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'Biocomputation Research Group, School of Physics, Engineering and Computer Science, University of
Hertfordshire, Hatfield, United Kingdom, 2Robotics Research Group, School of Physics, Engineering
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Introduction: Language offers a low-burden and scalable pathway for digital
anxiety screening, particularly in telehealth or repeated-monitoring settings
where spontaneous speech may already be available. This study introduces a
contrastive autobiographical recall framework that uses short positive and
negative personal memories to capture within person affective shifts in
language. By modelling how the same individual expresses emotionally
distinct experiences, the proposed approach aims to identify anxiety-related
linguistic patterns that may not be captured from a single static text
representation.

Methods: A total of 156 participants completed a 5-7 minute spontaneous
speech task involving positive and negative autobiographical memories.
Anxiety status was defined using HAM-A scores, yielding non-anxious (n = 101)
and anxious (n = 55) groups. Transcripts were segmented using Qwen-2.5-7B-
Instruct as a deterministic constrained extractor, preserving only verbatim
positive and negative spans alongside the complete transcript. Positive,
negative, and complete narratives were encoded with frozen BERT model and
combined with a contrast vector capturing within-person affective shift.
Performance was evaluated using a leakage-safe leave-one-out cross-
validation pipeline.

Results: The proposed pipeline achieved 70% accuracy and 0.67 macro-F1
across leaveone-out folds, with stronger performance for non-anxious
participants than anxious participants. Bootstrap confidence intervals were
0.62-0.77 for accuracy and 0.59-0.75 for macro-F1. Ablation analysis showed
that the full composite representation provided the best balanced
performance and strongest anxious-class detection. The method also
outperformed BERT-based and lexicon-based baseline models.

Discussion: These findings suggest that short autobiographical speech can
provide a useful complementary signal for digital anxiety screening when
modelled with contextual embeddings and within-person affective contrast.
Latent-space augmentation supported learning in this small cohort without
altering participant-authored language. However, anxious-class sensitivity was
moderate, and HAM-A labels should be interpreted as screening rather than
diagnostic labels. Further validation in larger and more diverse clinical cohorts
is needed.

KEYWORDS

anxiety screening, autobiographical memory recall, BERT, large language model,
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1 Introduction

Anxiety disorders are among the most common mental
disorders worldwide and contribute substantially to disability
and reduced quality of life (1-3). Because effective treatments
exist and are recommended to be made available promptly,
timely identification and referral are central to good care
pathways (4). Yet, large-scale screening in routine settings
remains difficult: structured diagnostic interviews are clinician-
administered and time-intensive (even brief instruments
typically require 15-20 min), and sustained monitoring is hard
to maintain in community and primary-care contexts (3, 5-7).
Brief validated screening questionnaires such as the GAD-7 are
already widely used and can be delivered digitally. Our aim is
not to replace such tools, but to investigate whether short
spontaneous speech can provide a complementary, low-
burden screening signal, particularly in settings such as
repeated monitoring or telehealth workflows where such
speech data are already available. These considerations
motivate scalable digital screening approaches
support triage and referral decisions when specialist resources
are limited (8, 9).

Language is an attractive modality for digital screening

that can

because it is inexpensive to capture and closely coupled to

cognitive and affective processes. A large body of
psycholinguistic work shows that patterns of word use reflect
psychological states (e.g., self-focus, affective tone, and

cognitive processing) (10). In clinical and mental-health
related text, anxiety has been associated with detectable
linguistic signatures, including rigid or absolutist framing and
other stylistic markers, although effects are heterogeneous
individuals and contexts (11, 12). In parallel,
pretrained transformer encoders such as BERT provide high-

acCross

capacity contextual representations that capture semantics
beyond surface lexical counts (13). Recent work in Méell and
Sand Aronsson (14) illustrates the potential of BERT-derived
embeddings for mental health prediction, reporting high
accuracy when models are trained and evaluated on large
language model-generated self-report narratives in a
synthetic-only settings. However, the authors emphasise that
such performance is measured within a synthetic distribution
and does not establish generalisation to real participant-
produced language, reinforcing the need for careful evaluation
in modest, real-world cohorts. This choice is also consistent
with prior mental-health NLP studies that leverage BERT-

based representations for prediction from language, for

example using BERT-driven sentiment modelling in
psychiatric interviews to relate language markers to depressive
symptom severity (15). However, applying such rich

representations in modest clinical cohorts raises a key
methodological risk. In human behavioral datasets with
limited sample sizes, predictive performance estimates can be
highly variable and may become overly optimistic when
evaluation permits leakage between training and test data
(16), or uses inappropriate cross-validation schemes such as
sample-level rather than participant-level splitting (17).

A second challenge is that common text augmentation
methods (e.g., synonym replacement, paraphrasing, back-
translation) may be poorly aligned with clinically meaningful
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autobiographical narratives. These techniques are widely used
in general NLP (18, 19), but they can introduce semantic drift
that label
interpretability—a concern that is especially salient when the
precise wording, emphasis, and spontaneous framing are part
of the interest (18, 20). For health
applications, auditability and transparent linkage
between model inputs and participant-authored text are often

or stylistic artifacts weaken integrity and

signal of mental

where

required, it can be preferable to improve robustness without
generating new text (9, 21).

In this study, we investigate language-based screening of anxiety
using a contrastive autobiographical memory recall paradigm in
which participants produce both positive and negative
spontaneous memories within a single session. Emotionally
valenced recall is known to modulate linguistic and affective
expression in autobiographical narration, providing an
opportunity to model within-person affective shifts in
addition to between-person differences (22, 23). By explicitly
comparing how the same individual recounts positive vs.
negative material, we aim to reduce sensitivity to stable
(e.g., idiolect) while
amplifying anxiety-linked appraisal or emotional reactivity
expressed through language (10, 12).

confounds topic choice, verbosity,

To exploit this property while maintaining traceability, we
decompose each transcript into valence-specific excerpts and
retain the full narrative as a reference view. Our segmentation
is conservative and auditable: it selects only verbatim spans
from the participant transcript and does not generate new
language. This design aligns with broader expectations for
transparency and traceability in clinical AI systems, where
users and regulators require clear links between model
behaviour and the underlying evidence (21, 24-26). Each text
view is encoded using a pretrained BERT model (bert-large-
uncased) (13) with attention-masked mean pooling. We then
construct a composite representation by concatenating
positive, negative, and complete narrative embeddings
together with a difference vector that captures within-person
affective shift.

To mitigate overfitting under a small sample size, we apply
augmentation in a reduced latent space rather than perturbing
raw text. This choice was motivated by two considerations.
First, prior work has shown that simple transformations in
learned feature space can serve as a generic augmentation
strategy for generating plausible synthetic examples and
improving downstream performance (27). Second, latent-
space  augmentation is  particularly  useful = when
transformations are difficult to define directly in the input
space, as is often the case when semantic structure must be
preserved (28). We use

(LOOCYV) in a participant-wise manner, holding out all data

leave-one-out cross-validation
from one participant per fold. All preprocessing is fit using

training-only  statistics to  preserve  strict train-test
separation. Classification is performed using an RBF-kernel
support vector machine (SVM), a margin-based classifier
that uses kernels (including the Gaussian/RBF kernel) to
model non-linear decision boundaries (29, 30). SVMs
and

are widely used in biomedical prediction settings

are often favoured in high-dimensional, limited-sample

regimes (31, 32).
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Overall, we present an empirically evaluated, language-
based approach to anxiety screening in a small cohort. Specifically, we:

1. Construct participant-level representations from positive,
negative, and complete autobiographical narratives using
pretrained contextual language embeddings, including a
contrastive shift term to capture within-person differences
across recall contexts (22).

2. Evaluate the model performance in a leakage-safe leave-one-
out cross-validation (LOOCV) pipeline (i.e., standardisation
and PCA fitting are estimated on the training fold and
then applied to the held-out sample). Class-conditional
Gaussian augmentation is performed in the PCA-projected
latent space, increasing effective training density to mitigate
overfitting under limited sample sizes.

3. Complement predictive evaluation with exploratory analyses
that examine how valence-conditioned narrative views
(positive, negative, complete, and contrast) affect model
performance and anxious-vs.-non-anxious separability.

4. Analyse anxious vs. non-anxious group differences in
interpretable lexicon-based linguistic markers (10, 11) and

need for contextualised

motivate the language

embeddings beyond heuristic counts.

2 Materials and methods
2.1 Data collection
2.1.1 Experimental procedure and acquisition

The study was approved by the University of Hertfordshire
under protocol number SPECS/SF/UH/05493; see Appendix B.
Participants completed a single spontaneous speech recording
lasting approximately 5-7 min. During the recording, they were
asked to describe a personally meaningful positive memory and
a personally meaningful negative memory. This autobiographical
recall approach was selected because emotional recollection can
systematically influence what people say and how they say it,
yielding measurable shifts in linguistic content and style that
reflect underlying psychological processes (10, 23, 33). In
particular, clinically relevant language markers may include
changes in affective wording, self-focus and cognitive/appraisal
language (10, 33), as well as more rigid or absolutist framing
that has been linked to anxiety-related distress (11).

Audio was recorded using a standard consumer-grade device
in a quiet environment. In the present study, recordings were
transcribed using the AssemblyAI Speech-to-Text API (34), and
only the text modality was retained for analysis. No constraints
were imposed on linguistic content, allowing speech to remain
natural and participant-driven. All recordings were stored
securely and used exclusively for research purposes.

2.1.2 Anxiety assessment
After completing the autobiographical recall recording,
participants were assessed using the Hamilton Anxiety Rating

Scale (HAM-A), a clinically established measure of anxiety
severity that covers both psychological and somatic symptom
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domains (35). Total HAM-A scores were then converted into
a binary screening label using commonly adopted severity
thresholds in the clinical literature (36, 37). Specifically,
participants with scores <18 (no/mild anxiety) were assigned
to the group (n=101), whereas those
with scores >18 (moderate/severe anxiety) were assigned to

non-anxious

the anxious group (n=>55). These labels served as the
reference labels for all downstream machine learning analyses.

2.2 Valence-specific text segmentation

To support clinically meaningful digital screening from
spontaneous speech, we decomposed each participant’s transcript
into valence-specific excerpts reflecting positive and negative affect,
while also retaining the complete narrative as a neutral reference.
This segmentation step was designed to be conservative and
auditable: the pipeline selects participant-authored phrases rather
than generating new text, thereby preserving the original wording
and reducing the risk of clinically misleading alterations.

2.2.1 LLM-constrained span extraction

We used the Qwen-2.5-7B-Instruct (38) large language model
as a constrained extractor to identify sentiment-bearing sentences
within the raw transcript T, as shown in Figure 1. Decoding was
performed deterministically (temperature = 0.0). The model was
instructed to output strict JSON only containing two fields,
“positive” and “negative”, each a list of sentences.
Extraction was governed by a hard verbatim constraint,
requiring each extracted sentence to be an exact substring
(direct quotation) of the source transcript. This formulation
encourages the model to function as a structured filter over the
participant’s narrative rather than a summariser, which aligns
with interpretability expectations in digital health applications.

2.2.2 Validation and traceability

To prevent hallucinated or paraphrased content from entering
the modelling stage, we applied a strict multi-stage quality control
procedure to all extracted spans:

1. Schema enforcement: The generated output was parsed to
recover a valid JSON object, and any extraneous tokens
outside the predefined schema were discarded.

2. Verbatim verification: Each extracted span s was retained
only if it appeared verbatim in the original transcript
(s € T). Spans failing this exact substring check were
excluded from further analysis.

This validation pipeline ensures full traceability between extracted
spans and the source text, and guarantees that all downstream
representations are grounded

exclusively in participant-

produced language.
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4 Phase 1: Data Preparation & Feature Extraction \

( Embeddings (EpOS| Eneg, Ecom) ]
v

Compute Difference Vector
Epos = Eneg)

Composite Feature Vector
[Epos © Eneg ® Ecom @ Diff] W

-

FIGURE 1

Participants Ault:{oé)(i:g ]r$§gi(cal . Raw '
(N=156) (Positive & Negative) el
(= Phase 2: Leakage-Free Evaluation Loop (LOOCV) )
Valence-Specific Text Segmentation Training | [Standardization, PCA as
(Qwen-2.5-7B-Instruct) Branch Fit and Reduction Conditional | Training
I (N-1 Subjects)| |  Transform (Fit& Gaussian | (RBF Kemel)
v 1 1 Transform) J  [Augmentation
Positive Negative Complete Spiit Data
Segments Segments Narrative
s [ heardzaton) f po Reducton |
[ BERT Language Embedding Model ] ) only) (Transfolrm Only) |

Aggregated Performance Metrics
(Accuracy, Precision, Recall, F1)

Overview of the proposed anxiety screening pipeline. Participants complete an autobiographical recall task producing positive, negative, and neutral
narratives, which are transcribed and processed via valence-specific text segmentation. Each segment is encoded using a BERT-based language
embedding model and combined into a composite contrastive feature representation. Model training and evaluation are conducted within a
leakage-safe Leave-One-Out Cross-Validation (LOOCV) framework, incorporating PCA-based dimensionality reduction, latent Gaussian data
augmentation, and an SVM classifier. Performance metrics are aggregated across all folds.

2.2.3 Valence documents, BERT featurisation, and
composite feature construction

Validated positive sentences were concatenated (in original
chronological order) to form a Positive document Dy,
validated negative spans were concatenated to form a Negative
document Dnegs and the unaltered transcript was retained as
the Complete Deom. Each
D € {Dyos> Dneg» Dcom} Was then encoded using a pretrained

narrative document
BERT encoder (bert-large-uncased) (13) operating in
inference mode (no fine-tuning).

Let the final hidden states be H € R™™ for a tokenised sequence
of length T and hidden size d = 1024, corresponding to the output
dimensionality of bert-large-uncased, with attention mask
m € {0, 1}7 indicating valid (non-padding) tokens. Following the
general pooling strategy used in prior work, where token-level BERT
representations are aggregated by mean pooling to obtain a fixed-
dimensional text embedding (14), we derived each document
representation using attention-masked mean pooling, as defined in
Equation 1, so that only valid tokens contributed to the pooled vector:

T
_ e pa

Zthl m;

E(D) 1)

This yields a single fixed-dimensional embedding for each document
from the
implementation, tokenisation used padding and truncation with a
of 512 tokens.
participant-level embeddings, as shown in Equation 2:

while excluding padding tokens aggregation. In

maximum sequence length This produced
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Epos = E(Dpos)> Eneg = E(Dneg)) Ecom = E(Dcom)a

1024
Epos> Eneg: Eeom € R .

To explicitly model affective contrast within an individual, we further

computed a difference vector, as defined in Equation 3:

Ep = Epos — Eneg € R? = R'™. 3)

Finally, we formed a composite participant representation by

concatenating the three valence-conditioned embeddings and the
difference vector, as defined in Equation 4:

X= [Epos b Eneg b Ecom b EA ] € R4d = R4O%> (4)

where @ denotes vector concatenation. This composite feature vector

X was used as input to the downstream LOOCV evaluation pipeline
(standardisation, PCA, latent augmentation, and SVM classification).

2.3 PCA projection and latent Gaussian
augmentation

To mitigate overfitting under small sample size and to stabilise
the classifier decision boundary, we apply augmentation in a
reduced latent space rather than perturbing raw text, as outlined
in Algorithm 1. For each LOOCYV iteration, the training fold
{(X;, yi)}ijl is first standardised and then projected into a fixed
K-dimensional PCA space (K = 112 in all our experiments):
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Algorithm 1 LOOCYV with leakage-free preprocessing and data augmentation.

Require: Dataset X € RV*?, Labels y € {0, 1}
Ensure: Predictions ¥ = D1 N

1: for sample i = 1 toN do

2: 1. Data Splitting

3 Xrost +— X[i]

4 Yiest < il

5: Xirain X\{X[l]}

6: Ytrain < )/\{}’[1]}

7: 2. Standardization (Z-Score)
8

9

Compute Wy, yins Trrain from Xipain
Xl — Xirain— Poirain

. train Tirain
10: Xy — "—‘”ir;i‘:mm
11: 3. Dimensionality Reduction (PCA)
12: Learn projection matrix W € R?*X from X/
13: Zirain “— Xppgin - W
14: Ztest “— Xy - W
15: 4. Gausssian Data Augmentation (Train fold only)
16: Zon — 0, ygyu — 0
17: for classc € {0, 1} do
18: Z — {Z € Zirain * Ytrain = C}
19: o, « std(Z,)
20: Choose number of synthetic samples M,
21: for m =1 toM, do
22: Sample base point 2y, ~ Uniform(Z,)
23: Sample noise € ~ N(0, A*diag(a?))
24: Znew < Zbase + €
25: Zsyn — Zsyn U {znew}
26: Yoyn — Ysyn U {c}
27: end for
28: end for

29: Zaug + Ztrain U Zgyn

30: Yaug < Ytrain U Ysyn

31: 5. Classification

32: Train SVM on (Zaugs Yaug)
33: j’i — SV M(ztest)

34: end for

> Hold-out sample

> Remaining N — 1 samples

> Fit scaler on Train only

> Transform Train

> Transform Test using Train stats
> Fit PCA on Train only

> Project Train to latent space
> Project Test to latent space

> Class-conditional latent set
> Per-dimension std in R
> e.g., to balance classes

> e e R

> Predict label for held-out sample

Z; = PCA (zscore (X;)), Z; € RX.

Let Zipqin and yir,in denote the latent training set and labels in
the current fold. For each class ¢ € {0, 1}, we compute the per-
dimension standard deviation vector in latent space:

o.=std({Z : y; = ¢}) E R,

with zero-variance dimensions floored to a small constant for
numerical stability. Synthetic samples are then generated by
adding class-conditional Gaussian noise to real latent points. For
a base point z € RX from class ¢, we sample

e~ N (0, \*diag (07)), zsyn =2+
where A controls augmentation strength (set to A =0.2). We
generate naug = 10 synthetic variants per real training sample,

Frontiers in Digital Health

yielding an augmented training set (Zaug, yaug) used for classifier
training. Augmentation is applied only to the training fold to
maintain strict separation between train and test data within LOOCV.

2.4 Support vector machine (SVM)

Classification was performed using a Support Vector Machine
(SVM) with a radial basis function (RBF) kernel (29, 30) on the
PCA-reduced feature set. Given the modest cohort size and the use
(LOOCYV),
hyperparameter tuning was avoided, as it could introduce additional

of  leave-one-out  cross-validation extensive
variance and increase the risk of optimistic generalisation estimates.
We therefore adopted stable, commonly used settings, using
gamma=scale to adapt the kernel width automatically to the
variance of the standardised feature space and setting the
regularisation parameter to C=5.0 as a moderate compromise

between maximising the decision margin and preserving sensitivity
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to individual samples. We also verified that the results were robust
across nearby C values; these additional analyses are reported in
Appendix C. To address class imbalance between anxious and non-
anxious participants, class-weighted training was applied so that
both groups contributed proportionally to the optimisation objective.

2.5 Evaluation metrics

Model performance was evaluated using accuracy, precision,
recall, and Fl-score. In addition to overall accuracy, both
macro-averaged and weighted-averaged metrics were reported to
provide a balanced assessment across classes. These metrics
collectively capture sensitivity to anxiety-related patterns while
accounting for class imbalance, yielding a comprehensive
evaluation of model performance. Although ROC-AUC is
commonly reported in clinical machine-learning studies, we
focused here on threshold-specific metrics because the analysis
was conducted under a fixed decision rule within the LOOCV
pipeline. Accordingly, we report accuracy, precision, recall, and
Fl1-score as the primary evaluation measures.

3 Results

Model under the LOOCV protocol is

summarised in Table 1. Overall, the proposed pipeline achieved

performance

an accuracy of 0.70 and a macro-averaged Fl-score of 0.67,
suggesting that the approach provides meaningful discrimination
in this limited-sample digital screening setting.

higher reliability for
identifying Non-Anxious participants (precision = 0.77, recall =

Class-wise performance indicates
0.76; F1 = 0.77) than for detecting the Anxious group (precision
= 0.57, recall = 0.58; F1 = 0.58). This pattern is consistent with
the class distribution (101 vs. 55) and with heterogeneity in how
anxiety is expressed in short autobiographical narratives,
particularly for participants near the clinical threshold.

To characterise uncertainty in the headline results, we
computed bootstrap 95% confidence intervals (CIs) from the
aggregated out-of-fold LOOCV predictions (Table 2). Accuracy
was 0.70 (95% CI: 0.62-0.77) and macro-F1 was 0.67 (95% CI:
0.59-0.75), indicating that performance remains above chance
across resampled cohorts. For completeness, Table 2 also reports
CIs for positive-class (anxious) precision, recall, and F1 (F1 =
0.58, 95% CI: 0.46-0.68; precision = 0.57, 95% CI: 0.44-0.70;
recall = 0.58, 95% CI: 0.45-0.71), which reflect the expected
variability in anxious-case detection under resampling.

Taken together, these results support the feasibility of the

proposed contrastive recall-based pipeline as an initial screening

TABLE 1 Classification performance aggregated across LOOCYV folds.

Class Precision Recall Fl-score Support

Non-Anxious 0.77 0.76 0.77 101

Anxious 0.57 0.58 0.58 55

Accuracy 0.70 156

Macro Avg 0.67 0.67 0.67 156

Weighted Avg 0.69 0.70 0.69 156
Frontiers in Digital Health
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approach, while underscoring the need for further validation in
larger and more diverse cohorts.

4 Ablation study

To examine the contribution of each representation in the
proposed contrastive autobiographical recall framework, we
conducted a controlled ablation study in which only the input
representation X was varied, while all other stages of the
pipeline were kept identical: leakage-safe LOOCYV, fold-wise
standardisation and PCA (fit on the training fold only), latent-
space class-conditional Gaussian augmentation applied to the
training fold only, and the same downstream SVM classifier and
evaluation procedure. The candidate representations were derived
from the four components defined in our feature construction:
the positive narrative embedding Epos, the negative narrative
embedding Eneg, the complete narrative embedding Ecom, and
the contrastive shift vector Ex = E pos — Eneg.

4.1 Ablation settings

We evaluated three groups of feature configurations. First, we
tested  each individually:  Negative only
X = Eneg), only (X =Epos), Complete only
(X = Ecom), and Contrast only (X = EA). Second, we evaluated
all six pairwise combinations of these components: E pos ® Eneg,

Epos @ Ea, Eneg @ Ea,
Finally, we full composite

representation
Positive

Epos @ Ecoms Eneg ® Ecom and
Ecom @ Ea. evaluated  the

representation, X = E pos © Eneg © Ecom @ Ea.

4.2 Results

Table 3 reports LOOCV-aggregated performance across all
single-view, pairwise, and full-composite settings. Among the
single-view representations, the complete narrative (Ecom)
achieved the strongest performance (Acc.=0.65, Macro-F1=0.62,
Recall;=0.51, F1,=0.51), whereas the negative-only representation
performed worst (Acc. = 0.52, Macro-F1 = 0.49). Among the
pairwise combinations, Ecom @ Ea gave the highest accuracy
(0.71) and the strongest macro-F1 (0.65), indicating that the
and the
complementary information when combined. However, the full

complete  narrative contrastive  shift provide
composite representation still yielded the best overall balanced
performance, achieving the highest macro-F1 (0.67) as well as the

strongest anxious-class detection (Recall; = 0.58, F1; = 0.58).

TABLE 2 Bootstrap 95% confidence intervals (Cls) for key metrics computed from LOOCV
out-of-fold predictions.

Metric Estimate 95% ClI
Accuracy 0.70 [0.62, 0.77]
Macro-F1 0.67 [0.59, 0.75]
F1 (Anxious) 0.58 [0.46, 0.68]
Precision (Anxious) 0.57 [0.44, 0.70]
Recall (Anxious) 0.58 [0.45, 0.71]
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TABLE 3 Ablation over single-view, pairwise, and full composite representations under the LOOCV pipeline.

Input representation Acc.
Single-view representations

Negative (Eneg) 0.52
Positive (E POS) 0.61
Complete (Ecom) 0.65
Contrast (Ey) 0.65
Pairwise combinations

Epos © Eneg 0.65
Epos @ Ecom 0.65
Epos @ Ea 0.65
Eneg ® Ecom 0.66
Eneg @ Ea 0.65
Ecom @ Ea 0.71
Full composite

Epos & Eneg © Ecom @ Ea 0.70

Metrics are shown to two decimals.

Macro-F1 Recally F1,
0.49 0.38 0.36
0.58 0.49 0.47
0.62 0.51 0.51
0.61 0.47 0.49
0.59 0.38 0.43
0.57 0.33 0.40
0.58 0.35 0.41
0.59 0.36 0.43
0.58 0.35 0.41
0.65 0.40 0.49
0.67 0.58 0.58

Metrics are shown to two decimals; bold values indicate the best-performing result for each metric.

4.3 Interpretation

Three main patterns emerge from this ablation. First, the complete
narrative (Ecom ) is the strongest individual representation, suggesting
that anxiety-relevant cues are distributed across the broader
autobiographical account rather than being confined to explicitly
positive or negative excerpts alone. Second, the strong performance
of the pairwise combination Ecom @ Ep indicates that the
contrastive shift signal is most informative when anchored by the full
narrative context, rather than used in isolation. Third, although some
pairwise combinations improved over single-view representations,
the full composite model remained the most effective overall,
especially for anxious-class detection. This supports the central
design choice of the proposed framework: modelling both the
absolute content of the autobiographical narratives and the within-
person affective contrast between positive and negative recall
provides the most balanced screening performance.

4.4 Comparison with BERT-based baselines

To contextualise the benefit of the proposed contrastive
construction, we compared our full pipeline against two BERT-
based baselines under the same LOOCV evaluation protocol.
First, we evaluated an embedding-only baseline that uses frozen
bert-large-uncased embeddings of the complete narrative
and trains a logistic regression classifier on the resulting
representation. Second, we evaluated an end-to-end fine-tuned
BERT baseline in which bert-large-uncased is fine-tuned
with a linear classification head.

Table 4 shows that the proposed method achieves the strongest
overall performance (Accuracy = 0.70, Macro-F1 = 0.67),
improving over both the embedding-only logistic regression
baseline (Accuracy = 0.62, Macro-F1 = 0.61) and the fine-tuned
BERT baseline (Accuracy = 0.64, Macro-F1 = 0.49). Relative to
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TABLE 4 Performance comparison under participant-wise LOOCV (leave-one-participant-

out).

Method

Accuracy Macro- Precision Recall

F1

BERT fine-tuned 0.64 0.49 0.57 0.53
(end-to-end)

BERT features + 0.62 0.61 0.62 0.63
Logistic Regression

Proposed Method 0.70 0.67 0.67 0.67

embedding-only logistic regression, our approach yields a clear
gain in balanced performance (Macro-F1: 0.67 vs. 0.61),
indicating that explicitly modelling valence-conditioned views
and within-person contrast provides additional discriminative
signal beyond using BERT embeddings alone.

Notably, fine-tuning BERT end-to-end did not improve results
in this small-sample setting: although overall accuracy was 0.64,
Macro-F1 dropped to 0.49, reflecting poorer class-balanced
performance. This pattern is consistent with the higher variance
and overfitting risk of end-to-end fine-tuning under participant-
wise LOOCV with modest cohort size, where the model can
over-specialise to majority-class patterns and yield unstable
minority-class performance. In contrast, the proposed pipeline
maintains both higher precision and recall in macro-average
terms (both 0.67), suggesting more consistent discrimination
across anxious and non-anxious participants.

4.5 Why contextual language embeddings
are necessary beyond heuristic markers

For digital screening, it is important to test whether anxiety
status can be inferred using simple and clinically transparent
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lexical heuristics—such as self-focus, uncertainty cues, affect/
anxiety lexicons, or absolutist framing (10, 11)—rather than
relying on high-dimensional contextual representations . To
examine this directly, we computed the 12 lexicon-based
biomarkers defined in Appendix A on each participant’s full
transcript and used these markers as a standalone feature set.
We then evaluated three standard classifiers under the same
leakage-safe leave-one-out (LOOCV) protocol used throughout
the paper (i.e., all preprocessing is fit on the training fold only).
Table 5 reports aggregated LOOCV performance.

Overall, lexicon-biomarker baselines provide only moderate
discrimination (accuracy ~ 0.60—0.62; macro F1 = 0.50—0.59).
The MLP vyields the strongest overall balance (Macro-F1
0.59), with the RBF-SVM close behind (Macro-F1 = 0.58). In
contrast, the Random Forest shows poorer class balance (Macro-
F1 = 0.50), suggesting that tree-based decision boundaries can
be unstable when trained on a small, low-dimensional marker

set under class imbalance.

TABLE 5 LOOCYV performance of baseline classifiers trained on the 12 lexicon-based linguistic
biomarkers (Appendix A).

10.3389/fdgth.2026.1798100

Figure 2 helps interpret these results. Several biomarkers show
modest group-level shifts in central tendency, including slightly
higher self-focus and uncertainty rates in the anxious group and
lower positive emotion rates, alongside small changes in
negative affect and absolutist wording. However, the dominant
pattern across all markers is substantial between-participant
variability and strong overlap between anxious and non-anxious
groups. In a screening setting, this overlap limits individual-level
separability: even when medians differ, many participants from
both groups occupy similar value ranges, constraining the
performance of any classifier that relies only on surface-
count summaries.

This motivates the use of contextual language embeddings
(13) in our main pipeline. Lexicon rates capture what
categories of words appear, but they are largely insensitive to
how language is used in context: negation and intensification,
attribution (e.g., “I think” vs. “it is”), pragmatic intent, and
narrative/discourse structure. These contextual factors can be
critical in autobiographical recall, where clinically relevant
signals may be expressed implicitly rather than through direct
symptom terms. By encoding meaning in context, LLM based
embeddings can represent compositional and discourse-level

Model Accuracy Macro F1 information that is not recoverable from lexicon counts alone.
RBF-SVM 0.60 0.58 Accordingly, we treat lexicon-based biomarkers as an
MLP 0.62 0.59 interpretable baseline and use contextual embeddings as the
primary representation under the same leakage-safe
Random Forest 0.61 0.50 .
evaluation protocol.
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FIGURE 2
Distribution of lexicon-based linguistic biomarkers in anxious vs. non-anxious participants. Boxplots show rate-normalised marker frequencies
computed on each participant's full transcript (Appendix A). Several markers exhibit small shifts in median between groups (e.g., self-focus,
uncertainty, positive/negative affect, and absolutist wording), but substantial overlap remains across participants, highlighting heterogeneity in how
anxiety is expressed through language.
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5 Conclusion

This study introduced a novel framework for digital anxiety
screening that leverages the linguistic contrast between positive
and negative autobiographical recall. By utilizing a deterministic,
auditable LLM-based extraction process to isolate valence-
specific content without altering participant wording, combined
with latent-space data augmentation to mitigate overfitting, the
proposed pipeline achieved a classification accuracy of 70% and
a macro-F1 of 0.67 in a leakage-safe evaluation.

Our findings support three key conclusions. First, the ablation
study demonstrates that anxiety screening is most effective when
modelling the shift in linguistic representation between emotional
contexts. The composite feature representation—combining positive,
negative, and complete narratives with a contrastive difference vector
—outperformed any single narrative view, confirming that the
interplay between how an individual frames positive vs. negative
experiences contains a unique diagnostic signal. Second, the
comparison with lexicon-based biomarkers reveals that while
heuristic features (e.g., self-focus, absolutist words) show group-level
trends, they lack the individual-level discriminative power provided
by high-dimensional contextual embeddings. Finally, the application
of class-conditional Gaussian augmentation in the PCA-projected
latent space suggests that small clinical datasets can be effectively
modelled without resorting to generative text augmentation, which
risks introducing semantic drift or hallucinations.

While these results are promising, limitations remain regarding
the asymmetric sensitivity between anxious and non-anxious
classes. From a clinical perspective, the stronger performance for the
Non-Anxious group suggests that, in its current form, the model
may be better suited as a complementary decision-support tool
alongside established screening instruments rather than as a
standalone primary screening method. In particular, it may be more
useful for supporting risk stratification or follow-up assessment than
for first-line case finding, since the detection of anxious participants
remained comparatively modest. The current model favours
specificity, which is valuable for reducing false positives but requires
calibration for screening contexts where sensitivity is paramount.

Additionally, anxiety labels in the present study were derived
from HAM-A scores collected in a research setting without
clinician administration, and no additional validated anxiety
questionnaire or structured diagnostic interview was included
for convergent validation. Accordingly, the reference labels
should not be interpreted as equivalent to formal Cclinical
diagnosis, and the present findings should be viewed as
preliminary evidence for digital screening rather than diagnostic
classification. Moreover, the autobiographical recall paradigm
may capture broader emotional responding in addition to anxiety.
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Appendix

A Lexicon-based linguistic biomarker
quantification

This appendix specifies the procedure used to compute the 12
lexicon-based linguistic biomarkers visualised in Figure 2 and
used in the heuristic baseline experiments (Table 5). Biomarkers
are computed on the complete narrative text Dcom, i.e., the
participant’s full transcript.

A.1 Tokenisation and normalisation

For Dcom, we lowercased the text and tokenised it using a
lightweight word regex (letters and apostrophes), yielding a
sequence of tokens {wy, ..., w,} with length n. For any lexicon
L, the corresponding rate-normalised feature is defined using

Appendix Al

n

rt(Dcom) = %Z I[w; € L],

i=1

(A1)

with 7(Dcom) =0 when n =0 (empty transcript). This rate

normalisation  controls  for  differences in  verbosity

across participants.

Some biomarkers additionally include a small set of common
multi-word cues (phrases). For such biomarkers, we compute a
combined rate using Appendix A2

cz(Dcom) + ¢p(Dcom)
r.p(Dcom) = . ,

(A2)

where ¢;(Dcom) is the token-level lexicon count and cp(Dcom) is
the total number of matched phrases in the lowercased document
(counted using exact word-boundary matches).

A.2 Biomarker definitions (12 features)

Using the tokenisation and normalisation above, we computed
the following 12 biomarkers of anxiety on Dcom:

L. Self-focus rate (rg,¢): first-person singular pronouns
(e.g., i, me, my, mine, myself) (10, 33).

. Uncertainty/hedging rate (runc): uncertainty words plus
hedge phrases (e.g., maybe, perhaps, seems and phrases
such as i think, i don’t know, not sure); computed as
r,p(Dcom) (10, 33).

3. Negative emotion rate (rnegemo): negative affect lexicon
(e.g., sad, upset, angry, scared, nervous) (10, 33).

. Positive emotion rate (r posemo): positive affect lexicon
(e.g., happy, calm, peaceful, grateful, confident) (10, 33).

. Anxiety-term rate (ranx): anxiety-related terms (e.g.,
anxious, worry, fear, panic, uneasy, overwhelmed) (12, 39).

. Absolutist rate (r,p): rigid/all-or-nothing words (e.g.,
always, never, nothing, everything, completely, totally) (11).

. Low-certainty modal rate (r|,,mod): tentative modals
(e.g., might, could, may, perhaps, possibly) (10).
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. High-certainty rate (rhighcert): certainty markers (e.g.,
definitely, certainly, surely) (10).
9. Future-focus rate (rg, i) future-oriented markers

(e.g., will, tomorrow, next, later, future) (10).

10. Deontic/obligation rate (rdeon): obligation/pressure
tokens plus common phrases (e.g., must, should, need
and phrases such as have to, need to); computed as
rr,p(Dcom) (10).

11. Hope/wish rate (rhope): hope-related tokens (e.g., hope,
wish, hoping) (10).

12.

Cognitive-process rate (rcog): cognitive/appraisal terms
(e.g., think, know, understand, because, realize, wonder,
remember) (10, 33).

All biomarkers are computed deterministically from participant-
authored text using (i) regex-based tokenisation, (ii) lexicon and
phrase counting, and (iii) rate normalisation by token count. The
lexicons are lightweight and editable, supporting inspection and
sensitivity analyses (e.g., expanding dictionaries or replacing them
with validated resources such as LIWC-style lexicons in future work).

B Ethics approval and participant
consent

This study was conducted in accordance with the ethical
standards of the University of Hertfordshire. Ethical approval
was granted by the University of Hertfordshire under protocol
number SPECS/SF/UH/05493.

All participants were recruited on a voluntary basis and
provided informed consent prior to participation. Due to ethical
restrictions, no demographic information—such as age, gender,
ethnicity, or place of birth—was collected. All data were handled
in accordance with institutional data protection policies and
were used exclusively for research purposes.

C Sensitivity analysis for the SVM
regularisation parameter

To assess sensitivity to the SVM regularisation parameter, we
repeated the participant-wise LOOCV pipeline across multiple C
(c €1{05,1,2,5,10,20}), while keeping all other
components unchanged. As shown in Table CI, performance

values

remained broadly stable across these settings, supporting the
robustness of the main findings to the choice of C.

TABLE C1 Sensitivity analysis of the SVM regularisation parameter C under the same
participant-wise LOOCYV pipeline used in the main experiments.

C value Accuracy Macro-F1
05 0.69 0.67
1.0 0.69 0.67
2.0 0.70 0.67
5.0 0.70 0.67
10.0 0.70 0.67
20.0 0.70 0.67
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