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Abstract
Figurative language, including multiword expressions and metaphors, provides a sensitive lens on cognitive
functioning but remains largely overlooked in computational studies of Alzheimer's Disease (AD). This work
investigates figurative-language patterns in AD and whether they can help in distinguishing AD from non-clinical
discourse and whether a neural model encodes comparable linguistic tendencies. We propose a two-step framework
that combines relevant linguistic features with neural representations. Figurative expressions are automatically
identified using Large Language Models focusing on idiomaticity and metaphor detection. These figurative language
indicators are integrated with lexical, syntactic, and readability features and used to train classifiers on the ADReSS
dataset. Correlation and proxy-model analyses reveal significant alignment between linguistic indicators and model
predictions: participants with AD produce fewer figurative constructions, lower lexical diversity, and more concrete
language. The results obtained demonstrate that contextual embeddings implicitly encode linguistic cues associated
with cognitive decline and highlight the value of figurative-language metrics for transparent and linguistically grounded

clinical NLP.
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1. Introduction

Natural Language Processing (NLP) has increas-
ingly been applied to healthcare and clinical re-
search, offering tools for automated diagnosis sup-
port, symptom monitoring, and patient commu-
nication analysis (Khurana et al., 2023; Hossain
et al., 2023). In recent years, language-based ap-
proaches have shown interesting results in neu-
rological and neurodegenerative disorders, where
spontaneous speech provides insights into cogni-
tive functioning (De la Fuente Garcia et al., 2020;
Fraser et al.,, 2015). Among these conditions,
Alzheimer’s Disease (AD) has attracted growing
attention, as linguistic alterations (e.g., lexical re-
trieval issues, syntactic simplification, and dis-
course incoherence) often emerge in early stages
of the disease (T6th et al., 2015; Luz et al., 2020).
Detecting such patterns enables non-invasive and
cost-effective screening (e.g., (Mirheidari et al.,
2018; Paula et al., 2018)), complementing tradi-
tional clinical assessment methods and contribut-
ing to the early identification of cognitive decline.
In AD, executive control and the ability to inte-
grate contextual cues are often impaired, affect-
ing both literal and non-literal language processing
(Amanzio et al., 2008; Papagno, 2001; Rassiga
et al., 2009). Figurative language, therefore, of-
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fers an especially sensitive window into cognitive
functioning. The comprehension and production
of figurative language such as multiword expres-
sions (MWEs), particularly idiomatic expressions,
and metaphors require flexible reasoning, seman-
tic control, and abstraction capabilities that grad-
ually deteriorate in AD. Clinical studies show that
individuals with AD tend to interpret idioms liter-
ally and struggle to understand novel metaphors,
although familiar expressions may remain acces-
sible through long-term memory (Papagno, 2001;
Amanzio et al., 2008). From a cognitive-linguistic
perspective, such figurative phenomena depend on
conceptual mapping and domain transfer (Kévec-
ses, 2010, 2005), mechanisms that weaken as ex-
ecutive and semantic control decline.

Despite this evidence, figurative language has
been largely overlooked in computational studies of
Alzheimer’s detection. Existing NLP work has pri-
marily focused on lexical, syntactic, and discourse-
level features (Fraser et al., 2016; Luz et al., 2020),
with few attempts to quantify how figurative lan-
guage patterns change in clinical populations sys-
tematically. Moreover, little is known about how neu-
ral language models encode or respond to figura-
tive expressions, or whether such representations
contribute meaningfully to diagnostic prediction.

Building on this gap, this work examines figura-
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tive language in Alzheimer’s-related discourse and
whether neural models reflect comparable linguistic
tendencies. Using spontaneous speech transcripts,
we combine idiomatic and metaphorical indicators
with lexical, syntactic, and readability features to as-
sess the ability of neural representations to encode
cues of cognitive decline.

This work introduces a methodology for
analysing figurative-language features in
Alzheimer's speech, an evaluation framework
quantifying their alignment with predictions from a
classifier (in this case BERT (Devlin et al., 2019)),
and a linguistic interpretation identifying which
cues the model reflects.

This paper is organized as follows. Section 2 re-
views related work on language-based Alzheimer’s
detection and figurative-language processing. Sec-
tion 3 describes the dataset and methodological
framework. Section 4 reports the main results and
analyses, and Section 5 concludes with a summary
and future directions.

2. Related Work

Research on language and Alzheimer’s disease
has evolved from early feature-based analyses to
neural models capable of capturing complex lin-
guistic patterns. Non-literal language, particularly
idiomatic expressions and metaphors may also re-
flect the cognitive flexibility and semantic control
that deteriorate in Alzheimer’s disease. However,
figurative-language phenomena remain mostly ab-
sent from computational detection pipelines. In this
section we review prior work from two complemen-
tary perspectives: Section 2.1 outlines language-
based methods for Alzheimer’s detection, while
Section 2.2 examines figurative-language use in
cognitive impairment

2.1. Language-based detection of
Alzheimer’s disease

Language provides one of the earliest and least in-
trusive indicators of cognitive decline (Forbes et al.,
2024; Forbes-McKay and Venneri, 2005). Tradi-
tional approaches have relied on handcrafted lin-
guistic features, capturing aspects such as lexical
diversity, syntactic complexity, and discourse coher-
ence, which tend to decrease with disease progres-
sion (Fraser et al., 2016; Téth et al., 2015). Early
work using feature-based machine learning demon-
strated that measures like mean sentence length,
type—token ratio, and pause frequency can differ-
entiate between cognitively healthy and impaired
speakers (Fraser et al., 2016; Luz et al., 2020),
reflecting reductions in lexical diversity, syntactic
complexity, and discourse coherence.

More recent studies have applied deep learn-
ing models, such as BERT (Devlin et al., 2019)
and other transformer architectures, to the task
of Alzheimer’s detection (Luz et al., 2020; Bal-
agopalan et al., 2020; Luz et al., 2021), captur-
ing contextual dependencies from spontaneous-
speech transcripts and reaching accuracies around
80-85% on benchmark datasets such as ADReSS.
These models capture rich contextual information
from spontaneous speech transcripts and have
achieved competitive classification performance.’

Yet, most computational work still focuses on
surface-level cues, overlooking figurative-language
processing, even though psycholinguistic evidence
shows its sensitivity to cognitive decline. In par-
ticular, idiomatic and figurative language, which
depend on semantic flexibility and abstraction, are
rarely examined in detection pipelines (Papagno,
2001; Amanzio et al., 2008; Rassiga et al., 2009).

2.2. Figurative Language in Cognitive
Impairment

The processing of figurative language, including id-
ioms, metaphors, and other multiword expressions,
is a cognitively demanding activity that depends on
executive control, semantic integration, and con-
textual flexibility (Glucksberg, 2003; Bambini et al.,
2011; Cardillo et al., 2012). In Alzheimer’s Disease
(AD), these abilities deteriorate, leading to difficul-
ties inhibiting literal interpretations and mapping
conceptual meaning across domains (Papagno,
2001; Amanzio et al., 2008). As a result, AD pa-
tients often understand only the compositional, lit-
eral meaning of idiomatic phrases, even when they
are familiar with the figurative sense stored in long-
term memory. This tendency towards literalism
has been linked to deficits in the central executive
system, which mediates abstraction and reasoning
(Roncero and de Almeida, 2014; Rassiga et al.,
2009).

Psycholinguistic studies further show that novel
metaphors pose a particular challenge, as their
interpretation requires flexible conceptual map-
ping and the recruitment of inferential processes
(Amangzio et al., 2008). In contrast, well-established
idioms and conventional metaphors may remain rel-
atively preserved, relying more on semantic mem-
ory than active executive processing. These find-
ings suggest that figurative language can serve as a
linguistic marker of cognitive decline, complement-
ing traditional indicators such as lexical diversity or
syntactic simplification (Kévecses, 2005; Rassiga
et al., 2009).

'In this work, we consider only text-based models.
For models that consider other models, see (Meghanani
et al., 2021; Sarawgi et al., 2020; Farris and Codina-
Filba, 2020).
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From a computational perspective, MWEs and
metaphors have long presented challenges to NLP
systems due to their non-compositional seman-
tics and context dependence (Shutova, 2010; Lai
and Nissim, 2024). Traditional rule-based meth-
ods struggled to differentiate figurative from literal
usage, while recent transformer-based and large
language models (LLMs) offer improved contextual
understanding (Lai and Nissim, 2024; Ge et al.,
2023). Nevertheless, their internal representations
remain opaque, and few studies have evaluated
how well these models capture figurative phenom-
ena in clinical contexts (Olivero, 2024; Tong et al.,
2021). Bridging psycholinguistic insights with com-
putational modelling, therefore, provides an oppor-
tunity to investigate whether changes in figurative
language use can be automatically identified and in-
terpreted as part of Alzheimer’s detection pipelines.

The present study, therefore, examines whether
these patterns, known to reflect cognitive flexibility,
are also mirrored in the decision patterns of a neural
language model trained for Alzheimer’s detection.

3. Materials and Methods

This section presents the methodological frame-
work used to investigate the relationship between
figurative language and AD in spontaneous speech
and to evaluate whether a neural model reflects
comparable linguistic tendencies. As illustrated in
Figure 1, the workflow consists of five main steps
organized into three analytical phases. The first
phase, figurative-language detection, involves data
preprocessing (Section 3.1) and automatic identifi-
cation of idiomatic and metaphorical expressions
using an LLM (Section 3.2). The second phase, lin-
guistic feature and model construction, comprises
feature extraction integrating linguistic, readabil-
ity, and figurative-language indicators (Section 3.3)
and classification with a fine-tuned BERT model
for Alzheimer’s detection (Section 3.4). The final
phase, linguistic alignment analysis, examines the
correspondence between interpretable linguistic
cues and model predictions (Section 3.5). Together,
these stages address 2 research questions (RQs):

RQ1 To what extent can figurative-language indi-
cators differ between AD and control partici-
pants?

RQ2 To what extent do neural model predictions
align with these interpretable linguistic indica-
tors?

3.1. Dataset

Experiments use the ADReSS dataset (Luz et al.,
2020), a publicly available benchmark dataset for
Alzheimer’s Disease (AD) detection, containing
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Figure 1: Overview of the experimental pipeline.

spontaneous speech transcripts of participants de-
scribing the Cookie Theft picture, including typi-
cal hesitations and disfluencies of cognitive impair-
ment. This corpus is particularly suited for analyz-
ing figurative-language patterns because it consists
of spontaneous narrative speech where idiomatic
and metaphorical usage naturally occurs.

The dataset contains a balanced sample of par-
ticipants diagnosed with Alzheimer’s Disease (AD)
and cognitively healthy controls (CH), matched by
age and gender to minimize demographic bias.
Specifically, the dataset comprises 156 participants
in total (78 AD and 78 CH). ADReSS provides pre-
defined training and test splits (108 instances for
training: 54 AD and 54 CH; 48 instances for test-
ing: 24 AD and 24 CH) to ensure comparability
across models and reproducibility of results. Eth-
ical approval for data collection was handled by
the ADReSS organizers, and all participant data
have been anonymized to protect privacy. We used
only the textual transcripts in this study, exclud-
ing acoustic features, and demographic metadata
were included for matching purposes but not used
as model input.

This corpus is particularly suitable for analysing
figurative-language usage, since spontaneous nar-
ratives naturally elicit idiomatic and metaphorical
expressions alongside literal ones. The dataset
therefore supports both the linguistic analysis of
figurative phenomena (addressing RQ1) and the
evaluation of whether neural models reflect these
linguistic distinctions (addressing RQ2).

3.2. Figurative Language Identification

To capture indicators of figurative language use,
we implemented an automatic pipeline for identify-
ing multiword expressions (MWEs) and metaphoric
expressions in the ADReSS transcripts. Detection
relied on a widely adopted open weight LLM, in
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this case Llama 3 (Llama Team, Al @ Meta, 2024)
prompted in a chain-of-thought style to analyse
each sentence and output a structured JSON ob-
ject containing counts and lists of idiomatic, literal,
and metaphorical expressions.

Prompt engineering techniques were adapted
from previous studies on idiomaticity detection
(Phelps et al., 2024). Following this work, we tested
several configurations, including zero-shot and few-
shot prompting, as well as strategies such as expert
impersonation and removing restrictive instructions.
These adaptations led to improved accuracy and
a more consistent reasoning pattern across sen-
tences.

Two task-specific prompts were developed, one
for MWEs and one for metaphors. Each prompt
instructed the model to: (1) Identify candidate ex-
pressions that could be idiomatic or metaphorical;
(2) Evaluate whether each expression is used figu-
ratively or literally within its sentence context; and
() Assign a global sentence label accordingly to
the task (MWE or metaphor identification).

Few-shot examples were included in both
prompts to encourage consistent reasoning, and
outputs were formatted in JSON for transparent ag-
gregation. Each example illustrated the reasoning
process, from recognising an expression to clas-
sifying its usage, improving the model’s reliabil-
ity in ambiguous cases. An excerpt of the idiom-
classification prompt is shown in Figure 2.

Your task is to decide whether a sentence contains
idiomatic usage ('i") or only literal usage ('1') of
multiword expressions (MWEs), also called potentially
idiomatic expressions (PIEs).

#i## Instructions:

1. Identify all PIEs (e.g., "kick the bucket”,
"break the ice").

2. For each PIE, compare how it's used in the sentence
with its idiomatic and literal meanings.

3. If at least one PIE is used idiomatically, classify the
whole sentence as "i’.

4, If all PIEs are used literally, classify the sentence as
1.

5. At the end, return a JSON with the following structure:

// 1SON and examples

Figure 2: Idiom classification prompt used to label
sentences.

These detection steps were first validated on two
external benchmark datasets: MAGPIE (Haagsma
et al., 2020) for the classification of idiomatic usage,
and Metaphor-Paraphrase (Bizzoni and Lappin,
2018) for distinguishing metaphorical from literal
sentences. Validation confirmed that the adapted
prompting strategy yields consistent detection per-
formance across MWEs and metaphors, providing
a reliable basis for large-scale analysis of figurative
language in spontaneous speech.

By combining prompt engineering, contextual
reasoning, and structured outputs, this identifica-
tion pipeline produces interpretable annotations of
idiomatic and metaphorical language. These anno-
tations form the basis for the quantitative linguistic
features extracted in Section 3.3.

3.3. Linguistic Feature Extraction

We extracted linguistic, readability, and figurative-
language features to characterize each transcript,
enabling comparison between traditional and new
indicators of cognitive decline. This stage aims
to translate linguistic properties of each transcript
into interpretable quantitative variables that can be
used both for traditional classification and for the
linguistic-alignment analyses described in Section
3.5.

Lexical and Structural measures quantify the
overall complexity and richness of the lexical and
syntactic content of the transcripts, which tend to
decrease in Alzheimer’s speech. These features
comprise (L1) token count, (L2) sentence count,
(L3) average sentence length, (L4) type-token ratio,
(L5) moving-average TTR (Covington and McFall,
2006), (L6) part-of-speech counts, (L7) lexical di-
versity indicators (Lu, 2012).

Readability Indices estimate the cognitive load
and syntactic predictability of a text, providing stan-
dardised metrics of linguistic accessibility that are
often affected by cognitive impairment. We ex-
plore 5 indices: (R1) Flesch Reading Ease (Flesch,
1948), (R2) Flesch-Kincaid Grade (Kincaid et al.,
1975), (R3) Gunning Fog Index (Gunning, 1952),
(R4) SMOG (McLaughlin, 1969), (R5) Automated
Readability Index (Kincaid et al., 1975).

Psycholinguistic Features capture conceptual
specificity and abstraction levels in language use,
which are known to differ between cognitively
healthy and impaired speakers. These features
were derived from concreteness and abstractness
norms for English words (Brysbaert et al., 2014).
We computed three indicators: (A1) average con-
creteness score, (A2) average abstractness score,
and (A3) concreteness coverage, representing the
proportion of words in a transcript that could be
assigned a concreteness or abstractness value.

Discourse Markers measures provide insight
into each narrative’s cohesion and logical structure,
reflecting how speakers organize and relate ideas
across utterances. Discourse features capture the
use of connectives (e.g., however, but, and), follow-
ing (Fraser, 1999). Each of the nine connectives
was represented as a distinct feature (D1-D9).

Figurative-language identified by the LLM-
based identification step (Section 3.2) is post-
processed to generate quantitative indicators of fig-
urative usage. From the model’s structured JSSON
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output, we extracted the following counts and pro-
portions for each transcript:

* PIE-related features: total number of identi-
fied potential idiomatic expressions (P1), num-
ber of expressions used idiomatically (P2),
number used literally, and sentence-level clas-
sifications (i.e., Idiomatic or Literal) (P3) ac-
cording to the usage of its PIEs.

* Metaphor-related feature:total number of
metaphorical expressions (M1), number of lit-
eral interpretations (M2), and sentence-level
classifications (M3); i.e., Metaphoric or Literal.

From these, we aggregated document-level mea-
sures: the proportion of sentences containing
MWEs (P4), the proportion of sentences contain-
ing metaphors (M4), and the ratios of idiomat-
ic/metaphoric to literal usages (P5 and M5).

These four feature groups (i.e., lexical, read-
ability, discourse, and figurative) form a multi-
dimensional representation of each transcript
that combines traditional linguistic analysis with
cognitive-linguistic insights. This feature set is used
inthe modelling experiments and the linguistic align-
ment analyses.

3.4. Models

This stage evaluates how linguistic and contextual
representations distinguish between Alzheimer’s
and control narratives, providing the modelling foun-
dation for the linguistic alignment analyses de-
scribed in Section 3.5.

We compare both traditional feature-based clas-
sifiers and transformer-based neural models, en-
abling a direct contrast between interpretable lin-
guistic cues and deep contextual embeddings.
These models are evaluated using accuracy and
weighted F1-score. Given the fixed separation be-
tween the training and test sets, the bootstrap re-
sampling (1000 iterations) is used to estimate con-
fidence intervals (95% confidence).

Feature-based Models: We trained a range of
machine learning classifiers using the handcrafted
linguistic features derived in Section 3.3, includ-
ing Logistic Regression, Random Forest, Gradi-
ent Boosting, and Support Vector Machines (SVM).
Model performance was evaluated using accuracy,
F1-score, and bootstrap resampling to compute
95% confidence intervals, ensuring statistical ro-
bustness. These models rely exclusively on inter-
pretable linguistic features and serve as a trans-
parent baseline for assessing how well human-
readable linguistic indicators predict AD.

Transformer-based Models?: We fine-tuned
the BERT base uncased model for the neural ap-

2Optimal hyperparameters identified through a grid
search conducted across combinations of learning rate

proach, which captures rich contextual information
from text. Three variations of the BERT model are
explored. (1) Frozen BERT: we extracted the [CLS]
token embedding as a semantic vector and aver-
aged these representations across sentences to
obtain document-level embeddings. This repre-
sentation feeds a Logistic Regression. (2) Fine-
tuned BERT: a classic fine-tuning approach for an
end-to-end binary classification (AD or control). (3)
Custom BERT: we further explore BERT’s ability to
capture Alzheimer-related patterns, by using a cus-
tom classification head composed of a two-layer
multilayer perceptron instead of the standard one-
layer. This deeper classification head increases
representational capacity, but may require more
data than the standard BERT.

In summary, this modelling phase compares a
highly interpretable feature-based baseline, which
encodes linguistic features related to symptoms of
AD, with highly performing transformer-based mod-
els. The resulting predictions feed the linguistic
alignment analyses presented in Section 3.5, ad-
dressing RQ2 on whether model decision patterns
reflect interpretable linguistic indicators.

3.5. Linguistic Consistency Assessment

This stage investigates whether the neural model’s
decision patterns correspond to interpretable lin-
guistic indicators, thereby addressing RQ2 and test-
ing the second hypothesis of linguistic alignment
between model predictions and human-observed
features. To this end, we conducted a two-stage
analysis to quantify the correspondence between
linguistic variables and model behaviour.

Correlation analysis: Spearman correlation is
computed between each linguistic feature and both
(a) the gold labels and (b) the predicted labels by
the best-performing model. This comparison al-
lows us to determine whether linguistic dimensions,
such as figurative-expression density, lexical diver-
sity, concreteness, and readability, exhibit similar
tendencies when correlated with human annota-
tions and model outputs. In other words, the goal
is to assess how closely the model’s predictions
reflect the linguistic distinctions that also separate
AD from control speech.

All correlations are calculated using Spearman’s
p (rank-based) coefficients to capture relationships
between linguistic features and model outputs. Sig-
nificance levels were set at p — value < 0.05. Weak
associations (|p| < 0.2) are excluded to focus on
moderate to strong relationships, ensuring that only
linguistically meaningful correlations are retained
for analysis.

Feature Alignment via Proxy Modelling: To

(2e-5, 3e-5), batch size (8, 16), number of epochs (2, 3),
and dropout rates (0.1, 0.3).
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estimate how much of the neural model’s predictive
behaviour could be explained by explicit linguistic
cues, we trained a Random Forest proxy model to
approximate the BERT classifier’'s predicted proba-
bilities using the handcrafted linguistic features as
input. This procedure provides a quantifiable mea-
sure of linguistic alignment, indicating the degree
to which the model’s decisions can be inferred from
interpretable variables. Feature importance from
the proxy model is then analysed to identify which
linguistic properties, such as figurative-language
density, lexical diversity, or readability indices, most
strongly aligned with the model’s outputs.

4. Findings and Analysis

This section presents the main empirical results and
analyses examining how linguistic and figurative-
language indicators contribute to the detection of
AD from spontaneous speech. The goal is to evalu-
ate both the reliability of the figurative-language fea-
tures and their relation to model performance and
linguistic interpretation. We first evaluate the auto-
matic detection of MWEs and metaphors that un-
derpin the figurative-language features used in later
analyses (Section 4.1). We then report and com-
pare results of Alzheimer’s detection models, in-
cluding both feature-based and transformer-based
approaches (Section 4.2). Finally, we analyse how
these features, particularly figurative-language in-
dicators, relate to model predictions and reflect
patterns of language impairment (Section 4.3).

4.1.

To assess the reliability of the figurative-language
(i.e., MWE and metaphors) indicators introduced
in Section 3.2, the LLM-based detection pipeline
was evaluated on two benchmark datasets. On
the MAGPIE idiom corpus, the model achieved
an F1-score of 0.69, showing a slight tendency to
under-predict idiomatic usage (see Table 1). For
the Metaphor corpus (Bizzoni and Lappin, 2018),
performance was comparable (F1 =0.70) as can be
seen in Table 1. These results indicate stable and
consistent detection across both tasks, suggesting
that the pipeline provides sufficiently accurate out-
puts for large-scale analysis of figurative language
in clinical speech.

Figurative-Language Detection

MWE Metaphor

Accuracy 0.70 0.70
Precision 0.70 0.75
Recall 0.68 0.72
F1 0.69 0.69

Table 1: Results of Idiomatic classification and
Metaphor detection using Llama 3.

Detection accuracy was slightly higher for MWEs
than for metaphors, which is consistent with the
broader linguistic complexity of metaphor recog-
nition. Because metaphors are more context-
dependent and often novel or creative, they require
deeper semantic abstraction and are thus more
challenging for an LLM to classify consistently. In
contrast, idioms exhibit clearer lexical patterns and
more fixed forms, likely facilitating recognition.

A closer inspection of the classification outcomes
revealed a conservative bias toward literal interpre-
tation. For example, expressions such as break
the ice and lose track) were sometimes labeled as
literal even when a figurative reading was possible.

These results can be compared with the perfor-
mances reported in Phelps et al. (2024), in which
the best score for the MAGPIE dataset was an
F1 of 0.90 with GPT-4, while other models could
not achieve similar performance: Llama2 (13B)
achieved 0.43 while Gemini 1.0 Pro had a 0.72
F1. The evaluation therefore confirms that the
LLM-based pipeline produces sufficiently reliable
figurative-language features for corpus-level analy-
ses. While individual classifications may be conser-
vative, the aggregated measures capture system-
atic differences in figurative expression frequency
that are relevant for modelling Alzheimer’s speech.

Manual inspection revealed two main sources of
error. (1) The model often produced false positives,
tagging single words as multiword expressions (171
cases involving 75 distinct items). This suggests
that lexical boundaries are not properly encoded,
and the model may rely excessively on contextual
or semantic cues rather than structural ones. (2)
Inconsistent identification across similar contexts,
observed in 83 cases. For instance, cookie jar was
detected in “...and the cookie jar lid is off...” but
missed in “...the boy is taking cookies out of the
cookie jar...”, while running out of was recognized in
“...water’s running out of the sink...” but not in “...wa-
ter is running out of the faucet...”. These inconsis-
tencies might indicate that the model is sensitive to
minor surface variations and may over-rely on con-
textual cues. The model also identified sequences
without idiomatic meaning (e.g., “/ guess”, possibly
revealing a confusion between lexical frequency,
formulaicity, and non-compositional meaning.

Despite these limitations, the pipeline achieves
reliability comparable to previous LLM-based id-
iomaticity studies and provides a robust foundation
for subsequent analyses. The resulting figurative-
language features (i.e., P4, M4, P5 and M5) form
the basis for the linguistic and modelling analyses
presented in Sections 4.2 and 4.3.

4.2. AD Detection

To evaluate how linguistic and contextual represen-
tations differentiate AD from control narratives, two
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complementary families of models were compared:
feature-based classifiers trained on interpretable
linguistic variables and transformer-based models
with contextual embeddings from BERT. The goal
is to determine to what extent traditional linguistic
indicators account for diagnostic distinctions and
whether contextual representations capture addi-
tional, cognitively meaningful information.

Feature-based Models: Table 2 summarizes
the results for models trained exclusively on lin-
guistic features. Among these approaches, the
Random Forest classifier achieved the highest per-
formance (F1 = 0.716), confirming the robustness
of ensemble methods for handling heterogeneous
linguistic dimensions. Logistic Regression and Sup-
port Vector Machines obtained moderate results
(F1 = 0.63), while Gradient Boosting and XGBoost
performed slightly lower (F1 = 0.59 — 0.68). These
outcomes suggest that surface-level linguistic indi-
cators already provide informative signals of cogni-
tive impairment, though they capture only part of
the variation present in spontaneous speech.

Transformer-based Models: Transformer-
based classifiers achieved stronger and more con-
sistent results across evaluations. The best con-
figuration, frozen BERT, reached an accuracy of
0.816 and F1 of 0.815. This setting outperformed
the feature-based models and the fine-tuned and
custom BERT variants. These findings indicate
that contextual semantics encoded in BERT’s repre-
sentations provide discriminative information about
language impairment even without end-to-end op-
timization, whereas full fine-tuning offers limited
gains under data-constrained clinical conditions.
The improvement over feature-based models high-
lights the capacity of contextual embeddings to in-
tegrate lexical, syntactic, and pragmatic cues rele-
vant to Alzheimer-related discourse. Furthermore,
we attribute the inferior performance of the fine-
tuned BERT models (both standard architecture
and modified classification head architecture) to
the hyperparameters used, especially since Bal-
agopalan et al. (2020) obtained 0.83 of F1 using
fine-tuned BERT.

Model Accuracy F1

Random Forest 0.72 0.72
XGBoost 0.68 0.68
SVM (linear) 0.63 0.63
Gradient Boosting 0.59 0.59
Logistic Regression 0.58 0.58
Frozen BERT 0.81 0.81
BERT (fine-tuned) 0.68 0.68
Modified BERT 0.59 0.54
(Balagopalan et al., 2020) 0.83 0.82
(Luz et al., 2020) 0.56 0.58

Table 2: Comparison of model performance on
classification task.

Overall, the frozen BERT demonstrated the best
balance between generalization and interpretability,
surpassing the feature-based Random Forest by
approximately 10 percentage points in F1. Com-
pared with state-of-the-art results on the same cor-
pus (F1 = 0.82), the proposed model achieves com-
petitive performance while remaining computation-
ally efficient, as seen in Table 2. The moderate
gap between transformer- and feature-based ap-
proaches suggests that linguistic features still en-
code a substantial portion of the information ex-
ploited by deep contextual models.

4.3. Linguistic Interpretation of Model
Behaviour

We analyse how linguistic and figurative-language
patterns differentiate between AD and control narra-
tives, and whether comparable tendencies appear
in the model’s predictions. The aim is not to explain
the internal mechanics of the classifier, but to exam-
ine whether the linguistic regularities proposed, par-
ticularly those concerning figurative-language use,
are also reflected in the model’s behaviour. Two
complementary analyses were conducted: (1) cor-
relations between linguistic features and diagnostic
labels (Section 4.3.1) and (2) correlations between
linguistic features and model predictions (Section
4.3.2). The final subsection (4.3.3) compares these
structures to assess convergence between human-
observed and model-reflected tendencies.

4.3.1. Language Features and Diagnostic

Labels

Addressing RQ1, this analysis quantifies how inter-
pretable linguistic indicators vary between AD and
control participants. Table 3 presents Spearman
correlation for all features. Lexical-diversity mea-
sures such as the moving-average TTR (L5) exhibit
moderate negative correlations(p ~ —0.34 with the
AD label, confirming the well-known reduction of
vocabulary variability in AD speech. Readability
indices, including the Flesch Reading Ease (R1)
and Flesch-Kincaid Grade (R2), correlate positively
(p =~ 0.33), indicating simpler and more predictable
syntax in impaired speakers.

Most notably, figurative-language features dis-
play clear patterns. The proportion of sentences
containing MWE (P4) and metaphors (M4) is con-
sistently lower in the AD group (p ~ —0.29 and
p ~ —0.16, respectively). These tendencies are
illustrated in Figures 3 and 4, where idiomatic and
metaphorical densities show lower distributions for
AD transcripts. The pattern suggests a preference
for literal formulations and a reduced use of figura-
tive or abstract expression, aligning with cognitive-
linguistic theories that associate figurative process-
ing with executive and semantic control.
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Feature ID Labels Predictions
Reading Ease (R1) 0.32 0.31
MWEs proportion (P4) 0.29 0.32
Idioms (P2) 0.21 0.24
Abstractness (A2) 0.20 0.25
Metaphors (M4) 0.19 0.23
Avg. Concreteness (A1) -0.20 -0.25
Flesch-Kincaid (R2) -0.27 -0.23
Readability (R5) -0.27 -0.21
Concreteness Cov. (A3) -0.28 -0.29

Table 3: Correlation values of features with gold
labels and predicted probabilities (p<0.05).
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Figure 3: Distribution of idiomatic expressions.
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Figure 4: Distribution of metaphorical expressions.

4.3.2. Language Features and Model
Predictions

To address RQ2, we examine whether similar lin-
guistic tendencies are reflected in the model’s
output probabilities. Correlations between BERT-
based predictions and the same set of features
(Table 3, right column) reveal a broadly similar struc-
ture to that observed for the gold labels. These re-
sults suggest the classifier are sensitive to linguistic
dimensions that also characterize human distinc-
tions between healthy and impaired language.

To estimate the extent to which the model’s be-
havior can be inferred from explicit cues, a Ran-
dom Forest proxy model was trained to approxi-
mate BERT’s predicted probabilities using the hand-
crafted linguistic features as input. The proxy
achieved 0.73 accuracy, confirming that a substan-
tial share of the neural model’s decisions can be
reconstructed from interpretable variables. Feature-
importance analysis (Figure 5) highlights lexical
diversity, concreteness, and figurative-language

density as the strongest predictors, followed by
readability indices.

Figure 5: Feature-importance analysis.

4.3.3. Alignment of Human and
Model-Reflected Patterns

We compared the two correlation structures (fea-
tures x labels vs. features x predictions) to assess
the convergence between human-observed and
model-reflected tendencies. The comparison re-
veals a moderate but systematic overlap. Lexical
diversity (L5), concreteness (A1), and readability
(R1-R3) maintain consistent correlation directions
in both perspectives, indicating that these dimen-
sions are robust linguistic correlates of cognitive
decline captured by both humans and the model.
Figurative-language indicators behave in a par-
ticularly informative way. While idiomatic and
metaphorical proportions correlate negatively with
the diagnostic labels, their associations with the
model’s predictions are slightly stronger in magni-
tude. This suggests that the model is even more
responsive to the absence of figurative construc-
tions than the human annotation captures, possibly
because figurative-language reduction co-occurs
with other semantic and syntactic simplifications
that the model encodes contextually. In this sense,
figurative-language metrics act as a bridge between
interpretable linguistic observations and the latent
semantic representations learned by the model.
Overall, these results demonstrate linguistic (not
algorithmic) alignment. The model’s predictive
patterns mirror known linguistic characteristics of
Alzheimer’s speech, particularly reductions in fig-
urative density and lexical variation. Rather than
serving as an explainability technique, this analysis
offers a linguistic interpretation of model behaviour,
showing that the proposed figurative-language fea-
tures capture aspects of the communicative simpli-
fication associated with cognitive decline and are
partly echoed in the model’s decision tendencies.

5. Conclusion

This work investigated how figurative-language in-
dicators contribute to Alzheimer’s Disease detec-
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tion in spontaneous speech and whether a neural
model reflects comparable linguistic tendencies.
We provided a linguistically grounded view of lan-
guage impairment by integrating LLM-derived mea-
sures of idiomatic and metaphorical usage with
lexical, syntactic, and readability features. Results
showed that AD participants used fewer figurative
expressions, displayed lower lexical diversity, and
produced more concrete language, which may be
partly linked to deficits in abstraction and semantic
control. However, more investigation is needed. To
provide transparency and illustrate the behaviour of
our extraction method, some examples of correctly
and incorrectly identified figurative expressions are
provided in Appendix A. Moreover, BERT-based
predictions correlated with these linguistic dimen-
sions, suggesting that contextual embeddings im-
plicitly capture cues linked to cognitive decline.

The alignment between interpretable linguis-
tic indicators and model behaviour indicates that
neural representations encode meaningful pat-
terns of figurative and literal expression without
explicit modelling. This highlights the potential of
figurative-language metrics as bridges between
human-interpretable and neural features. While our
findings currently focus on English-speaking partic-
ipants, cross-linguistic generalization remains fu-
ture work. Future work will expand this to larger and
multilingual datasets, examining cross-linguistic
variability and multimodal cues in cognitive impair-
ment.
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A. Examples of Automatically
Detected Metaphorical
Expressions

The metaphor detection procedure occasionally
produced literal descriptions or transcription arte-
facts. Tables 4 and 5 illustrate examples of correctly
identified figurative expressions and common false
positives extracted from the dataset.

Expression

Comment

“it's going to be like
total catastrophe”

“that’s a mess”

“the stool’s going to
collapse”

“the water’s overrun-
ning”

metaphorical exaggera-
tion describing the situa-
tion

evaluative metaphor de-
scribing disorder in the
scene

metaphorical framing of
instability

figurative intensification
of the overflow

Table 4: Examples of correctly detected metaphori-

cal expressions.

Expression Issue
“the boy is reaching literal description of an
for a cookie” action

“standing on a stool”
“the wind is blowing
the curtains”
“Invalid”

literal physical activity
literal event in the image

transcription or extrac-
tion artefact

Table 5: Examples of incorrect metaphor detections

(false positives).
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