they also measure lexical-semantic diversity in spoken language. 
The fact that these lexical-semantic features were also disrupted in the context of 
neurodegeneration represents an important confirmation that both MCI and ACS affect 

Table 4. Performance of classifier models at distinguishing ACS patients and HCs, with age included as 
a covariate in the model.

Model Type Features Accuracy AUC Sensitivity Specificity

Logistic OG 0.703 0.810 0.667 .750
Random Forests OG 0.865 0.836 0.857 .875
Logistic New 0.703 0.839 0.761 .625
Random Forests New 0.595 0.685 0.571 .625

Abbreviations: ACS, Alzheimer’s clinical syndrome; AUC = area under the curve of receiver operating characteristics; HCs, 
healthy elderly controls; OG = 13 semantic features used in Ostrand and Gunstad (2021) re-computed over the current 
dataset.
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lexical-semantic processing broadly, not just for some lexical-semantic features. Such 
findings are consistent with past work showing numerous aspects of speech and lan
guage function may rely on the declarative memory system (Hamrick et al., 2018) that are 
disrupted in persons with MCI/AD and encourage continued examination of other ele
ments including acoustic features such as voice quality and pauses (Gosztolya et al., 2019; 
Pistono et al., 2016; Themistocleous et al., 2020).

The fact that the lexical-semantic features had different levels of classification perfor
mance is not surprising, as logistic and random forest models often differ in their success 
rates, largely as a function of the datasets used, the nature of the predictor variables and 
their multicollinearity, and a host of other factors (Couronné et al., 2018). Future research 
should examine the differential efficacy of random forest and logistic models (as well as 
other common machine learning techniques, such as support vector machines) in using 
lexical-semantic features to predict AD classification, especially since modern machine 
learning techniques involve a range of tuning parameters. At their best, principle tuning 
of these parameters may result in optimal classification performance, but at their worst, 
parameter tuning could be fishing for statistical significance. More research on this issue is 
needed.

Using existing, archived data limited the characterization of diagnostic groups. 
Cognition of participants was not comprehensively assessed and biomarker confirmation 
of diagnostic groups was not available from that original project, but would serve as key 
components to further understanding in future work (Graff-Radford et al., 2021). For 
example, individuals with AD recruit different brain regions on tasks of semantic and 
working memory compared to healthy controls (Hirni et al., 2013; Teipel et al., 2015), 
raising the possibility that neuroimaging correlates of spontaneous speech may be 
detectable at various disease stages. Using neuroimaging to investigate the association 
between atrophy or amyloid deposits to spontaneous speech performance may shed key 
insight into the biological representations of changes in spontaneous speech. Some 
evidence for these relationships already exists. Past work reveals atrophy in cortical 
regions critical for language processes (i.e., naming, semantic fluency and word retrieval) 
such as the hippocampus and Broadmann’s areas 37 and 40, as well as reduced activation 
in prefrontal and parietal regions (Harasty et al., 1999; Hirni et al., 2013; McGeown et al.,  
2009; Venneri et al., 2008). Reduced activation and gray matter volume existing in these 
language areas may reflect impaired spontaneous speech that occurs in relation to 
deficits in semantic memory seen in AD (Zannino et al., 2015).

Future work should also prospectively investigate the sensitivity and specificity 
of these lexical-semantic features to AD in larger, age- and demographically- 
balanced samples. Such work would provide key insight into speech changes 
associated with normal and pathological cognitive aging, as well as provide 
a better understanding of possible influence of age, gender, and race/ethnicity. 
For example, the wide age range of the current sample (i.e., 47 to 88) limits the 
opportunity to generate insight into speech within narrow age ranges (e.g., 40–50  
years of age vs 50–60 years of age). Further, the lack of racial/ethnic diversity in 
the current sample raises concerns for understanding known cultural influences on 
language (Gutchess et al., 2010). Similarly, further work into possible sex differ
ences is also needed, as women exhibit greater atrophy in brain regions important 
for language (Harasty et al., 1999) and the potential contribution of these changes 

582 E. BURKE ET AL.



to spontaneous speech is poorly understood. Additionally, though picture descrip
tion tasks such as Cookie Theft are successful in revealing linguistic impairments 
(Cummings, 2019), it is possible that other tasks may generate speech samples 
even more sensitive to AD. Picture description tasks are highly structured and rely 
on a lower cognitive load relative to expository speech tasks (i.e., responding to 
open-ended questions in an interview or telling a story). Examination of the ability 
of the speech indices utilized in the current study to predict ACS status from other 
speech samples appears warranted.

In brief summary, lexical-semantic features sensitive to MCI in past work were also 
sensitive to ACS in the current sample and novel markers of lexical and semantic distinc
tiveness showed incremental validity in the identification of persons with ACS. The current 
findings encourage further examination of the possible utility of automated lexical- 
semantic analyses to aid in early detection of MCI and AD.

Note

1. These two methods were used as complementary. Some studies have suggested superior 
performance for random forest over logistic models (Maroco et al., 2011), while others have 
shown better performance in logistic models (Kirasich et al., 2018). Because random forest 
models are difficult to interpret in terms of the structure of their resulting models and involve 
fine-tuning of parameters (which we left standard in our analyses, including the default 
number of trees), we opted to also use logistic models, given that they are more interpretable 
and may provide, in some cases, superior fit.
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HuBERT: Self-Supervised Speech Representation
Learning by Masked Prediction of Hidden Units

Wei-Ning Hsu , Benjamin Bolte, Yao-Hung Hubert Tsai, Kushal Lakhotia, Ruslan Salakhutdinov,
and Abdelrahman Mohamed

Abstract—Self-supervised approaches for speech representation
learning are challenged by three unique problems: (1) there are
multiple sound units in each input utterance, (2) there is no lexicon
of input sound units during the pre-training phase, and (3) sound
units have variable lengths with no explicit segmentation. To deal
with these three problems, we propose the Hidden-Unit BERT (Hu-
BERT) approach for self-supervised speech representation learn-
ing, which utilizes an offline clustering step to provide aligned
target labels for a BERT-like prediction loss. A key ingredient
of our approach is applying the prediction loss over the masked
regions only, which forces the model to learn a combined acoustic
and language model over the continuous inputs. HuBERT relies
primarily on the consistency of the unsupervised clustering step
rather than the intrinsic quality of the assigned cluster labels.
Starting with a simple k-means teacher of 100 clusters, and using
two iterations of clustering, the HuBERT model either matches
or improves upon the state-of-the-art wav2vec 2.0 performance on
the Librispeech (960 h) and Libri-light (60,000 h) benchmarks with
10 min, 1 h, 10 h, 100 h, and 960 h fine-tuning subsets. Using a 1B
parameter model, HuBERT shows up to 19% and 13% relative
WER reduction on the more challenging dev-other and test-other
evaluation subsets.12

Index Terms—Self-supervised learning, BERT.

I. INTRODUCTION

THE north star for many research programs has been learn-
ing speech and audio representations through listening and

interaction, similar to how babies learn their first language. High
fidelity speech representation includes disentangled aspects of
the spoken content along with non-lexical information of how
it is delivered, e.g., speaker identity, emotion, hesitation, inter-
ruptions. Furthermore, reaching a complete situational under-
standing requires modeling structured noise interleaving and
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overlapping with the speech signal, e.g., laughter, coughing,
lip-smacking, background vehicle engine, birds chirping, or
food sizzling sounds.

The need for such high-fidelity representations drove research
in self-supervised learning for speech and audio where the
targets driving the learning process of a designed pretext task are
drawn from the input signal itself. Examples of pretext tasks for
self-supervised speech representation learning include distin-
guishing near-by features from temporally distant ones [2]–[4],
next-step prediction of audio features [5], masked prediction
of audio features given unmasked context [6], [7]. Besides,
self-supervised learning methods do not rely on any linguis-
tic resources during training, allowing them to learn universal
representations since labels, annotations, and text-only material
ignores rich information in the input signal.

Learning speech representations without reliance on large
volumes of labeled data is crucial for industrial applications
and products with ever-increasing coverage of new languages
and domains. The time needed to collect large labeled datasets
covering each of these scenarios is the real bottleneck in the
current fast-moving AI industry, with time-to-market playing
a critical role for product success. Building more inclusive
applications covering spoken-only dialects and languages is
another significant benefit of reducing dependence on linguistic
resources. Given their non-standard orthographic rules, many of
these languages and dialects have very little or no resources at
all.

Pseudo-labeling (PL), also known as self-training, belongs to
the family of semi-supervised learning techniques, and has been
the dominant approach for utilizing unlabeled speech and audio
with successful applications dating back to the mid-1990s [8]–
[11]. PL starts with some supervised data to train a “teacher”
model in one specific downstream task. Pseudo-labels are then
generated for the unlabeled data using the teacher model. Next,
a student model is trained using the combined supervised and
teacher-labeled data either using the standard cross-entropy [10]
loss or using a contrastive loss [12] to account for noise in
teacher-generated labels. The pseudo-labeling process may be
repeated multiple times to improve teacher label quality [13]
iteratively.

Without discounting the immense success of pseudo-labeling
techniques, self-supervised representations offer two unique
advantages: (1) Pseudo-label methods force student models to
merely mimic a teacher model, which is limited by its supervised
data size and the provided annotation quality. On the other hand,
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self-supervised pretext tasks force the model to represent the
entire input signal by compressing many more bits of informa-
tion into the learned latent representation. (2) In pseudo-labeling,
the supervised data of the teacher model forces the whole
learning to be geared towards a single downstream task. On
the contrary, self-supervised features show better generalization
to a multitude of downstream applications.

There have been impressive successes for self-supervised
learning in Computer Vision (CV) [14]–[16] and Natural Lan-
guage Processing (NLP) [17]–[19] applications. Learning rep-
resentations of discrete input sequences, such as in Natural
Language Processing (NLP) applications, uses either masked
prediction [20], [21] or auto-regressive generation [19], [22] of
input sequences with partial obfuscation. For continuous inputs,
such as in Computer Vision (CV) applications, representations
are often learned through instance classification, in which each
image and its augmentations are treated as a single output class to
be pulled together [15], [16] or contrasted against other negative
samples [23].

Speech signals differ from text and images in that they are
continuous-valued sequences. Self-supervised learning for the
speech recognition domain faces unique challenges from those
in CV and NLP. Firstly, the presence of multiple sounds in each
input utterance breaks the instance classification assumption
used in many CV pre-training approaches. Secondly, during
pre-training, there is no prior lexicon of discrete sound units
available, as in NLP applications in which words or word pieces
are used, hindering the use of predictive losses. Lastly, the
boundaries between sound units are not known, which com-
plicates masked prediction pre-training.

In this paper, we introduce Hidden unit BERT (HuBERT)
that benefits from an offline clustering step to generate noisy
labels for a BERT-like per-training. Concretely, a BERT model
consumes masked continuous speech features to predict pre-
determined cluster assignments. The predictive loss is only
applied over the masked regions, forcing the model to learn
good high-level representations of unmasked inputs to infer the
targets of masked ones correctly. Intuitively, the HuBERT model
is forced to learn both acoustic and language models from con-
tinuous inputs. First, the model needs to model unmasked inputs
into meaningful continuous latent representations, which maps
to the classical acoustic modeling problem. Second, to reduce
the prediction error, the model needs to capture the long-range
temporal relations between learned representations. One crucial
insight motivating this work is the importance of consistency of
the targets, not just their correctness, which enables the model
to focus on modeling the sequential structure of input data. Our
approach draws inspiration from the DeepCluster method for
self-supervised visual learning [24]; however, HuBERT bene-
fits from the masked prediction loss over speech sequences to
represent their sequential structure.

When the HuBERT model is pre-trained on either the standard
Librispeech 960h [25] or the Libri-Light 60 k hours [26], it
either matches or improves upon the state-of-the-art wav2vec
2.0 [7] performance on all fine-tuning subsets of 10mins, 1 h,
10 h, 100 h, and 960 h. We present systematic results on three
model sizes pre-trained with HuBERT: BASE (90 M parameters),

TABLE I
MODEL ARCHITECTURE SUMMARY FOR BASE, LARGE, AND X-LARGE

HUBERT MODELS

LARGE (300 M), and X-LARGE (1B). The X-LARGE model shows
up to 19% and 13% relative WER improvement from LARGE

models on dev-other and test-other evaluation subsets when pre-
trained on the Libri-Light 60 k hours.

II. METHOD

A. Learning the Hidden Units for HuBERT

An acoustic model trained on text and speech pairs provides
pseudo-phonetic labels for each frame via forced alignment in
semi-supervised learning. On the contrary, the self-supervised
representation learning setup has access to speech-only data.
Nevertheless, simple discrete latent variable models such as
k-means and Gaussian mixture models (GMMs) infer hidden
units that exhibit non-trivial correlation with the underlying
acoustic units [27] (see also Table V). More advanced systems
can achieve better acoustic unit discovery performance using
better graphical models [28], [29] or parameterizes the distribu-
tions with more powerful neural network models [30]–[34].

Inspired by this, we propose to use acoustic unit discovery
models to provide frame-level targets. Let X denote a speech
utterance X = [x1, . . . , xT ] of T frames. Discovered hidden
units are denoted with h(X) = Z = [z1, . . . , zT ], where zt ∈
{1, . . . , C} is aC-class categorical variable and h is a clustering
model, e.g. k-means.

B. Representation Learning via Masked Prediction

LetM ⊂ {1, . . . , T}denote the set of indices to be masked for
a length-T sequence X , and X̃ = r(X,M) denote a corrupted
version of X where xt is replaced with a mask embedding x̃
if t ∈ M . A masked prediction model f takes as input X̃ and
predicts a distribution over the target indices at each timestep
pf (· | X̃, t). There are two decisions to be made for masked
prediction: how to mask and where to apply the prediction loss.

Regarding the first decision, we adopt the same strategies used
in SpanBERT [35] and wav2vec 2.0 [7] for mask generation,
where p% of the timesteps are randomly selected as start indices,
and spans of l steps are masked. To address the second decision,
we denote the cross-entropy loss computed over masked and
unmasked timesteps as Lm and Lu, respectively. Lm is defined
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TABLE II
RESULTS AND COMPARISON WITH THE LITERATURE ON LOW RESOURCE SETUPS (10-MIN, 1-HOUR, 10-HOUR, AND 100-HOUR OF LABELED DATA)

TABLE III
COMPARISON WITH THE LITERATURE ON HIGH RESOURCE SETUPS USING ALL 960 HOURS OF LABELED LIBRISPEECH DATA
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TABLE IV
STABILITY OF K-MEANS AS AN UNSUPERVISED UNIT DISCOVERY ALGORITHM

WITH RESPECT TO DIFFERENT FEATURES, NUMBERS OF CLUSTERS, AND

TRAINING DATA SIZES. PNMI STANDS FOR PHONE-NORMALIZED MUTUAL

INFORMATION

TABLE V
THE EFFECT OF THE TRAINING OBJECTIVE AND CLUSTERING QUALITY.

C REFERS TO THE NUMBER OF UNITS, AND α IS THE WEIGHT FOR MASKED

FRAMES

as:

Lm(f ;X,M,Z) =
∑

t∈M
log pf (zt | X̃, t), (1)

and Lu is of the same form except that it sums over t �∈ M .
The final loss is computed as a weighted sum of the two terms:
L = αLm + (1− α)Lu. In the extreme case when α = 0, the
loss is computed over the unmasked timesteps, which is similar
to acoustic modeling in hybrid speech recognition systems [36]–
[39]. In our setup, this limits the learning process to mimicking
the clustering model.

In the other extreme with α = 1, the loss is only computed
over the masked timesteps where the model has to predict
the targets corresponding to the unseen frames from context,
analogous to language modeling. It forces the model to learn
both the acoustic representation of unmasked segments and the
long-range temporal structure of the speech data. We hypothe-
size that the setup with α = 1 is more resilient to the quality of
cluster targets, which is demonstrated in our experiments (see
Table V).

C. Learning With Cluster Ensembles

A simple idea to improve target quality is to utilize multiple
clustering models. While an individual clustering model may
perform terribly, cluster ensembles can provide complementary
information to facilitate representation learning. For example,
an ensemble of k-means models with different codebook sizes
can create targets of different granularity, from manner classes
(vowel/consonant) to sub-phone states (senones). To extend the
proposed framework, let Z(k) be the target sequences generated

by the k-th clustering model. We can now re-write Lm as:

Lm(f ;X, {Z(k)}k,M) =
∑

t∈M

∑

k

log p
(k)
f (z

(k)
t | X̃, t), (2)

and similarly for the unmasked loss Lu. This is analogous
to multi-task learning, but with tasks created by unsupervised
clustering.

Additionally, ensembling is intriguing because it can be used
alongside product quantization (PQ) [40], where a feature space
is partitioned into multiple subspaces, and each subspace is
quantized separately. PQ allows effective Euclidean distance-
based quantization such as k-means for high-dimensional fea-
tures and heterogeneous features whose scale differs signifi-
cantly between subspaces. In this case, the theoretical size of
the target space is the product of all codebooks’ sizes.

D. Iterative Refinement of Cluster Assignments

In addition to using cluster ensembles, another direction
for improved representation is refining the cluster assignments
throughout the learning process. Since we expect a pre-trained
model to provide better representations than the raw acoustic
feature such as MFCCs, we can create a new generation of
clusters by training a discrete latent model over the learned
latent representations. The learning process then proceeds with
the newly discovered units.

E. Implementation

Our pre-trained models follows the wav2vec 2.0 architec-
ture [7], with a convolutional waveform encoder, a BERT en-
coder [20], a projection layer and a code embedding layer.
We consider HuBERT in three different configurations: BASE,
LARGE, and X-LARGE. The fisrt two follow the architectures
of wav2vec 2.0 BASE and LARGE closely. The X-LARGE archi-
tecture expands the model size to about 1 billion parameters,
similar to the size of the Conformer XXL model in [41]. The
waveform encoder is identical for all the three configurations,
which is composed of seven 512-channel layers with strides
[5,2,2,2,2,2,2] and kernel widths [10,3,3,3,3,2,2]. The BERT
encoder consists of many identical transformer blocks, whose
parameters along with the parameter of the subsequent projec-
tion layer are specified in Table I.

The convolutional waveform encoder generates a feature se-
quence at a 20 ms framerate for audio sampled at 16 kHz (CNN
encoder down-sampling factor is 320x). The audio encoded
features are then randomly masked as described in Section II-B.
The BERT encoder takes as input the masked sequence and
outputs a feature sequence [o1, . . . , oT ]. The distribution over
codewords is parameterized with

p
(k)
f (c | X̃, t) =

exp(sim(A(k)ot, ec)/τ)∑C
c′=1 exp(sim(A(k)ot, ec′)/τ)

, (3)

where A is the projection matrix, ec is the embedding for
codeword c, sim(·, ·) computes the cosine similarity between
two vectors, and τ scales the logit, which is set to 0.1. When
cluster ensembles are used, one projection matrixA(k) is applied
for each clustering model k.
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After HuBERT pre-training, We use the connectionist tem-
poral classification (CTC) [42] loss for ASR fine-tuning of the
whole model weights except the convolutional audio encoder,
which remains frozen. The projection layer(s) is removed and
replaced with a randomly initialized softmax layer. The CTC
target vocabulary includes 26 English characters, a space token,
an apostrophe, and a special CTC blank symbol.

III. RELATED WORK

We discuss recent studies on self-supervised speech represen-
tation learning by grouping them by training objective. The ear-
liest line of work learns representations by postulating a gener-
ative model for speech with latent variables, which are assumed
to capture the relevant phonetic information. Training of these
models amounts to likelihood maximization. Different latent
structures have been applied to encode the prior assumption,
such as continuous [30], discrete [32], [43], or sequential [29],
[31], [33], [34], [44].

Prediction-based self-supervised learning has gathered in-
creasing interests recently, where a model is tasked to predict
the content of the unseen regions [5], [45]–[51] or to contrast
the target unseen frame with randomly sampled ones [2]–[4], [7].
Some models combine both the predictive and the contrastive
losses [6], [52]. These objectives can usually be interpreted as
mutual information maximization [53]. Other objectives do not
belong to these categories, for example, [54].

This work is most related to DiscreteBERT [52]: both Hu-
BERT and DiscreteBERT predict discrete targets of masked
regions. However, there are several crucial differences. First,
instead of taking quantized units as input, HuBERT takes raw
waveforms as input to pass as much information as possible to
the transformer layers, which was shown to be important in [7].
Furthermore, in the experiment section, we show that our model,
with simple k-means targets, can achieve better performance
than DiscreteBERT that uses vq-wav2vec [6] learned units. Sec-
ond, we also present many techniques to improve teacher quality
instead of using a single fixed teacher as done in DiscreteBERT.

HuBERT is also related to wav2vec 2.0 [7]. However, the
latter employs a contrastive loss that requires careful design of
where to sample negative frames from, an auxiliary diversity
loss to encourage the discrete unit usage, and demands a proper
Gumbel-softmax temperature annealing schedule. In addition,
it only explores quantizing the waveform encoder output, which
may not be the best feature for quantization due to the limited
capacity of the convolutional encoder, as suggested by our
ablation studies in Figure 2. Concretely, our proposed method
adopts a more direct predictive loss by separating the acoustic
unit discovery step from the masked prediction representation
learning phase and achieves the state-of-the-art results that
match or outperform wav2vec 2.0 on different fine-tuning scales.

Finally, the idea of iterative refinement target labels is similar
to iterative pseudo labeling for semi-supervised ASR [13], [55],
which leverages an improving student model to generate better
pseudo-labels for the next iteration of training. The HuBERT
approach can be seen as extending this method to the self-
supervised setup with a masked prediction loss.

Fig. 1. The HuBERT approach predicts hidden cluster assignments of the
masked frames (y2, y3, y4 in the figure) generated by one or more iterations of
k-means clustering.

Fig. 2. Quality of the cluster assignments obtained by running k-means
clustering on features extracted from each transformer layer of the first and
the second iteration BASE HuBERT models.

IV. EXPERIMENTAL DETAILS

A. Data

For unsupervised pre-training, we use the full 960 hours of
LibriSpeech audio [25] or 60,000 hours of Libri-light [26] audio,
both of which are derived from the LibriVox project that contains
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English recordings of copyright-free audiobooks by volunteers
from the Internet. For supervised fine-tuning, five different
partitions are considered: Libri-light 10-minute, 1-hour, 10-
hour splits and LibriSpeech 100-hour (train-clean-100)
and 960-hour (train-clean-100, train-clean-360,
train-other-500 combined) splits. The three Libri-light
splits are subsets of the the LibriSpeech training split, and each
of them contain half of the audio from train-clean-* and
the other from train-other-500.

B. Unsupervised Unit Discovery

To demonstrate the effectiveness of the proposed method on
utilizing low-quality cluster assignments, we consider the k-
means algorithm [56] for acoustic unit discovery by default. It
is one of the most naive unit discovery models that can be treated
as modeling an isotropic Gaussian with the same scalar variance
for each acoustic unit. To generate labels for the first iteration
HuBERT training over the 960 h LibriSpeech training set, we run
k-means clustering with 100 clusters on 39-dimensional MFCC
features, which are 13 coefficients with the first and the second-
order derivatives.

To generate better targets for the subsequent iterations, we
run k-means clustering with 500 clusters on the latent features
extracted from the HuBERT model pre-trained in the previous
iteration (not fine-tuned) at some intermediate transformer layer.
Since the feature dimension at the transformer output is much
higher than the MFCC features (768-D for HuBERT BASE), we
cannot afford to load the entire 960 h training split to the memory.
So instead, we randomly sample 10% of the data for fitting the
k-means model.

The MiniBatchKMeans algorithm implemented in the
scikit-learn [57] package is used for clustering, which
fits a mini-batch of samples at a time.3 We set the mini-batch
size to be 10,000 frames. k-means++ [58] with 20 random starts
is used for better initialization.

C. Pre-Training

We train the BASE model for two iterations on the 960 hours
of LibriSpeech audio on 32 GPUs, with a batch size of at most
87.5 seconds of audio per GPU. The first iteration is trained
for 250 k steps, while the second iteration is trained for 400 k
steps using labels generated by clustering the 6-th transformer
layer output of the first iteration model. The third iteration brings
very marginal improvement when fine-tuned on the 10-hour split
(from 9.0% to 8.9% on dev-other) and hence we stop at the
second iteration. Training for 100 k steps takes about 9.5 hours.

Next we train HuBERT LARGE and X-LARGE for one iteration
on 60,000 hours of Libri-light audio on 128 and 256 GPUs,
respectively, for 400 k steps. The batch sizes are reduced to 56.25
and 22.5 seconds of audio per GPU due to memory constraints.
Instead of restarting the iterative process from clustering MFCC
features, we extract features from the 9-th transformer layer of
the second iteration BASE HuBERT for clustering and use those

3It still requires loading the entire dataset to the memory first.

labels for training these two models. Hence, these two models
can also be seen as the third iteration models.

For all HuBERT configurations, mask span is set to l =
10, and p = 8% of the waveform encoder output frames are
randomly selected as mask start if not otherwise mentioned.
Adam [59] optimizer is used with β = (0.9, 0.98), and the
learning rate ramps up linearly from 0 to the peak learning rate
for the first 8% of the training steps, and then decays linearly
back to zero. The peak learning rates are 5e-4/1.5e-3/3e-3 for
BASE/LARGE/X-LARGE models.

D. Supervised Fine-Tuning and Decoding

We fine-tune each model on 8 GPUs on the labeled splits
described in Section IV-A. The batch sizes per GPU are at
most 200/80/40 seconds of audio for BASE/LARGE/X-LARGE

models. During fine-tuning, the convolutional waveform audio
encoder parameters are fixed. Like wav2vec 2.0, we introduce
a freeze-step hyperparameter to control how many fine-tuning
steps the transformer parameters are fixed, and only the new
softmax matrix is trained. We sweep over peak learning rate
([1e-5, 1e-4]), learning rate schedule (percentage of steps for
linear ramp-up and decay), number of fine-tuning steps, freeze
step, and waveform encoder output masking probability for each
model size and fine-tuning split combination using the word
error rate (WER) on the dev-other subset as a criterion for
model selection.

We use the wav2letter++ [60] beam search decoder wrapped
in Fairseq [61] for language model-fused decoding, which opti-
mizes:

log pCTC(Y | X) + w1 logPLM (Y ) + w2|Y |, (4)

where Y is the predicted text, |Y | is the length of the text, andw1

and w2 denote the language model weight and utterance length
weight. The decoding hyperparameters are searched with Ax, a
Bayesian optimization toolkit,4. In this work, we consider both
n-gram and transformer language models trained on the official
Librispeech language modeling data.

E. Metrics of Target Quality

For analysis, we derive frame-level forced-aligned phonetic
transcripts using a hybrid ASR system to measure the correlation
between the k-means cluster assignments and the actual phonetic
units. Given aligned frame-level phonetic labels [y1, . . . , yT ]
and k-means labels [z1, . . . , zT ], the joint distribution between
the two variables pyz(i, j) can be estimated by counting the
occurrences:

pyz(i, j) =

∑T
t=1[yt = i ∧ zt = j]

T
, (5)

where i denotes the i-th phoneme class and j denotes the j-th
k-means label class. The marginal probabilities are computed as
pz(j) =

∑
i pyz(i, j) and py(i) =

∑
j pyz(i, j).

4[Online]. Available: https://github.com/facebook/Ax
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For each phone class i, we further compute the most likely
target label as:

z∗(i) = argmax
j

pyz(i, j). (6)

Likewise, for each k-means class j, we compute the most likely
phone label as:

y∗(j) = argmax
i

pyz(i, j). (7)

Three metrics are considered:
1) Phone Purity (Phn Pur.):

Epz(j)[py|z(y
∗(j) | j)], (8)

where py|z(i | j) = pyz(i, j)/pz(j) denotes the condi-
tional probability of phone given a k-means label. This
metric measures the average phone purity within one
class, which can be interpreted as the frame-level phone
accuracy if we transcribe each k-means class with its
most likely phone label. When comparing different sets
of target labels with the same number of units, higher
purity indicates better quality. However, this metric is
less meaningful when comparing two sets with different
numbers of units: in the extreme case where each frame is
assigned a unique target label, the phone purity would be
100%.

2) Cluster Purity (Cls Pur.):

Epy(i)[pz|y(z
∗(i) | i)], (9)

where pz|y(j | i) = pyz(i, j)/py(i) denotes the condi-
tional probability of a k-means label given phone label.
Cluster purity is the counterpart of phone purity, whose
value would typically decrease when the number of units
increases. When comparing target labels with the same
number of units, higher cluster purity also indicates a
better quality, as frames of the same phone are more likely
labeled as the same k-means label class.

3) Phone-Normalized Mutual Information (PNMI):

I(y; z)

H(y)
=

∑
i

∑
j pyz(i, j) log

pyz(i, j)

py(i)pz(j)∑
i py(i) log py(i)

(10)

=
H(y)−H(y | z)

H(y)
(11)

= 1− H(y | z)
H(y)

. (12)

PNMI is an information-theoretic metric that measures
the percentage of uncertainty about the phone label y
eliminated after observing the k-means label z. Higher
PNMI also indicates better k-means clustering quality.

V. RESULTS

A. Main Results: Low- and High-Resource Setups

Table II presents results for the low-resource setup, where
pre-trained models are fine-tuned on 10 minutes, 1 h, 10 hours,
or 100 hours of labeled data. We include comparison with semi-
supervised (iterative pseudo labeling (IPL) [13], slimIPL [55],

noisy student [62]) and self-supervised approaches (DeCoAR
2.0 [51], DiscreteBERT [52], wav2vec 2.0 [7]) in the literature.
Increasing the amount of unlabeled data and increasing the
model size improve performance, demonstrating the scalability
of the proposed HuBERT self-supervised pre-training method.
In the ultra-low resource setup with just 10 minutes of labeled
data, the HuBERT LARGE model can achieve a WER of 4.7%
on the test-clean set and 7.6% on the test-other set, which is
0.1% and 0.6% WER lower, respectively than the state-of-the-art
wav2vec 2.0 LARGE model. By further scaling up the model size
to 1B parameters, the HuBERT X-LARGE model can further re-
duce the WER to 4.6% and 6.8% on test-clean and test-other. The
superiority of HuBERT persists across most setups with different
amounts of labeled data, with the exceptions being fine-tuning on
100 hours of labeled data, where HuBERT LARGE is 0.1% higher
than wav2vec 2.0 LARGE on test-clean and HuBERT BASE is
0.1% higher than wav2vec 2.0 BASE on test-other, and the test-
clean performance of HuBERT BASE models when fine-tuned on
10-min and 1-hour splits. In addition, HuBERT also outperforms
DiscreteBERT by a large margin in all setups, while both are
trained with a virtually identical objective - masked prediction
of discovered units. The considerable performance gap suggests
two things. First, using waveform as the input to the model
is crucial for avoiding loss of information during quantization.
Second, while vq-wav2vec [6], the units that DiscreteBERT uses
for training, may discover better units than k-means clustering of
MFCC features, the proposed iterative refinement benefits from
the improving HuBERT model and learn better units eventually.
We will verify these statements in the ablation study sections.

We report results of fine-tuning HuBERT models on the full
960 hours of Librispeech data and compare with the literature
in Table III. Prior studies using additional unpaired speech are
classified into:

1) self-training: first train an ASR on labeled data to annotate
unlabeled speech, and then combine both golden and ASR-
annotated text-speech pairs for supervised training.

2) pre-training: first use unlabeled speech for pre-training a
model, and then fine-tune the model on labeled data with
a supervised training objective.

3) pre-training + self-training: first pre-train and fine-tune a
model, and then use it to annotate unlabeled speech for
self-training combined with supervised data.

HuBERT outperforms the state-of-the-art supervised and self-
training methods and is on par with the two best pre-training
results in the literature; both are based on wav2vec 2.0 con-
trastive learning. In contrast, it lags behind methods combining
pre-training with self-training. However, as observed in [64]
and [41], we expect that HuBERT can achieve comparable or
better performance after combining with self-training, since
the pre-trained HuBERT model is on par or better than the
pre-trained model those two methods use for pseudo labeling.

B. Analysis: K-Means Stability

To better understand why masked prediction of discovered
units is effective, we conduct a series of analyses and ablation
studies. We start with probing the stability of the k-means clus-
tering algorithm concerning different numbers of clusters and
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different sizes of its training data. Two features are considered:
39-dimensional MFCC features and 768-dimensional output
from the 6-th transformer layer of the first iteration HuBERT-
BASE model. These two features are used to produce cluster
assignments for the first and the second iteration HUBERT
training, respectively.

For k-means clustering, we consider K = {100, 500} clus-
ters fitted on {1, 10, 100} hours of speech sampled from the
LibriSpeech training split. Each combination of the hyperpa-
rameters and the features are trained for 10 trials, and the
mean and standard deviation of the supervised PNMI metric
on the development set (combining dev-clean and dev-other
from LibriSpeech) is reported in Table IV. The results show
that the k-means clustering is reasonably stable given the small
standard deviations across different hyperparameters and fea-
tures. Furthermore, increasing the amount of data used for fitting
k-means models improves PNMI in general, but the gain is only
as much as 0.012, suggesting the feasibility of using k-means
for unit discovery even with limited CPU memory relative to
the feature matrix size. Lastly, the PNMI score is much higher
when clustering on HuBERT features than clustering on MFCC
features, and the gap is even larger with 500 clusters, indicating
that iterative refinement significantly improves the clustering
quality.

C. Analysis: Clustering Quality Across Layers and Iterations

We next study how each layer of the HuBERT model from
each iteration performs when used for clustering to generate
training targets. The two BASE HuBERT models from the first
two iterations as described in Section IV-C are considered, which
are referred to as BASE-it1 and BASE-it2, respectively. There are
26 features representing 12 transformer layers plus the input to
the first transformer layer (denoted as “Layer 0”) from the two
HuBERT models. For each feature, we fit three k-means models
(K = {100, 500, 1000} clusters) on a 100 h subset randomly
sampled from the LibriSpeech training data. The teacher quality
measured in cluster purity, phone purity, and phone normalized
mutual information (PNMI) is shown in Figure 2. As a base-
line, MFCC achieves (cluster purity, phone purity, PNMI) =
(0.099, 0.335, 0.255) for K = 100 and (0.031, 0.356, 0.287) for
K = 500.

Both BASE-it1 and BASE-it2 features result in significantly
better clustering quality on all three metrics than MFCC with
the same number of clusters. On the other hand, the best BASE-
it2 feature is better than the best BASE-it1 on phone purity and
PNMI, but slightly worse on cluster purity. Finally, we observe
different trends across layers from BASE-it1 and BASE-it2: while
BASE-it2 model features generally improve over layers, BASE-
it1 has the best features in the middle layers around the 6th
layer. Interestingly, the quality of the last few layers degrades
dramatically for BASE-it1, potentially because it is trained on
target assignments of worse quality, and therefore the last few
layers learn to mimic their bad label behavior.

D. Ablation: The Importance of Predicting Masked Frames

We present a series of ablation studies in the following
sections to learn how pre-training objective, cluster quality,

and hyperparameters affect the performance. The models for
ablation studies are pre-trained for 100 k steps and fine-tuned
on the 10-hour libri-light split using fixed hyperaprameters.
MFCC-based k-means units with C=100 are used if not other-
wise mentioned. We report WERs on the dev-other set decoded
with the n-gram language model using fixed decoding hyperpa-
rameters.

To understand the importance of our proposal to predict the
masked frames only, we compare three conditions: 1) predicting
masked frames, 2) predicting all frames, and 3) predicting un-
masked frames, which can be simulated by setting α to 1.0,
0.5, and 0.0, respectively. We are comparing three k-means
models learned from clustering MFCC teachers with 50, 100,
500 clusters, one learned from clustering HuBERT-BASE-it1
6th transformer layer features, and supervised labels obtained
from the forced-alignment of character-based HMM models
(chenone) [65].

Results shown in Table V indicate that when learning from
bad cluster assignments, computing loss only from the masked
regions achieves the best performance, while the inclusion of
unmasked loss results in significantly higher WERs. However,
as the clustering quality improves, the model would suffer
less when computing losses on the unmasked frames (BASE-
it1-layer6) or even achieve better performance as the case of
chenone.

Replacing the k-means teacher with GMM clustering pro-
vides less than 1% of WER reduction as shown in Table V.
It is an encouraging sign that a better clustering method im-
proves the learned HuBERT representation; however, the scale
of the observed gain is much less than the 6% obtained from
another iteration of HuBERT training from learned hidden
representation.

E. Ablation: The Effect of Cluster Ensembles

To understand the effect of combining multiple k-means
models for generating targets, we consider two setups. The
first one has k-means models of different numbers of clusters
presented in Table V, denoted with “K-means on MFCC, K=*.”
The second one has k-means models trained on spliced MFCC
features with a window of three; hence, each input feature is
represented as a 117-dimensional vector. In this second case,
we apply product quantization on the spliced features, where
dimensions are split into the coefficients of the zeroth, first,
and second-order derivatives. This is equivalent to quantizing
the spliced zeroth, first, and second order MFCC coefficients
separately. We denote these codebooks with “K-means on S-
MFCC-*, K=100.” By comparing the results from Table V
and Table VI, we observe that combining teachers obtained
from clustering the same feature with different number of clus-
ters achieves better performance (17.81%/17.56%) than using
each teacher individually (18.68%/17.86%/18.40%). Similarly,
combining teachers obtained from clustering different features
(16.73%) also leads to improvement over using individual teach-
ers (19.26%/17.64%/18.46%). Note that while predicting cluster
ensemble leads to improvement, the gain is not as significant as
that achieved from iterative clustering (from 18.40% to 11.91%
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TABLE VI
CLUSTER ENSEMBLES WITH K-MEANS ON MFCC AND SPLICED MFCC

FEATURES. S-MFCC-N REFERS TO THE N-TH ORDER DERIVATIVES OF THE

SPLICED MFCC FEATURES

Fig. 3. Varying masking probability p (left) and effective batch size through
the number of GPUs (right).

TABLE VII
VARYING THE NUMBER OF HUBERT PRE-TRAINING STEPS. p IS SET TO 6.5%

as shown in Table V. Hence, for simplicity we present results
with a single K-means teacher in Table II and III.

F. Ablation: Impact of Hyperparameters

Figure 3 and Table VII studies how hyperparameters affect
HuBERT pre-training. It is shown that

1) the portion of frames selected as mask start is optimal at
p =8%;

2) increasing the batch size can significantly improve the
performance;

3) training for longer consistently helps for both k-means
models with C={50, 100}, and the best model achieves a
WER of 11.68%.

These findings are also consistent with those from BERT-like
models [21]. In addition, we include a comparable result from
DiscreteBERT [52] in Table VII which applies k-means to
quantize the same MFCC features into 13.5 k units, used as
both the output and the input to the BERT model. Besides using
continuous speech input rather than discrete units, we hypoth-
esize that HuBERT achieves significantly better performance
because its fewer k-means clusters of 100 or 500 help capture
broad phonetic concepts without delving into inter/intra-speaker
variation.

VI. CONCLUSION

This paper presents HuBERT, a speech representation learn-
ing approach that relies on predicting K-means cluster assign-
ments of masked segments of continuous input. On both the Lib-
rispeech 960 hours and the 60,000 hours Libri-light pre-training
setups, HuBERT matches or outperforms the state-of-the-art
systems over all fine-tuning subsets of 10mins, 1 h, 10 h,
100 h, and 960 h. Furthermore, the learned representation quality
improves dramatically with iteratively refining K-means cluster
assignments using learned latent representations for a previous
iteration. Finally, HuBERT scales well to a 1B transformer
model showing a relative reduction in WER of up to 13%
on the test-other subset. For future work, we plan to improve
the HuBERT training procedure to consist of a single phase.
Furthermore, given the high quality of its representations, we
will consider using HuBERT pre-trained representations for
multiple downstream recognition and generation tasks beyond
ASR.
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