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Abstract

Current approaches to dementia detection in machine learning based on language
often treat the task as an end-to-end binary classification problem, directly classi-
fying a person’s audio or transcripts to a final diagnostic label (e.g., dementia or
cognitively normal). While these prior techniques can be effective for accuracy,
because predictions are made in a single step, this binary approach overlooks the
progressive nature of cognitive decline and lacks the interpretive analyses that
clinicians rely on in clinical settings. Furthermore, these approaches face inter-
pretability limitations, particularly in terms of the linguistic features the models
are focusing on. This position paper argues that language-based dementia
detection research should be re-framed to include cognition-based reasoning,
specifically by probing model cognition through structured, fine-grained in-
put—output analyses, which allow clearer understanding of how ML systems
reason in this task. This new direction will help advance current ML models
towards dementia detection frameworks that are more interpretable and clinically
trustworthy.

1 Introduction: Diagnosing Dementia Isn’t Just a Classification Task

Machine learning (ML) and deep learning have become important tools in healthcare for assisting
in the analysis of medical records, accelerating testing, and predicting disease risks [46, 142]. ML
could be particularly useful for screening for cognitive impairment, including dementia, which is
estimated to affect 57 million people worldwide [39]]. Dementia research using ML has assessed
input modalities such as demographic data, neuro-imaging, bio-fluid biomarkers, genetic and medical
information, and cognitive assessments [8} 14,152 43]. Among these, language-based inputs offer a
non-invasive and sensitive source of dementia-related cues.

The most common task used in language-based dementia detection is the picture description task
[L1L 19,41} 26]], wherein a participant describes everything they see in an image (e.g., Cookie Theft
Task [16])) as their audio is recorded. The audio is then analyzed through audio signal processing [60,
26, (7, 21]] and natural language processing (NLP) of the transcripts [19} 41, 9].

Current ML research on dementia detection is commonly framed as a binary classification task,
typically distinguishing Alzheimer’s disease (AD) or mild cognitive impairment (MCI) from normal
cognition (NC) [54! 44l 4], as seen in Fig. E} Existing methods range from traditional classifiers built
on handcrafted features to large language models (LLMs) applied directly to transcripts, but in both
cases models are trained to map inputs to a single diagnostic label [22] 26, 21} 34} [1} 150]. Datasets
often reinforce this binary framing, with recordings annotated only with the final diagnosis [53} 15,130~
32], or with cognitive test score (e.g., Mini Mental State Exam (MMSE) [33]])(for an overview of
datasets, see [12]] and Appendix [A]).. While effective at optimizing categorical or score accuracy, it
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Figure 1: Overview of picture description task for dementia detection. Existing approaches classify
audio or text, or both, into NC/MCI or NC/AD, often as a binary task. Our proposed approach probes
model cognition through fine-grained feature analysis to assess reasoning and better support clinical
diagnosis, offering more interpretable diagnosis. See Appendix [B]for more details.

collapses the progressive and multidimensional nature of dementia into a single outcome and often
lacks interpretability of the model itself.

This raises a fundamental question for the field: can we improve interpretability of dementia detection
models if they reason through the linguistic cues? Clinical cognitive assessment is inherently a
staged process, and clinicians assess narrative completeness and structure, evaluate semantic richness,
and integrate these with other observations before reaching a conclusion. When we reduce the
problem to a single binary decision, what aspects of cognition are we ignoring, and what biases are
introduced—both by our task design and by the model’s own reasoning?

We argue that detection of cognitive impairment should be reformulated as a structured
cognitive inference problem. Rather than collapsing information into a single prediction, LLMs
can serve as a cognitive analysis tool: first extracting fine-grained linguistic features from transcripts,
then assessing narrative coherence and task faithfulness, and separately analyzing information with
acoustic biomarkers before any diagnostic decision for a description of the patient’s cognition.
Producing these intermediate outputs provides clinicians, who are ultimately responsible for making a
diagnosis, the full context and rationale for why the model identified an individual as having cognitive
impairment. The clinicians can then decide to include — or not include — aspects of this information
in their assessment. To provide more clinically meaningful information, this will require datasets
with richer annotations and evaluation methods that include clinically relevant features, to produce
dementia detection systems that are interpretable and aligned with real-world healthcare applications.

2 Related Work: The Gap Between ML and Medical Experts

Traditional Methods. Traditional ML and NLP techniques have been widely adopted for language-
based dementia detection tasks [26} [7]]. Signal processing techniques are used to extract acoustic
properties such as pitch, silent pauses, speech rate, harmonic-to-noise ratio and intensity from audio
recordings [60, 26| 21]]. Traditional NLP methods (e.g., part-of-speech tagging, syntactic constituent
length) have been used to extract semantic, lexical, and syntactic properties from transcriptions of the
speech [[19] 141} 45]]. Combined with the rise of traditional classifiers like Random Forest [21] and
deep learning models such as convolutional neural networks (CNNs) to extract acoustic embeddings
[26, [7], these approaches can help identify complex patterns in detecting cognitive impairment.
Furthermore, feature importance (e.g., Random Forest, Support Vector Machines) can shed light
on the features the model is relying on [40, 21]. However, while these techniques may achieve
strong prediction accuracy, they are limited in their clinical interpretability. For example, [40] found
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that Mel-Frequency Cepstral Coefficients (MFCCs) were the most important feature in dementia
prediction models, but critically MFCCs currently do not have clinical meaning. Interpretability
barriers and challenges with selecting clinically relevant features are important limitations in ML
dementia models’ ability to contribute in medical diagnostic processes (for more discussion on
explainable Al for medical applications, see [3]] and [36]).

LLM-Based Methods. With their capability for language understanding, LLMs have introduced
a new wave of research in ML for dementia detection. Early works have utilized LLMs to extract
embeddings from transcribed speech for downstream classification [62} 48] [23| [35]]. More recently,
LLMs have been explored through fine-tuning and transfer learning for direct inference of dementia
detection tasks [60}61]. Many of these approaches have shown promise through high classification
accuracy, but face notable challenges such as bias [24] and hallucinations, where LLMs generate
outputs that sound plausible but are not grounded with accurate information [24, [13}163]. Recent
efforts to develop medical-domain LLMs [57} 56} 27, 128} 51} 149]], offer progress, but these models are
often trained on general clinical text and are not yet specialized in understanding human cognition
for dementia [63]]. Currently, state-of-the-art LLMs also lack the embedded clinical knowledge
of established clinical diagnostic standards required to understand the dementia task [63} 16]. As a
result, they do not properly rely on medically validated markers of cognitive impairment [15} [55]].
This causes LLMs to overlook subtle but critical linguistic features that are required to align model
cognition with clinical reasoning.

3 Position: Bridging the Gap

We argue that language-based dementia detection research should be re-framed to include cognition-
based reasoning, specifically by probing model cognition through structured, fine-grained input-output
analyses, which will enable clearer understanding of how ML models reason in this task. This can
be achieved by focusing on three key points: (1) Probing Model Cognition to Better Understand
Input Cues: systematically examining which linguistic features models rely on and how these
align with clinical reasoning. (2) Moving Beyond Binary Classification to Progression-Aware
Modeling: shifting from single-step prediction toward fine-grained, multi-stage outputs that reflect
the progressive nature of cognitive decline. (3) Developing Fine-Grained Datasets for Deeper
Understanding: developing richer, expert-annotated datasets that capture clinically meaningful
features to better support interpretable models that are clinically applicable. We believe that these
considerations will help design dementia detection ML models that are more aligned with human
cognition and clinically trustworthy.

3.1 Probing Alignment between Clinician and Model Cognition to Understand Input Cues

We propose that by systematically probing LLMs and ML models by testing feature importance
in the language-based dementia detection task, we can reveal what cues models actually rely on.
Clinicians pay attention to features in patients’ speech such as pauses, narrative coherence, speech
rate, word choice, and limited descriptions of images or recent events [58} |20} 137]]. Recent work [63]]
shows that structured probing in language-based dementia detection by varying prompt types (both
human-defined and LLM-generated) can reveal how different inputs affect model accuracy. They
demonstrate that by directing LLMs to focus on linguistic features such as places, objects, and actions,
and even generate intermediate steps in the detection process, we can understand which aspects of
cognition the model is focusing on. Building on this idea, we argue that systematically testing inputs
(e.g. masking speech features or removing demographic data), can help serve as interpretability
probes to test whether models perform detection through the same cues that clinicians focus on. In
parallel, recent trends in multi-agent systems, visual question answering (VQA) [10} 29 [18]], and
human-in-the-loop [2, 159] show how LLMs can be guided through intermediate steps, either by
auxiliary models or by human experts, to probe what the model is focusing on when producing an
output. For example, in the case of a picture description task, the model can first analyze the input
image and then answer structured questions about the accompanying transcription (see Fig.[I). This
approach can enable us to directly test how well model cognition aligns with clinical reasoning, since
clinicians themselves can understand the intermediate reasoning steps linking the reference image,
patient speech, and model outputs. Understanding model cognition through careful input-output
analysis can help make the internal decision-making process of models more transparent and clinically
useful by showing cognitive reasoning and process.
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3.2 Moving Beyond Binary Classification to Progression-Aware Modeling

To better align model cognition with clinical reasoning, we argue that language-based dementia
detection should move beyond end-to-end binary classification, to a continuum that is more consistent
with the neurodegenerative process. While many existing datasets include graded measures such as
MMSE scores, prior work commonly collapse these into binary categories (e.g. Healthy vs Dementia
or NC vs. MCI), losing clinically meaningful granularity. For example, the DAIC-WOZ dataset for
depression [[L7] uses Patient Health Questionnaire-8 (PHQ-8) scores ranging from 0 to 23 in the train
set to model severity, showing how scaled outputs can reveal deeper insights into model responses than
binary labels. This progression-aware framing for the dementia task will help produce more clinically
aligned predictions and also provide understanding of model cognition, showing whether internal
representations capture clinically meaningful details in a way clinicians may observe. Furthermore,
we suggest using LLMs to provide a clinician-friendly summary to convey these features to improve
interpretability and utility in making a clinical evaluation. Relevant demographic and contextual
information can then be incorporated into LLM summaries of the intermediate steps (e.g., "For an
81-year-old woman from Sacramento, California reading a passage her speech rate range, (1.8-2.3
syllables/second) is slower than average"). To support this framing, we propose building on existing
studies that leverage ML and NLP features by incorporating them into interpretability frameworks
that examine how models capture clinically meaningful cues semantic-pragmatic features, narrative
coherence, and acoustic features across the full spectrum from cognitively normal to dementia. Rather
than focusing solely on accuracy metrics such as accuracy, ROC AUC, or F-1 score, this combined
approach enables us to examine how models weigh specific cues across the NC-MCI-AD spectrum.
Techniques such as reinforcement learning, fine-tuning of LLLMs, and Chain-of-Thought prompting
can further help reveal how models understand cognition and can be applied to focus on clinically
relevant features and structured reasoning steps in diagnosis.

3.3 Annotating Datasets with Clinically Relevant Features for Deeper Understanding

Progress in dementia detection from audio is also limited in the availability of datasets due to the
sensitive nature of medical data. Most publicly available datasets of this modality contain only
basic demographic information (e.g., sex, gender), clinical scores such as MMSE, and raw audio
recordings, and are only sometimes accompanied by ground truth transcriptions [33]]. While this
minimal data is valuable, it lacks the depth needed for models to understand the nuanced reasoning of
medical experts. We believe that significant advances could be made with the addition of fine-grain
annotations in datasets, including annotating existing datasets with expert-labeled features such as
markers of emotion in voice, semantic-pragmatic cues, lexico-syntactic features, and other fine-
grained indicators a medical professional might consider during diagnosis. These enriched datasets
would not only support model training but also serve as interpretability probes, which will enable
exploration on whether models observe the same clinically meaningful signals that guide expert
reasoning. In this way, dataset development can become integral in understanding model cognition,
which further provides the foundation for interpretable and trustworthy dementia detection models.

4 Conclusion: Call for a Fresh Outlook

In this work, we argue that despite advances in applications of ML models for language-based demen-
tia detection, prior techniques have largely optimized for accuracy at the expense of interpretability
and alignment with clinical reasoning. Current classification techniques tend to lose the intermediate
cognitive assessment steps that human clinicians rely on, which limits the reliability of LLM usage in
clinical settings. We assert the need to re-frame dementia detection as a cognitive inference process —
one that systematically probes model cognition to understand what lingustic cues models focus on
and how these align with clinical reasoning. Proper integration of ML frameworks in real-world
clinics will require fine-grained, expert-annotated datasets that capture clinically meaningful features,
guiding models to focus on cues that matter most in practice. By combining these ideas with the
strengths of existing approaches, we can develop diagnostic tools that are more clinically trustworthy
and interpretable.

Impact Statement: This position paper calls for a fundamental shift in language-based dementia
detection research toward probing model cognition through structured, fine-grained input—output
analyses, enabling clearer understanding of how ML systems reason in this task and paving the way
for more interpretable, clinically trustworthy models. See Appendix |C|for a discussion on limitations.
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A Alzheimer’s/Dementia Datasets

Picture description datasets are widely used in ML research for dementia detection. Participants are
asked to describe reference/stimuli images such as the well-known “Cookie Theft” picture, or in some
cases multiple images like “Cat Rescue” and “Coming and Going” (see Fig. [2). Table T[] summarizes
key datasets and subject counts. Among these, ADReSSo and TAUKADIAL have become especially
popular datasets, with the former derived from the Pitt corpus.

"Cookie Theft" "Cat Rescue" "Coming and Going"

Figure 2: Stimuli/reference images used in the ADReSS [30] and TAUKADIAL datasets:
“Cookie Theft” [23], “Cat Rescue” [38]], and “Coming and Going” [47]. ADReSS includes only the
Cookie Theft task, while TAUKADIAL requires each participant to describe all three images.

# of Subjects
Dataset ‘ Language NC MCI  AD ‘ Total
Pitt [3]] | English | 243 - 306 | 549
ADReSSo [30] | English | 115 - 122 | 237
ADReSS-M [3T] English 115 - 122 | 237
Greek 24 - 22 46
TAUKADIAL English 31 51 - 82
Chinese 43 44 - 87

Table 1: Overview of existing dementia classification datasets for the picture description task.
ADReSSo and TAUKADIAL are widely used datasets [26} 21] 34} [50]. Pitt Corpus and ADReSS rely
solely on the Cookie Theft image, while TAUKADIAL employs three images (see Fig. 2)), providing
three transcripts per subject. ADReSS is a curated subset of the Pitt Corpus. NC: Normal Cognition,
MCI: Mild Cognitive Impairment, AD: Alzheimer’s Disease.

ADReSSo. The ADReSSo [30] dataset contains speech samples collected from patients diagnosed
with Probable Alzheimer’s Disease (AD) and non-AD controls. 1t captures both conversational
and task-oriented speech, with a focus on distinguishing acoustic, lexical, semantic, and syntactic
markers of Alzheimer’s progression. The dataset provides several hours of audio along with manual
transcripts, allowing multimodal dementia detection. Fig.[3]shows an example for the two labels,
Probable Alzheimer’s Disease (AD) and control.

TAUKADIAL. The TAUKADIAL dataset consists of speech samples from individuals with
Mild Cognitive Impairment (MCI) and Normal Cognition (NC) controls, in both English and Chinese.
Participants completed the picture description task by answering questions about three stimuli images
(see Fig. 2), providing three transcripts per subject. Fig.[d] shows example transcripts for the two
labels, MCI and normal control.
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| Dataset: ADReSSo Label: Probable AD |

| want you to tell me everything you see happening in that

D

\/ icture.
& P S
o I
o)
Q
) Everything you see happening. Happening. Everything that's going on. Mm-
ﬂﬂ!f hmm. What's happening in that picture?

Well, this is the boy trying to get the cookie jar done for his sister, !@.‘
I would imagine it is. And he's going to fall off the ladder, off the stool or wherever \
he's sitting. The mother's over here. She just dropped some water or whatever on
the floor. She looks pretty mad. And the water's still running. And it looks like the
girl is laughing at the boy because the stool is going to fall over. And there's water
on the floor there and some cups.

| Dataset: ADReSSo | Label: Control |

| want you to tell me everything that you see happening in that
picture, everything that's going on there.

Well, the boy's trying to get in this cookie jar and the stool overturns.

And the little girl is expecting to hand her a cookie. The mother's sink is running
over and she's standing in some of the water and she's drying a dish or wiping a
dish and You said everything is happening. Well the water is still running in the
sink. | said it's overflowing and she's standing in the water and that's, | guess.
somebody laying in the lawn out there but | get that.

Figure 3: Example samples from the ADReSSo [30] dataset, showing a probable AD patient (top)
and a cognitively normal control (bottom). Speaker roles (patient vs. clinician) are not distinguished
in the dataset; they are presented here for readability.

B Fine-Grain Feature Probing for Interpretability

As discussed in Sec. [3] we argue that dementia detection should be repositioned from a direct
classification problem to a structured cognitive reasoning process. The picture description task is
well-suited for fine-grained analysis, since transcripts can be broken down into clinically meaningful
cues such as word repetitions, story coherence, image alignment, narrative flow, etc. Fig.[5]describes
some of these fine-grain prompting categories that can be used to assess model cognition. Fig. [6]
shows how structured prompting can extract these features explicitly, in contrast to vague outputs
from zero-shot prompting. Standardizing such fine-grained extractions, and providing ground-truth
annotations from clinicians, would allow future models to reason through intermediate features
before arriving at a diagnosis. This process mirrors clinical assessment more closely and offers
interpretability by showing intermediate reasoning for features.
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| Dataset: TAUKADIAL | Label: MCI

Yes. Tell me everything you see going on in this picture.

1]
The boy and girl are stealing cookies and the stool is about to fall over. @
And the mother is washing dishes, but she's very interested in looking on what's '
going on outside and not paying attention to the water spilling out,
getting her feet wet. And there are dishes on the counter.

| Dataset: TAUKADIAL | Label: Healthy

Okay, | see a mother washing dishes and the sink is overflowing. She is looking
out into the yard. | see two little kids getting up in the cookie jar on the upper
cabinet and the stepstools falling over. And it looks like from the 1950s because
everybody is dressed kind of in the 50s. and | see a sidewalk outside and some
shrubs and mother is not watching the children as they're about to fall. This little
boy is about to fall.

.<((§

Figure 4: Example samples from the TAUKADIAL dataset, showing an MCI patient (top) and a
cognitively normal control (bottom). Transcripts are ASR-generated; speaker roles are not always
distinguished, and clinician speech may be absent.

Narrative Coherence
Structured, connected discourse
E.g., Logical connections, topic

maintenance, structure ...

Pragmatic Markers
Conversational and social cues
E.g., Pronoun/reference use...

Scene Context Alignment
Describing what is actually shown
E.g., Objects, actions, relations, ...

Linguistic Cues Task Faithfulness Memory Markers
Language-level markers Relevance & completeness of task | Indicators of recall and execution
E.g., Word choice, lexical E.g., key element coverage, E.g., Repetition, forgetting key

richness, syntactic complexity, ... Missing details, hallucinations.. items, self-corrections...

Figure 5: Examples of proposed structured probing tasks applied to dementia models, showing how
varying prompt types can reveal attention to fine grain linguistic features and aid explainability.

C Limitations and Ethical Considerations

Dataset sizes and lack of diversity. While picture description datasets have enabled significant
progress, their small scale and limited demographic diversity restrict generalizability. Most corpora
are dominated by English-speaking participants or a small handful of languages, and subject pools
underrepresent age, and socioeconomic variation, potentially embedding systematic biases into
downstream models. Individual recordings are often very short, offering only brief snapshots
of patient speech that limit the richness of cognitive assessment. Finally, many datasets reflect
institutional biases in recruitment and annotation practices, which can influence both the linguistic
style of collected samples and the diagnostic framing provided to models.

Privacy and consent issues. The sensitive nature of speech data also raises privacy and consent
concerns. Audio might contain personal information that, if misused, could expose individuals beyond
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Patient Transcript: Control / Normal Cognition

Alot of things are happening. Yes. The [UH] water's going over. The water's overflowing. And [UH] the little boy is \
slipping off the stool while he's trying to steal some cookies. and the little girl is laughing at him, and she is not
helping him but and bit, and the lady is drying the dishes and looking out the window. Beautiful out there. Must be
June. | do not know, but at any height, looks like it is not winter. That is about all | can't know, but at any height
looks like it's not winter. That's about all | can see.

patient has normal cognition, mild cognitive impairment, or alzheimers disease. Provide reasoning.

Transcript:| Patient Transcript

You are a clinical Al assistant helping evaluate patient descriptions of an image. Given the following patient transcript below, identify if the
7
AV

Assessment: Mild Cognitive Impairment (MCI). @

Reasoning: The patient identifies all major picture elements (overflowing sink, boy stealing cookies, girl, mother) and
provides some logical sequencing, which suggests preserved comprehension. However, their speech shows mild
disruptions—frequent fillers (“[UH]"), awkward phrasing (“but and bit,” “at any height”), and repetition—indicating reduced
fluency and word-finding efficiency beyond normal aging but not as severe as Alzheimer’s disease.

Assessment: Inconclusive
Reasoning: Given the limited information, it's challenging to determine whether the patient has normal cognition, mild

cognitive impairment, or Alzheimer's disease. Further assessment is needed to evaluate their cognitive abilities more
comprehensively.

Lh Analyze the following transcript:| Patient Transcript
7
@AYz
You are a clinical Al assistant helping evaluate patient descriptions of an image.
Summarize all mentions of subjects (e.g., boy, girl, woman, mother, children).

Little girl: Mentioned as “laughing at him” and “not helping him.”
Lady (mother figure): Identified as “drying the dishes and looking out the window.”

Summary of subject mentions in the transcript:
Little boy: Described as “slipping off the stool while he's trying to steal some cookies.”
Total subjects mentioned: three distinct individuals — the little boy, the little girl, and the lady/mother.

The image depicts a boy slipping off a stool while trying to steal cookies, with a girl laughing at him. A woman is drying
dishes and looking out the window.

Summarize all mentions of actions (e.g., steal, fall, wash, dry, ask, etc.).

Analyze the following transcript: | Patient Transcript

Figure 6: Top: patient transcript to be analyzed for dementia. Middle: zero-shot prompting with a
general-purpose MLLM (ChatGPT-5) and a medical MLLM (MedGemma-4B) produces incorrect
diagnoses with vague explanations. Bottom: structured prompting elicits explicit feature extraction
and transcript analysis, which can be used in a manner similar to clinical notes to support more
fine-grained and interpretable diagnosis.

their cognitive status. Responsible use requires strict supervision for anonymization, controlled
sharing, and adherence to medical data governance frameworks.

LLMs and Hallucinations. Reliance on LL.Ms introduces risks of hallucination and misplaced
trust. Current models may generate reasonable but clinically invalid explanations. Without grounding
in clinician-validated features, hallucinated outputs could reinforce overconfidence and inaccurate
information in automated dementia detection models. Our position emphasizes that future work
must treat LLMs as tools for structured analysis, not as substitutes for clinical judgment, ensuring
interpretability and alignment with real-world diagnostic reasoning.

13



	Introduction: Diagnosing Dementia Isn’t Just a Classification Task
	Related Work: The Gap Between ML and Medical Experts
	Position: Bridging the Gap
	Probing Alignment between Clinician and Model Cognition to Understand Input Cues
	Moving Beyond Binary Classification to Progression-Aware Modeling
	Annotating Datasets with Clinically Relevant Features for Deeper Understanding

	Conclusion: Call for a Fresh Outlook
	Alzheimer's/Dementia Datasets
	Fine-Grain Feature Probing for Interpretability
	Limitations and Ethical Considerations

