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Abstract

Accurate and interpretable predictions of de-
pression severity are essential for clinical deci-
sion support, yet existing models often lack un-
certainty estimates and temporal interpretabil-
ity. We propose PTTSD, a Probabilistic frame-
work for Depression Detection from clinical
interview utterance sequences that predicts
PHQ-8 scores while modeling calibrated uncer-
tainty. PTTSD includes sequence-to-sequence
and sequence-to-one variants, both combin-
ing LSTMs, self-attention, and residual con-
nections with Gaussian or Student’s-¢ output
heads trained via negative log-likelihood. The
sequence-to-sequence variant enables temporal
analysis of how predictive confidence evolves
over an interview, despite the target being a sin-
gle session-level score. Evaluated on E-DAIC
and DAIC-WOZ, PTTSD achieves competi-
tive performance among text-only systems (e.g.,
MAE = 3.85 on E-DAIC, 3.55 on DAIC) and
produces well-calibrated prediction intervals.
Ablations confirm the value of attention and
probabilistic modeling, while a three-part cal-
ibration analysis and qualitative case studies
highlight the clinical relevance of uncertainty-
aware prediction.

1 Introduction

Depression remains one of the leading causes of
global disability, affecting over 300 million indi-
viduals worldwide (WHO, 2017, 2022). Scalable,
automated tools for assessing depressive symptom
severity offer valuable support in digital therapy
and remote care, where access to clinicians is lim-
ited. Among these tools, text-based systems that
process clinical interviews have shown strong po-
tential for predicting standardized scores such as
the PHQ-8 (Kroenke et al., 2009).

Recent methods typically model interview tran-
scripts as sequences of utterances and employ archi-
tectures such as LSTMs, Transformers, or large lan-
guage models (LLMs) (Mandal et al., 2025; Fang

et al., 2023a; Nykoniuk et al., 2025; Sadeghi et al.,
2024). However, most existing approaches pro-
duce scalar severity estimates without quantifying
uncertainty, which is an important limitation in
high-stakes clinical contexts where a prediction of
“PHQ-8 = 12” is far more actionable when accom-
panied by a measure of confidence.

We argue that the sequential nature of clini-
cal interviews creates a natural opportunity to ad-
dress this gap. Each utterance provides a context-
dependent observation, and the cumulative se-
quence progressively constrains the space of plausi-
ble severity estimates. While the prediction target,
i.e., the PHQ-8 score, is a single-session-level value
rather than a time-varying quantity, the input is in-
herently sequential, and modeling it as such offers
two key advantages that point-estimate systems
forgo. First, it allows probabilistic models to cap-
ture aleatoric uncertainty, that is, the uncertainty
arising from sparse, contradictory, or ambiguous
language, and to express how that uncertainty re-
solves as context accumulates. Second, it enables
interpretable temporal analyses: identifying which
utterances drive prediction shifts, and how model
confidence stabilizes (or fails to stabilize) over the
course of an interview.

We introduce PTTSD, a Probabilistic Textual
Time Series Depression Detection model that
makes temporally grounded, calibrated predictions
over PHQ-8 scores from utterance-level sequences.
PTTSD addresses two key gaps in the field. First,
it replaces point predictions with calibrated dis-
tributional outputs (Gaussian or Student’s-t heads
trained via negative log-likelihood), enabling clin-
icians to assess both predicted severity and the
model’s confidence in that prediction. Second,
through its sequence-to-sequence (seq-to-seq) vari-
ant, it exposes how the model’s predictive belief
evolves across an interview, providing temporal
interpretability that is absent from prior systems.
Clinicians can therefore identify when the model

32574

Findings of the Association for Computational Linguistics: ACL 2026, pages 32574-32589
July 2-7, 2026 ©2026 Association for Computational Linguistics



becomes confident, which utterances drive predic-
tion shifts, and where ambiguity persists.

We evaluate PTTSD on the DAIC and E-DAIC
benchmarks using original and re-transcribed in-
terviews and demonstrate competitive performance
on standard metrics (e.g., MAE = 3.55, RMSE =
4.77 on DAIC; MAE = 3.85, RMSE = 4.52 on
E-DAIC), matching or exceeding recent text-only
baselines on held-out test sets without relying on
prompt engineering or handcrafted features. Im-
portantly, PTTSD additionally provides calibrated
uncertainty estimates and interpretable temporal
dynamics—capabilities absent from prior systems.
Ablation and sensitivity analyses further validate
the contributions of probabilistic loss design, atten-
tion mechanisms, and calibration metrics.

In summary, our main contributions are:

* We propose PTTSD, a fully probabilistic se-
quence model that jointly predicts PHQ-8
scores along with calibrated uncertainty from
utterance-level textual time series, and pro-
vide thorough calibration, temporal, and sen-
sitivity analyses to assess uncertainty quality
and clinical relevance.

* We introduce a seq-to-one and a seq-to-seq for-
mulation. The latter exposes how the model’s
predictive belief, both point estimate and un-
certainty, evolves over the course of an in-
terview for temporal interpretability analy-
ses such as identifying critical utterances and
tracking when model confidence stabilizes.

* We empirically demonstrate competitive re-
sults on E-DAIC and DAIC test sets among
text-only models, while offering calibrated
interpretable uncertainty estimates that go be-
yond the point predictions of prior work.

2 Related Work

Textual time series modeling has been central to
recent efforts in automatic depression detection,
especially within clinical interviews and therapy
sessions. Prior work has predominantly relied on
point estimate neural methods such as LSTMs and
attention-based transformers to model temporal de-
pendencies in textual data (Mandal et al., 2025;
Fang et al., 2023a; Nykoniuk et al., 2025). Such
models capture sequential patterns but lack mech-
anisms to quantify temporal uncertainty. While
LLM:s extract richer textual features (Sadeghi et al.,
2024; Chen et al., 2024), most systems remain

heuristic or point estimates that focus on structural
or multimodal fusion rather than probabilistic rea-
soning. In contrast, our fully probabilistic, end-to-
end model captures uncertainty directly from raw
utterances without handcrafted prompts.

Notably, Qureshi et al. (2019b) use multitask
learning with attention mechanisms for joint re-
gression and classification, but do not incorporate
uncertainty modeling. Similarly, prompt-based
methods such as those of Zhang and Guo (2024)
transform depression detection into a few-shot clas-
sification task via language model prompting, but
still yield single-point predictions. Graph-based ar-
chitectures (Burdisso et al., 2023; Chen et al., 2024)
model discourse-level context across utterances and
questions, offering enhanced interpretability and
structural awareness, though they too typically omit
calibrated uncertainty.

A rare exception is Dia et al. (2024), who pro-
pose a stochastic transformer for post-traumatic
stress disorder detection, introducing probabilis-
tic components such as stochastic activations to
model uncertainty across modalities. However,
their work focuses on visual signals and does not
address textual time series or PHQ-8 regression.
More recently, Zhang et al. (2025) apply a multi-
instance learning (MIL) framework to estimate de-
pression severity from long transcripts and assign
confidence scores to depressive cues at the sentence
level. This approach does provide instance-level
interpretability, but the underlying model is not
explicitly probabilistic in the Bayesian sense.

Several recent works have explored fair or cali-
brated uncertainty estimation. Li and Zhou (2025)
propose Fair Uncertainty Quantification (FUQ) for
PHQ regression with conformal prediction inter-
vals across demographic groups. While effective
for fairness, FUQ operates at the distributional out-
put level and does not model temporal evolution
within interviews. Other systems, such as Mao et al.
(2023) and Guo et al. (2022), employ BiLSTMs
or Transformers with textual features, sometimes
augmented by topic signals, but focus solely on
point estimate loss objectives.

3 Probabilistic Textual Time-Series
Depression Detection

3.1 Problem Formulation

We model PHQ-8 estimation as probabilistic regres-
sion over utterance sequences. Given a transcript
with T utterances {u1, ..., ur} and utterance em-
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Figure 1: Overview of PTTSD. Utterances are embedded, encoded with a BILSTM and multi-head self-attention
with residual connections, and mapped to a predictive distribution over PHQ-8.

beddings e;.7, the model maps the sequence to a
distribution over the session-level score y € R:

p(y | err; ).
We study two PTTSD model variants:

* seq-to-one: predicts a single distribution from
the full utterance sequence.

* seq-to-seq: produces a per-utterance distribu-
tion p(y | e1.¢; 0) for each prefix e;., trained
against the same session-level label y.

We note that the PHQ-8 target is a single score
per session, not a time-varying quantity. The seq-to-
seq variant therefore does not model a changing tar-
get. Rather, it exposes how the model’s predictive
belief, i.e., its point estimate fi; and its uncertainty
0, evolves as conversational context accumulates.
This serves two purposes: (i) it enables temporal
interpretability analyses, such as identifying utter-
ances that trigger large shifts in predicted severity
or uncertainty, and (ii) it acts as a form of regular-
ization, encouraging the model to form reasonable
estimates from partial context rather than relying
solely on global sequence features.

Concretely, the trajectories of ([, ;) across an
interview support three types of analysis: (i) how
uncertainty decreases as context accumulates and
signals that the model has “seen enough”; (ii) er-
ror and uncertainty alignment to measure whether
high predicted uncertainty genuinely corresponds
to high error (in terms of correlations and interval
coverage); and (iii) identification of critical utter-
ances where the predicted mean shifts sharply or
attention mass concentrates, which may correspond
to clinically salient moments in the interview.

3.2 Data

We utilize the Distress Analysis Interview Corpus
(DAIC) (Gratch et al., 2014) and extended DAIC
(E-DAIC) (DAIC-WOZ Project, 2019) datasets,
which contain anonymized semi-structured inter-
view transcripts and associated Patient Health
Questionnaire-8 (PHQ-8) (Kroenke et al., 2009)
depression scores. Each participant’s data consists
of a sequence of utterances extracted from tran-
script files, along with a PHQ-8 score indicating
depression severity. The PHQ-8 is a standardized
self-report instrument with scores ranging from O
to 24 that assesses depressive symptom severity.
The DAIC-WOZ corpus includes 189 clinical inter-
view sessionss. Its extended counterpart, E-DAIC,
includes 275 sessions. Both remain among the
few publicly available conversation-based clinical
corpora annotated with PHQ-8 depression scores,
collected under stringent ethical and privacy safe-
guards typical of mental health research. More
details on the PHQ-8 and DAIC in Appendix A
and Appendix B, respectively.

3.3 Utterance Embeddings

We represent each utterance using pretrained
sentence encoders. Our primary model uses
the all-MinilLM-L6-v2  Sentence  Trans-
former! (Reimers and Gurevych, 2019), a
compact model with only 22 million parameters
that achieves competitive performance across a
wide range of tasks on the Hugging Face MTEB
Embedding Leaderboard (Muennighoff et al.,
2023). We also evaluate an alternative variant of
our model using MentalBERT (Ji et al., 2022), a
domain-adapted BERT model pretrained on mental

1https://huggingface.co/sentence—transformers/
all-MinilM-L6-v2
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health-related corpora’. Tokenization, pooling,

and other encoder specifics are in Appx. D.

3.4 Backbone: BiLSTM + Self-Attention

We employ a multi-layer unidirectional LSTM that
encodes X into hidden states H € RT*#_ We
then apply multi-head self-attention with a residual
connection:

A = ArTENTION(H) + H,

allowing each utterance embedding to condition
on the full conversational context. In seg-to-one,
we aggregate A over time by average pooling. We
retain the per-utterance representations a; in seq-
to-seq.

3.5 Uncertainty-Aware Output Heads

Separate MLP heads predict the parameters of the
predictive distribution to model the PHQ-8 score
(ft) and uncertainty (&).

p(y | -) € {N,6?), Student-#(j1,6,v)} .

For seq-to-one, the heads take the pooled vector as
input and for seg-to-seq, the heads take each a; to
predict the parameters at each timestep.

3.6 Training Objective

We minimize the NLL of the ground-truth PHQ-8
under the predicted distribution. For seg-fo-one:

L = —logp(y|err;0).

For seq-to-seq, we average the per-utterance NLL
across the sequence. Gaussian vs. Student’s-¢ ob-
jectives and optional weighting terms are provided
in Appx. E. Optimization settings and other train-
ing hyperparameters are in Appx. D.

4 Experiments

4.1 Experimental Setup

Data Splits. We follow the official training, val-
idation, and test splits provided with each dataset.
For E-DAIC, the data is partitioned into 163 train-
ing, 56 validation, and 56 test participants. For
DAIC-WOZ, the official splits include 107 train-
ing, 35 validation, and 56 test participants. E-DAIC
audio is re-transcribed using WhisperX to improve

2https://huggingface.co/mental/
mental-bert-base-uncased

transcription quality and alignment over the origi-
nal transcripts to allow for better uncertainty quan-
tification, which is the main focus of our study.
To ensure fair comparison with prior work that
used the original transcripts, we additionally re-
port results on the unaltered E-DAIC transcripts in
Appendix F.

Evaluation Metrics. We evaluate models on
both the validation and held-out test sets using
mean squared error (MSE) and root mean squared
error (RMSE). MSE and RMSE quantify average
prediction error, with RMSE placing greater em-
phasis on larger errors due to its squaring operation.
RMSE is particularly useful for identifying models
that minimize not only average error but also the
variance in error magnitude. When modeling pre-
dictive uncertainty, we additionally report negative
log-likelihood (NLL).

Reproducibility. All preprocessing steps, model
configurations, and training scripts are made pub-
licly available on GitHub.? To account for variabil-
ity due to random initialization, we report average
performance over three runs with different seeds.

4.2 Main Results

Table 1 presents PHQ-8 regression performance on
both E-DAIC and DAIC. We compare our PTTSD
models across multiple configurations (seq-to-seq
vs. seq-to-one and Mental BERT vs. all-MiniLM-
L6-v2) against relevant text-based approaches.

E-DAIC. Among the text-only systems evalu-
ated, PTTSD (seq-to-seq with all-MiniLM-L6-v2)
achieves the lowest test MAE (3.85) and RMSE
(4.52) in our comparison. Other PTTSD variants,
including Mental BERT-based and seq-to-one con-
figurations, also perform competitively, showing
robustness across architecture choices. We note
that direct numerical comparison with prior work
is complicated by two factors: (i) our use of Whis-
perX re-transcriptions may yield different input
quality than the original transcripts used by prior
systems, and (ii) several baselines report only de-
velopment or only test metrics, making compre-
hensive comparison difficult. Earlier works such
as Ray et al. (2019) and Makiuchi et al. (2019) at-
tain dev RMSEs of 4.22-4.97, but their test perfor-
mance is either weaker or unreported. More recent
prompt-based models by Sadeghi et al. (2024) use

*https://github.com/smidtfab/PTTSD
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Dev Test

Method MAE RMSE MAE RMSE
Williamson et al. (2016) 3.34 4.46 - -
Gong and Poellabauer (2017) 2.77 3.54 3.96 4.99
Yang et al. (2017) 3.52 4.52 - -
Stepanov et al. (2018) - - 4.88 5.83
Oureshi et al. (2021) 3.78 - - -
Niu et al. (2021) 3.73 4.80 - -
Fang et al. (2023b) - - 3.61 4.76
Rohanian et al. (2019) - - 4.98 6.05
Al Hanai et al. (2018) 5.18 6.38 - -
Qureshi et al. (2019a) 3.74 4.80 - -
PTTSD seq-to-one (MentalBERT) 4.39+0.10 5474043 3.654+024 4.69+0.24
PTTSD seq-to-seq (MentalBERT)  4.674+0.04 5.82+0.34 3.92+0.54 4.79+0.54
PTTSD seq-to-one (MiniLM) 3.8240.09 4.8440.28 3.55+0.15 4.77+0.53
PTTSD seg-to-seq (MiniLM) 4.594+0.07 5224030 3.88+041 5.10+0.92

(a) DAIC-WOZ

Dev Test
Method MAE RMSE MAE RMSE
Ray et al. (2019) - 4.37 4.02 4.73
Makiuchi et al. (2019) LSTM - 4.97 - 6.88
Makiuchi et al. (2019) LSTM+CNN - 4.22 - -
Sadeghi et al. (2023) 3.65 5.27 4.26 5.37
Sadeghi et al. (2024) Pr3+Whisper 3.17 4.51 422 5.07
Sadeghi et al. (2024) Pr3+Whisper+AQ 2.85 4.02 3.86 4.66
PTTSD seq-to-one (MemallBERT))r 3.56+0.01 4.45+0.07 4.18+0.05 5.23+0.13
PTTSD seq-to-seq (MentalBERT) 3.55+0.14 4.58+0.20 4.20+0.03 5.3940.08
PTTSD seq-to-one (MiniLM)" 3.60+£0.13  4.764+0.14 4.58+£050 5.8740.92
PTTSD seq-to-seq (MiniLM)f 3474002 4574004 3.85+004 4.524038

T PTTSD results obtained on WhisperX re-transcriptions of the original E-DAIC
audio, similar to Sadeghi et al. (2024)’s approach rather than transcripts from the
dataset. See Appendix F for results on the original transcripts.

(b) E-DAIC

Table 1: Comparison of text-only PHQ-8 regression models, split by dataset. Bold = best.

Whisper transcripts and audio-based quality filter-
ing. Their best variant (Pr3+Whisper+AudioQual)
reports strong dev MAE (2.85) and RMSE (4.02)
with the additional audio quality gating. Their text-
only variant (Pr3+Whisper) achieves 4.22 MAE
and 5.07 RMSE on the test set, which PTTSD im-
proves upon on both metrics. However, given the
differences in the transcripts, these comparisons
should be interpreted with caution. To directly ad-
dress comparability, we also evaluate PTTSD on
the original (unaltered) E-DAIC transcripts. Using
seq-to-seq with Gaussian NLL, MiniLM achieves
a test MAE of 4.63 and RMSE of 5.56, while Men-
talBERT achieves 4.60 MAE and 5.58 RMSE (Ap-
pendix F, Table 5). While these numbers are expect-
edly weaker than those obtained on re-transcribed
data, they confirm that PTTSD remains competitive
and that the core contributions, the calibrated un-
certainty and interpretable temporal trajectories,
hold regardless of transcript source and are ar-
guably more valuable for clinical deployment than
marginal improvements in MAE or RMSE.

DAIC. On the original DAIC dataset, PTTSD
again performs competitively, especially in the all-
MiniLM-L6-v2 seq-to-one variant, which achieves
the lowest test MAE (3.55) and matches the best
test RMSE (4.77) of Fang et al. (2023a). Interest-
ingly, Gong and Poellabauer (2017) reports strong
dev performance (MAE 2.77, RMSE 3.54), while
test results (MAE 3.96, RMSE 4.99) show a notable
drop, which may reflect differences in evaluation
protocols or generalization challenges.

Seq-to-seq vs. seq-to-one. The seq-to-seq vari-
ant (MiniLM) outperforms seq-to-one on E-DAIC,
whereas the pattern reverses on DAIC. We do not
interpret this as evidence that one formulation is

strictly superior. Rather, the two variants serve
complementary roles. Seq-to-one optimizes for ag-
gregate prediction quality from the full sequence,
while seq-to-seq provides temporal interpretability
at a modest and dataset-dependent cost to accuracy.
The seq-to-one variant uses masked average pool-
ing, whereas seq-to-seq retains per-timestep repre-
sentations. Exploring alternative pooling strategies
(e.g., attention-weighted aggregation) is a viable
direction for future work.

4.3 Ablation Studies

Loss Dev Test

MAE RMSE | MAE RMSE
Gaussian NLL ~ 3.4440 4.5293 | 3.8603 5.0219
Student-t NLL.  3.6637  4.9328 | 3.9294 5.1488
MAE 3.6427 4.8091 | 4.1885 5.4407
MSE 3.6398 49845 | 3.6694 4.8760

Table 2: Loss function comparison on dev/test sets (E-
DAIC, single run).

Effect of Loss Function. Table 2 compares the
impact of different loss functions on validation
and test performance. Gaussian NLL yields the
best overall balance with low MAE and RMSE
across both splits, particularly on test MAE (3.86).
Student’s-t NLL performs comparably but with
slightly worse calibration and higher RMSE, likely
due to the added complexity of estimating the de-
grees of freedom. MAE and MSE losses exhibit
inconsistent behavior. While MSE achieves the
lowest test MAE (3.67), it performs worse on the
dev set and yields the highest test RMSE among all
probabilistic losses. The MAE loss underperforms
across all metrics, suggesting it is less effective at
learning stable sequence-level representations in
this setting. In summary, Gaussian NLL offers the
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most reliable and generalizable performance when
modeling uncertainty in PHQ-8 prediction from
textual time series.

Effect of the Model Architecture. We conduct
an ablation study to assess the contribution of indi-
vidual architectural components in our probabilis-
tic LSTM seq-to-seq model. Each ablation variant
disables a specific component (attention, residual
connections, or the variance prediction head) while
all other settings are held constant. The models are
trained for 50 epochs with early stopping (patience
of 15 epochs). The final evaluation is performed on
the test set using MAE, RMSE, and NLL, averaged
over three random seeds. Full experimental details
are included in Appendix C.

Variant MAE A MAE (%) RMSE ARMSE (%) NLL
Full Model 3.85 - 4.99 - 1.05
- w/o Attention 591 +53.29 7.40 +48.28 1.56
- w/o Residual 5.34 +38.52 6.66 +33.42 1.43
- w/o Variance Head  3.99 +3.57 5.24 +5.04 -

Table 3: Ablation of architectural components averaged
over three seeds. Absolute scores and percentage change
relative to the full model. NLL is not applicable (—) for
the variant without a variance head, as it produces only
point estimates.

Table 3 illustrates the effects of disabling each
component. Self-attention produces the largest
degradation when removed, with MAE increasing
by 53.3% and RMSE by 48.3%. This is expected
given that interviews span up to 355 utterances
(median: 164). Such a range over which recurrent
hidden states alone can be insufficient to maintain
coherent long-range context. Omitting residual
connections also causes substantial performance
drops (MAE +38.5%, RMSE +33.4%). Hence,
skip connections are essential for stable gradient
flow and effective feature reuse across layers. Ab-
lating the variance prediction head degrades per-
formance across all metrics, including raw point-
estimate accuracy (MAE +3.6%, RMSE +5.0%),
and results in the expected loss of calibrated uncer-
tainty estimates. We conjecture that probabilistic
training acts as a form of regularisation and that
by explicitly modeling aleatoric uncertainty, the
model avoids over-committing to noisy targets and
achieves better generalization, which aligns with
Kendall and Gal (2017) and Seitzer et al. (2022).

4.4 Hyperparameter Sensitivity

Table 4 reports the effect of the NLL weighting pa-
rameters 3 (log-variance term) and -y (normalised

a f ¥ NLL (Dev) NLL (Test) Description

1 1 1 1.3674 1.2439 standard NLL

1 2 1 1.4718 1.4519 uncertainty-averse
1 1 2 1.3363 1.3766 error-focused

1 1 05 1.4555 1.4459 calibration-first

Table 4: Sensitivity analysis of Gaussian NLL loss
weighting parameters «, 3, and v on the E-DAIC seq-
to-seq model (single run).

squared error term). The o weights only the con-
stant log(27) and therefore do not affect gradients.
The standard configuration (3 = v = 1) achieves
the lowest test NLL (1.2439), which indicates a bal-
anced trade-off between data fit and uncertainty cal-
ibration. A doubled 3 (“uncertainty-averse”) raises
NLL on both splits, which suggests that excessive
penalisation of predicted variance compresses the
model’s uncertainty range. A doubled y (“error-
focused”) yields a marginal Dev improvement but
increases the test NLL to 1.3766, consistent with
overfitting. A halved v (“calibration-first”) pro-
duces similarly elevated NLL, potentially because
the weakened error term provides insufficient su-
pervision for accurate mean predictions. Hence,
aggressive reweighting may destabilize the balance
between sharpness and calibration, and the default
Gaussian NLL remains the most reliable configura-
tion.

Beyond aggregate NLL, loss weighting also
shapes how the model distributes uncertainty across
severity levels (Figure 2). In the standard setting
with & = 8 = v = 1, the predicted o values span
a moderate range (1, = 4.0, £ = 3.8, 0, = 1.9)
and the five severity categories stay within [0, 10].
Both the 8 = 2 and v = 0.5 configurations com-
press predictions into a narrow band (o, = 0.6 and
0.8, respectively), which collapses severity-level
distinctions and limits clinical utility. In contrast,
v = 2 produces a wide distribution (1, = 9.5,
o0, = 6.2) with better separation between severity
groups, yet the inflated absolute values reflect mis-
calibration consistent with its elevated test NLL.

4.5 Uncertainty Calibration and
Interpretability

Accurate uncertainty quantification is critical in
clinical NLP, where predictions may inform sensi-
tive decisions. We first evaluate PTTSD calibration
using the Expected Calibration Error (ECE), em-
pirical coverage, and visual diagnostics in Figure 3.
We then explore how predicted uncertainty evolves
over time and correlates with error to offer insights
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Figure 2: Predicted uncertainty (o) by PHQ-8 sever-
ity category under four loss configurations: standard
NLL (top-left), increased log-variance penalty 5 = 2
(top-right), error-penalised v = 2 (bottom-left), and
calibration-focused v = 0.5 (bottom-right). Summary
statistics (u, T, o) refer to the distribution of predicted
uncertainty across all test participants.

into model interpretability and potential clinical
utility.

Calibration Metrics. Figure 3 compares mod-
els trained with Gaussian NLL and MSE losses.
Each subplot presents (i) a binned calibration curve
comparing predicted standard deviation and MAE,;
(ii) a scatter plot of predicted uncertainty vs. ob-
served error, and (iii) a coverage plot showing the
percentage of ground truth values falling within
model-predicted confidence intervals. Perfect cali-
bration aligns with the diagonal in all plots.

The Gaussian NLL model achieves a low ECE
of 0.0220 and near-ideal 68% coverage (66.2%),
indicating well-calibrated uncertainty. It adapts
confidence intervals to input ambiguity, producing
sharp yet reliable estimates. In contrast, the MSE-
based model is underconfident, with wide intervals
(84.0% coverage) and worse calibration (ECE =
0.0675). Thus, probabilistic modeling provides
more trustworthy uncertainty estimates than single-
point regression.

Interpretable Temporal Behavior. To under-
stand how uncertainty evolves over a session, Fig-
ure 4 plots the average predicted uncertainty and
absolute error across utterance positions. Initially,

both metrics are high due to limited context. As
the dialogue progresses, uncertainty decreases and
stabilizes around timestep 250. After timestep 300,
the error begins to increase again, likely due to
data sparsity, since only a few sessions exceed this
length in the training set.

Error—Uncertainty Correlation. In addition to
aggregate calibration, we report the correlation be-
tween error and uncertainty, since a useful uncer-
tainty signal should covary with actual prediction
error so that harder inputs receive wider intervals.
As shown in Figure 5, PTTSD exhibits a strong cor-
relation between predicted standard deviation and
absolute error (r = 0.88, p = 0.64, p < 0.001),
which indicates that the model can meaningfully
distinguish between confident and uncertain predic-
tions.

Case Studies. Figure 6 illustrates sequence-level
predictions for four representative participants that
each capture a distinct uncertainty pattern. Partici-
pant 634 represents the ideal case, Accurate & Con-
fident: the prediction trajectory remains roughly
constant and closely tracks the ground truth with
narrow +10 bands and a normalised error of 0.12.
Participant 716 shows Calibrated Uncertainty dur-
ing a more difficult narrative. The model initially
struggles with high error until utterance 70, likely
because the participant reports a lack of memorable
positive experiences and a complicated relation-
ship with their girlfriend. As the model processes
more information, it converges to the ground truth,
though it maintains wide confidence intervals (ratio
of 0.41), potentially due to the participant’s cryptic
and short responses.

Participant 640 exposes an Overconfident Error,
the model’s worst-case failure mode. Despite a true
score of 17, the model predicts low severity, with
tight bands, resulting in a ratio of 7.68 (outside 2¢).
Here, the transcript language may mask symptom
severity. Finally, Participant 710 is Ambiguous
but Correct. The model picks up on mentions of
sleep deprivation and a PTSD diagnosis from six
years ago. The predicted PHQ-8 score reaches
a peak of § = 8.63 at utterance 125. The peak
is accompanied by increased uncertainty, likely
due to a lack of signals in the preceding dialogue.
Interestingly, the predicted score later decreases
toward the ground truth (jy — y| = 0.32, marked
by v at utterance 140) as the participant reports
feeling more in control and mentions attending
a concert. While the model hedges with broad
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Figure 3: Calibration analysis of PTTSD seq-to-seq on DAIC test set (Gaussian NLL vs. MSE)
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Figure 4: Temporal dynamics of uncertainty and error
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Figure 5: Correlation between predicted uncertainty and
absolute error.

intervals (0 = 4.53), it successfully captures the
shifting sentiment.

Participants 716 and 640 represent extreme cases.
In aggregate, however, the model’s typical behavior
is closer to the participants 6134 and 710 with ac-
curate predictions and with uncertainty that reflects
input ambiguity, which aligns with the quantita-
tive evaluation presented before. Overall, the case
studies visually demonstrate the practical value of
uncertainty quantification. PTTSD identifies both
predictions clinicians can trust and those that war-
rant caution.

5 Conclusion

We introduced PTTSD, a probabilistic framework
for predicting PHQ-8 depression severity from
utterance-level clinical interviews. PTTSD out-
puts calibrated Gaussian or Student-¢ distributions
rather than point estimates, such that clinicians
receive both a predicted severity and a model-
confidence signal alongside it.

A key design feature is the seq-to-seq variant,
which reveals how the model’s belief evolves over
an interview, even though the target is a single
session-level score. This provides temporal inter-
pretability as we can identify when the model be-
comes confident, which utterances drive prediction
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Figure 6: Case studies illustrating four uncertainty regimes. Each row shows one participant with (a) sequence-level
PHQ-8 predictions and +-1¢ intervals, (b) the critical context window, and (c) a calibration summary comparing
|y — 9|, o, and their ratio. Rows from top to bottom: Accurate & Confident (Participant 634), Calibrated Uncertainty
(Participant 716), Overconfident Error (Participant 640), and Ambiguous but Correct (Participant 710).

shifts, and where ambiguity persists. Our calibra-
tion analyses confirm that predicted uncertainty is
well-aligned with actual error (r = 0.88, ECE =
0.022), and case studies illustrate how these prop-
erties manifest at the individual participant level.

Our experiments on DAIC and E-DAIC show
competitive performance among text-only systems.
While accuracy degrades on the original E-DAIC
transcripts relative to WhisperX re-transcriptions,
the calibration and uncertainty properties — our
main contribution — hold across transcript sources.
Future work includes multimodal extensions to
complement text with prosodic and visual signals,
and clinical validation to evaluate whether uncer-
tainty estimates inform practitioner decisions.

Limitations

While PTTSD offers promising results in predictive
accuracy and uncertainty modeling, several limita-
tions remain. First, the framework relies solely on
textual data. Although effective, it does not lever-
age multimodal cues such as vocal prosody or facial
expressions, which are known to be informative
for assessing mental health. Second, the E-DAIC
dataset contains fewer than 300 participants, and
further reduction due to filtering and partitioning
limits the statistical power and generalizability of
our findings to broader clinical settings. Third, the
interviews in E-DAIC are conducted with a virtual
interviewer ("Ellie") operated in a Wizard-of-Oz
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setup rather than a real clinician, which may affect
the ecological validity of the speech data and limit
applicability to authentic client—clinician interac-
tions. In terms of modeling, we encode utterances
independently using pretrained language models
without context-aware finetuning, potentially over-
looking local coherence or discourse-level cues.
Furthermore, while PTTSD provides distributional
predictions, we do not assess its clinical utility or
decision-support value. Human-centered evalua-
tions with therapists or end users are needed to
determine the interpretability and trustworthiness
of predicted uncertainty. Finally, although we eval-
uate calibration quantitatively, we do not study how
uncertainty scores might be perceived or utilized
by clinicians in real-world settings.
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A PHQ-8 Depression Assessment

The Patient Health Questionnaire-8 (PHQ-8)
(Kroenke et al., 2009) is a widely used self-report
scale designed to measure the presence and sever-
ity of depressive symptoms. It is derived from the
PHQ-9 but omits the ninth item concerning suicidal
thoughts, making it more suitable for large-scale
screening and automated processing.

Each of the eight items corresponds to a DSM-
IV criterion for depression and asks respondents
to rate how often they have experienced a specific
symptom over the past two weeks. Responses are
scored on a 4-point Likert scale:

0 — Not at all

* 1 — Several days

* 2 — More than half the days
* 3 — Nearly every day

The total PHQ-8 score ranges from 0 to 24 and
is interpreted as follows:

¢ 0—4: None

5-9: Mild depression

10-14: Moderate depression

15-19: Moderately severe depression

20-24: Severe depression

The PHQ-8 has been validated in both clinical
and general populations and is considered a reliable
proxy for identifying depressive symptom severity
in mental health research.

B Distress Analysis Interview Corpus
(DAIC and E-DAIC)

The Distress Analysis Interview Corpus (DAIC-
WOZ) (Gratch et al., 2014) and its extended ver-
sion, E-DAIC (DAIC-WOZ Project, 2019), are
widely used datasets for research in automated de-
pression detection. Both datasets contain semi-
structured clinical interviews conducted by a virtual
interviewer named Ellie, operated via a "Wizard-of-
0Oz" setup, to elicit verbal and non-verbal indicators
of psychological distress.

B.1 E-DAIC vs. DAIC-WOZ

The E-DAIC corpus is a re-transcribed and quality-
controlled extension of DAIC-WQOZ. It corrects
known transcription errors and inconsistencies, and
provides standardized splits for training, develop-
ment, and testing. While DAIC-WQOZ has been
extensively used in prior work, E-DAIC offers im-
proved data quality and is recommended for text-
based modeling tasks.

B.2 Dataset Composition

E-DAIC consists of 275 participant interviews, par-
titioned as follows:

* Training set: 163 participants

* Development set: 56 participants
* Test set: 56 participants

Each session includes:

* Audio recordings: Interview audio in WAV
format.

* Transcripts: Time-stamped dialogue with
speaker labels.

* Visual features: Extracted using OpenFace,
including facial landmarks, action units, and
head pose.

¢ Acoustic features: Extracted via COVAREP
and FORMANT analysis.

* PHQ-8 scores: Self-reported ratings of de-
pression severity.

B.3 Data Organization

The dataset is organized into session-specific fold-
ers identified by participant IDs (e.g., 300_P), each
containing:
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* TRANSCRIPT.csv: Annotated dialogue tran-
script.

e AUDIO.wav: Raw audio file.

e COVAREP.csv, FORMANT.csv: Acoustic fea-
tures.

e CLNF_features. txt, CLNF_AUs.csv,
CLNF_pose.txt, CLNF_gaze.txt: Visual
features extracted using OpenFace.

Additional metadata includes:

e train_split.csv, dev_split.csv,
test_split.csv: Partition definitions.

* PHQ8_scores.csv: Item-level and total PHQ-
8 responses.

B.4 PHQ-8 Score Distribution

PHQ-8 scores in both DAIC and E-DAIC range
from O to 24, capturing varying levels of depressive
symptom severity. The distribution is right-skewed,
with a concentration of low-to-moderate severity
cases, which presents challenges for model calibra-
tion and minority class performance.

B.5 Usage Considerations

Researchers working with DAIC or E-DAIC should
consider the following:

¢ Data Quality: E-DAIC addresses known is-
sues in DAIC-WOZ, including transcript er-
rors and missing data, and is recommended
for textual modeling.

* Ethical Use: Given the sensitive nature of the
interviews, ethical guidelines and approvals
must be followed.

* Licensing: Access requires agreement to
the dataset’s End User License Agreement
(EULA).

Our use of both datasets complies with their in-
tended research purpose. The corpora were re-
leased to support research on automated detection
of psychological distress and related mental health
conditions. In this work, we focus exclusively on
the prediction of PHQ-8 depression severity from
textual transcripts, a primary task for which the
dataset was designed. The datasets are anonymized
at source, with personally identifiable information
removed prior to distribution. We further restrict

our usage to non-commercial, academic settings,
operate solely on de-identified utterance sequences,
and report only aggregate results. No individual-
level data or metadata are released. All use com-
plies with the dataset’s End User License Agree-
ment (EULA) and contributes to its intended goal
of advancing computational methods for mental
health assessment.

For detailed information on data preprocessing
and feature extraction methodologies, refer to the
official documentation provided with the dataset.

C Ablation Study Experimental Setup

For each ablation, we use the same data splits,
batch size, optimizer, learning rate schedule, and
early stopping criteria as the main experiments.
The following configurations are evaluated:

* Full Model: All components enabled (atten-
tion, residual, variance).

* No Attention: Attention layer removed.
* No Residual: Residual connection removed.

* No Variance: Variance prediction head dis-
abled; model trained with MSE loss.

Each model is trained for the same number of
epochs with fixed random seeds for reproducibil-
ity. After training, we evaluate on the held-out
test set and report MAE, RMSE, and NLL (where
available). All code, configurations, and results are
available for reproducibility.

D Implementation Details

D.1 Implementation.

All models are implemented in PyTorch (Paszke
et al., 2019). Padding, batching, and masking en-
sure that variable-length sequences do not affect
loss or metric computations.

D.2

Training is performed on a single NVIDIA A100-
SXM4-80GB GPU with 80GB of GDDR6 VRAM,
using CUDA version 12.2.

Hardware.

D.3 Runtime.

Training PTTSD for 50 epochs on a single NVIDIA
A100-80 GB takes ~2h 23min in wall-clock time
(=172 s per epoch). The model has a total
2,703,403 trainable parameters.
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D.4 Terminology.

ER]

Throughout, we avoid “valid/invalid utterances.
We instead say padded positions are masked and
we compute losses/metrics over non-padded posi-
tions only.

D.5 Batching, Padding, and Masking

We batch at the participant/session level. Variable-
length sequences are right-padded to the maximum
length in the batch. A Boolean mask m€ {0, 1}7
(per sequence) is propagated so that: (i) attention,
(i) pooling, (iii) loss, and (iv) metric computations
exclude padded positions. This mask is applied
within the attention mechanism and used to zero-
out contributions from padded indices.

D.6 Pooling Mechanics (seq-to-one)

For the seq-to-one variant, we apply average pool-
ing over time on the attended sequence A € RT>/:

where m; € {0, 1} masks out padding. (In the main
text, we simply refer to this as average pooling;
masking only excludes padding and does not intro-
duce a new modeling component.)

D.7 Tokenization and Utterance Embeddings

We evaluate two encoders: (i) al1-MinilLM-L6-v2
(Sentence-Transformers) with mean pooling over
tokens; and (ii) MentalBERT with the final [CLS]
vector as utterance embedding. We follow each
model’s default casing, tokenization, and truncation
rules. The stacked utterance matrix is X € R7*P
(or B x T x D in batched form).

D.8 Optimization, Schedules, and Targets

We use Adam with cosine-annealed learning rate,
training for 50 epochs with early stopping on de-
velopment MAE (patience 15). Initial learning rate
2 x 10~% decays smoothly to 1074, We apply a
log-transform to targets during training for stability
and invert it at evaluation.

E Predictive Distributions and NLL
Details

E.1 Loss Aggregation: seq-to-one vs.
seq-to-seq
For seq-to-one, the loss is the negative log-

likelihood (NLL) of the session-level prediction:
—logp(y | e1.r;0) .

Eseq—to—one =

For seq-to-seq, we average the per-step NLL across
non-padded time steps:

T
1
ZWEWMM%M-
t t=1

E.2 Gaussian Negative Log-Likelihood

»Cseq—to—seq = -

With predicted mean ji; and standard deviation &,

LGauss = [O‘ log 27[' + Blogao Ut

IIMH

7y - u)?/57).
Unless stated otherwise, a==~v=1.

E.3 Student’s-t Density
Wlth (ﬂt, 5',5, l/t),

e [y
pw%ﬁxgjm&l+u< &)]

We observed that Gaussian heads were the most
stable and best calibrated in our setting; Student’s-¢
is included for completeness.

E.4 Auxiliary Objectives
We report MAE/MSE baselines for reference:

£MSE—Em th Yy — i)’
t t

th ly — ful.

LMAE = Zt

F Results on Original E-DAIC
Transcripts

To ensure fair comparison with prior work that used
the original E-DAIC transcripts rather than Whis-
perX re-transcriptions, we evaluate PTTSD under
the same seq-to-seq Gaussian NLL configuration
on the unaltered transcripts. Table 5 reports mean
and standard deviation over multiple runs.

Table 5: Results on E-DAIC with original transcripts
(seq-to-seq, Gaussian NLL). Mean and standard devia-
tion over multiple runs.

Model ValNLL ValMAE ValRMSE Test NLL Test MAE Test RMSE

Mean 1.33 4.10 5.06 1.31 4.63 5.56
Std 0.04 0.04 0.09 0.07 0.10 0.09
Mean 1.34 3.49 4.52 1.32 4.60 5.58

MentalBERT ¢ o 02 0.07 0.20 022 0.09 0.09

MiniLM
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Performance on original transcripts is expectedly
weaker than on re-transcribed data (e.g., MiniLM
test MAE increases from 3.85 to 4.63), confirming
that transcript quality meaningfully affects down-
stream regression accuracy. Nonetheless, PTTSD
remains competitive with prior text-only systems
on the original transcripts, and the calibration and
uncertainty modeling capabilities—which consti-
tute the paper’s primary contributions—are pre-
served regardless of transcript source.

G Statistical Significance Tests

We report two sets of significance tests to support
the comparisons in Table 1.

Setup. PTTSD results are reported as mean £
standard deviation over n = 3 independent runs
with different random seeds. Baseline values are
single reported point estimates (no variance avail-
able). Against baselines, we apply a one-sample ¢-
test treating the baseline as a known constant (df =
n — 1 = 2, one-tailed, H;: PTTSD < baseline,
i.e. lower error is better). Between PTTSD vari-
ants, we apply Welch’s ¢-test (two-tailed, Welch—
Satterthwaite degrees of freedom). All p-values
are reported as-is without multiplicity correction.
Given the small number of runs (n = 3), results
should be interpreted conservatively.

Significance codes.
0 p<0.05: %

p < 0.001: ***; p < 0.01:
p < 0.10: t: p > 0.10: ns.

Interpretation. On DAIC, no PTTSD variant
is statistically distinguishable from any other (all
pairwise comparisons ns), consistent with the high
standard deviations at n = 3. Against baselines,
PTTSD seq-to-one (MiniLM) significantly outper-
forms weaker prior systems in MAE (p < 0.05
vs. Gong and Poellabauer 2017; p < 0.01 vs. Ro-
hanian et al. 2019; Stepanov et al. 2018), but the
gap with Fang et al. (2023b) does not reach signifi-
cance (p = 0.28), reflecting their close numerical
proximity (3.55 vs. 3.61).

On E-DAIC, PTTSD seg-to-seq (MiniLM)
significantly outperforms all comparable text-
only baselines in MAE (Sadeghi et al. 2024
Pr3+Whisper, p = 0.002; Sadeghi et al. 2023,
p = 0.002; Ray et al. 2019, p = 0.009). The
non-significant gap with Pr3+Whisper+AudioQual
(p = 0.35) is expected, as that system uses au-
dio quality gating and is not directly compara-
ble. In the pairwise PTTSD comparisons, seq-
to-seq (MiniLM) is significantly better than both

MentalBERT variants in MAE (p = 0.001 and
p < 0.001), while no other pairwise contrast
reaches significance.
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Table 6: One-sample ¢-tests: best PTTSD variant vs. baselines. H;: PTTSD mean < baseline (lower MAE / RMSE

is better). df =2 throughout.

Dataset Baseline Metric Baseline t P
Best PTTSD on DAIC: seq-to-one (MiniLM), MAE = 3.55 + 0.15

DAIC Fang et al. (2023b) MAE 3.61 —0.693 0.280
DAIC Gong and Poellabauer (2017) MAE 3.96 —4.734  0.021*
DAIC Rohanian et al. (2019) MAE 498 —16.512 0.002**
DAIC Stepanov et al. (2018) MAE 4.88 —15.358 0.002**
Best PTTSD on DAIC: seq-to-one (MentalBERT), RMSE = 4.69 + 0.24

DAIC Fang et al. (2023b) RMSE 476  —0.505 0.332
DAIC Gong and Poellabauer (2017) RMSE 499  —2.165 0.0817
DAIC Rohanian et al. (2019) RMSE 6.05 —9.815 0.005*"
DAIC Stepanov et al. (2018) RMSE 5.83  —8.227 0.007**
Best PTTSD on E-DAIC: seq-to-seq (MiniLM), MAE = 3.85 £ 0.04

E-DAIC Sadeghi et al. (2024) Pr3+W MAE 422 —16.021 0.002**
E-DAIC  Sadeghi et al. (2024) Pr3+W+AQ? MAE 386 —0.433 0.354
E-DAIC Sadeghi et al. (2023) MAE 426 —17.754 0.002**
E-DAIC Ray et al. (2019) MAE 4.02 —7.361 0.009**
Best PTTSD on E-DAIC: seq-to-seq (MiniLM), RMSE = 4.52 4+ 0.38

E-DAIC Sadeghi et al. (2024) Pr3+W RMSE 507 —2.507 0.065
E-DAIC  Sadeghi et al. (2024) Pr3+W+AQ! RMSE 466 —0.638 0.294
E-DAIC Sadeghi et al. (2023) RMSE 537 —3.874 0.030"
E-DAIC Ray et al. (2019) RMSE 473  —0.957 0.220

t Pr3+Whisper+AudioQual is not text-only (uses audio quality gating); comparisons with this variant should be interpreted with
particular caution. Pr3+W =Pr3+Whisper.

Table 7: Welch’s ¢-tests between all pairs of PTTSD variants on the test set (two-tailed; n = 3 per variant).

Dataset Variant A vs. Variant B Metric Ta I t p
DAIC

DAIC seq-to-one (MentalBERT) vs. seq-to-seq (MentalBERT) MAE 3.65 392 —-0.791 0.491ns
DAIC seq-to-one (MentalBERT) vs. seq-to-one (MiniLM) MAE 3.65 3.55 +40.612 0.580ns
DAIC seq-to-one (MentalBERT) vs. seq-to-seq (MiniLM) MAE 3.65 3.88 —0.839 0.459ns
DAIC seq-to-seq (MentalBERT) vs. seq-to-one (MiniLM) MAE 3.92 355 +41.143 0.358ns
DAIC seq-to-seq (MentalBERT) vs. seq-to-seq (MiniLM) MAE 392 388 +0.102 0.924ns
DAIC seq-to-one (MiniLM) vs. seq-to-seq (MiniLM) MAE 3.55 3.88 —1.309 0.297ns
DAIC seq-to-one (MentalBERT) vs. seq-to-seq (MentalBERT) RMSE 4.69 4.79 —0.293 0.790ns
DAIC seq-to-one (MentalBERT) vs. seq-to-one (MiniLM) RMSE 4.69 477 —0.238 0.828ns
DAIC seq-to-one (MentalBERT) vs. seq-to-seq (MiniLM) RMSE 4.69 5.10 —0.747 0.525ns
DAIC seq-to-seq (MentalBERT) vs. seq-to-one (MiniLM) RMSE 4.79 4.77 +0.046 0.966ns
DAIC seq-to-seq (MentalBERT) vs. seq-to-seq (MiniLM) RMSE 479 5.10 —-0.503 0.647ns
DAIC seq-to-one (MiniLM) vs. seq-to-seq (MiniLM) RMSE 4.77 5.10 —0.538 0.626ns
E-DAIC

E-DAIC seq-to-one (MentalBERT) vs. seq-to-seq (MentalBERT) MAE 4.18 420 —0.594 0.591ns
E-DAIC seq-to-one (MentalBERT) vs. seq-to-one (MiniLM) MAE 4.18 458 —1.379 0.300ns
E-DAIC seq-to-one (MentalBERT) vs. seq-to-seq (MiniLM) MAE 4.18 3.85 +8.927 0.001**
E-DAIC seq-to-seq (MentalBERT) vs. seq-to-one (MiniLM) MAE 420 458 —1.314 0.319ns
E-DAIC seg-to-seq (MentalBERT) vs. seq-to-seq (MiniLM) MAE 4.20 3.85 +12.124 <0.001™**
E-DAIC seq-to-one (MiniLM) vs. seq-to-seq (MiniLM) MAE 458 385 +2.521 0.126ns
E-DAIC seq-to-one (MentalBERT) vs. seq-to-seq (MentalBERT) RMSE 5.23 539 —1.816 0.158ns
E-DAIC seq-to-one (MentalBERT) vs. seq-to-one (MiniLM) RMSE 523 587 —1.193 0.351ns
E-DAIC seq-to-one (MentalBERT) vs. seq-to-seq (MiniLM) RMSE 523 452 +3.062 0.0711
E-DAIC seq-to-seq (MentalBERT) vs. seq-to-one (MiniLM) RMSE 539 587 —0.900 0.462ns
E-DAIC seq-to-seq (MentalBERT) vs. seq-to-seq (MiniLM) RMSE 539 452 +3.880 0.0531
E-DAIC seq-to-one (MiniLM) vs. seq-to-seq (MiniLM) RMSE 587 452 +2.349 0.111ns
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