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Abstract001

Standard depression assessment relies on in-002
struments such as the clinician-rated Hamil-003
ton Depression Rating Scale (HAMD) and004
the patient-reported Patient Health Question-005
naire (PHQ-8), but manual scoring is time-006
consuming and subject to inter-rater variability.007
Prior automated approaches typically regress008
a single total score or coarse severity category,009
lacking the fine-grained subscore-level supervi-010
sion needed for precise clinical diagnosis. To011
address this, we propose MTSP (Multi-Task012
Subscore Prediction), a fine-grained model013
for subscore prediction via multi-task learning.014
MTSP achieves state-of-the-art performance015
on the public E-DAIC dataset (MAE 3.48,016
RMSE 4.57) and generalizes well to the public017
PDCH and a large-scale private clinical dataset018
(CIDH), outperforming total score regression019
baselines and Qwen3-14B direct scoring. We020
further show that multi-task learning is essen-021
tial, subscore-level supervision improves as-022
sessment by better capturing symptom-cluster023
structure, and prior constraints plus task-level024
self-paced learning enhance robustness to sub-025
score difficulty and annotation noise. Our code026
is available at https://anonymous.4open.027
science/r/MTSP-1D51/.028

1 Introduction029

Depression is a prevalent mental health disorder af-030

fecting over 280 million people worldwide (World031

Health Organization, 2025). Accurate and timely032

assessment of depression severity is essential for033

personalized treatment and longitudinal monitor-034

ing. In clinical practice, severity is typically quan-035

tified with standardized rating scales. Clinical in-036

struments such as the Hamilton Depression Rat-037

ing Scale (HAMD-13) (Hamilton, 1960) and brief038

self-report questionnaires such as the 8-item Pa-039

tient Health Questionnaire (PHQ-8) (Kroenke et al.,040

2009) provide clinically validated measures of de-041

pressive symptomatology and are widely used to042

Figure 1: Illustration of individual-level hetero-
geneity. Two representative patients from the
CIDH dataset, NN_00002178_S001 (Patient A) and
NN_00000994_S001 (Patient B), share the same total
score (15) but exhibit distinct symptom patterns: Pa-
tient A shows a “Somatic–Sleep” pattern characterized
by high scores in Insomnia (2, 2, 2), Work & Inter-
ests (3), GI Symptoms (2), and Somatic Symptoms (2),
whereas Patient B presents a “Depressive–Cognitive”
profile dominated by Guilt (3), Suicide (3), and Psychic
Anxiety (2).

evaluate symptom severity. However, their re- 043

peated use is time- and resource-intensive, relies on 044

trained psychologists or patient engagement, and 045

remains vulnerable to subjectivity and inter-rater 046

or self-report variability, demanding the develop- 047

ment of automated, reliable and exact depression 048

assessment systems. 049

Existing methods predominantly formulate de- 050

pression assessment as a coarse-grained mapping 051

X → y, where y is a single global target such 052

as the total score or a binary severity category (Ji 053

et al., 2022; Zhao et al., 2025). We argue that this 054

formulation suffers from intrinsic limitations be- 055

cause it overlooks the complex heterogeneity of de- 056

pressive symptomatology (Buch and Liston, 2021). 057

Patients with identical total scores can exhibit dras- 058

tically different symptom profiles. For example, 059

Figure 1 shows two representative patients with the 060

same total score but qualitatively distinct patterns 061

of task-level severity. When a model is trained 062
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Figure 2: Statistical discrepancy on the CIDH dataset
The x-axis represents each total score s (with sample
size ns). The y-axis shows the diversity across sub-
scores, defined as Ds,k = maxi∈Ps

yi,k−mini∈Ps
yi,k,

where yi,k denotes the score of the k-th sub-score for
the i-th sample, and Ps is the sample set with the same
total score s. Based on this, we compute maxk Ds,k,
meankDs,k, and mink Ds,k, which respectively indi-
cates the max, mean, and min variation across sub-
scores with the same total score.

solely to predict the total score, such individualized063

patterns inevitably make it difficult to capture clini-064

cally meaningful differences between patients. On065

the CIDH dataset, our statistical analysis (Figure 2)066

further demonstrates that such discrepancies are not067

anecdotal but systemic. The resulting curves reveal068

that, across different levels of depressive severity,069

even patients who share the same total score exhibit070

substantial task-level variability, with discrepancies071

being especially pronounced for those with total072

scores between 12 and 20.073

To bridge this gap, we propose MTSP (Multi-074

Task Subscore Prediction), a unified framework075

that shifts the paradigm from global coarse scoring076

to fine-grained subscore prediction by formulating077

it as a multi-task learning (MTL) problem. How-078

ever, designing an effective MTL framework for079

depression assessment poses two key challenges.080

Challenge 1: How to build the correlation081

across subscore (task) Depression assessment is082

inherently a multi-task prediction problem: sub-083

scores are not independent, but instead have corre-084

lation. Treating each subscore as an isolated task085

neglects these cross-task dependencies and can lead086

to clinically inconsistent predictions.087

Challenge 2: How to solve the inconsis-088

tent task difficulty. Different subscores exhibit089

markedly distinct learning difficulties. Our prelimi-090

nary experiments (in Fig.4) using Qwen3-14B with091

zero-shot prompting (non-reasoning mode) for di-092

rect PHQ-8 scoring reveal that even state-of-the-art093

LLMs show highly uneven performance across sub-094

scores. This suggests that depression assessment095

subscores possess inherently different difficulty lev-096

els, and that a uniform training schedule can cause097

difficult tasks to interfere with the learning of eas- 098

ier ones. To address these challenges, MTSP em- 099

ploys a shared-specific task prediction framework. 100

We construct a clinically informed task correlation 101

graph that encodes prior knowledge about symp- 102

tom correlations, and introduce prior constraint that 103

penalize deviations among subscores within the 104

same clinically defined clusters, encouraging pre- 105

dictions consistent with these graph-based priors. 106

In addition, we further incorporate a Task-level 107

Self-Paced Learning (T-SPL) strategy that oper- 108

ates on task rather than individual samples, adap- 109

tively reweighting task losses according to their 110

learning difficulty. Our contributions are summa- 111

rized as follows: 112

• Fine-grained subscore modeling formula- 113

tion. We propose MTSP, a fine-grained frame- 114

work that jointly predicts individual subscores 115

of clinical scales to better describe patients’ 116

profiles and predict symptoms. 117

• Multi-task learning for subscores. We cap- 118

ture the structured dependencies among clin- 119

ical subscores using a MTL mechanism that 120

explicitly models and regularizes the relation- 121

ships among subscores. Meanwhile, we intro- 122

duce a task-level self-paced learning strategy 123

that explicitly accounts for subscore difficulty. 124

• State-of-the-art performance. On the public 125

E-DAIC dataset, MTSP achieves state-of-the- 126

art performance with an MAE of 3.48 and 127

an RMSE of 4.57, outperforming both con- 128

ventional total score regression baselines and 129

direct scoring by the Qwen3-14B large lan- 130

guage model. It also excels on the PDCH and 131

CIDH datasets, demonstrating its robustness 132

across different datasets. 133

2 Related Work 134

2.1 Natural Language Processing for Clinical 135

Mental Health 136

Natural language processing (NLP) for mental 137

health assessment has attracted sustained interest. 138

Early work typically relied on feature engineer- 139

ing and rule- or lexicon-based pipelines to extract 140

clinically meaningful signals from text (Gkotsis 141

et al., 2017; Coppersmith et al., 2014; De Choud- 142

hury et al., 2013). With the rise of pre-trained lan- 143

guage models (PLMs), recent approaches reduce 144

reliance on manual features and improve general- 145

ization. Ji et al. (2022) introduce MentalBERT, a 146
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domain-specific PLM for mental healthcare that147

consistently improves mental disorder detection148

benchmarks. In parallel, general-purpose LLMs149

such as ChatGPT have been explored in health-150

care, and systematic reviews (e.g., Li et al. (2024))151

summarize both their emerging use cases and their152

limitations in safety-critical clinical scenarios.153

A growing line of work focuses on clinical in-154

terviews and explainable depression assessment155

Zhang et al. (2025); Zhao et al. (2025); Man-156

dal et al. (2025); Bi et al. (2025). For example,157

Zhang et al. (2025) propose a personalized retrieval-158

augmented generation framework that retrieves ev-159

idence snippets from interview transcripts and gen-160

erates natural-language explanations for depression161

decisions. Mandal et al. (2025) design a question-162

wise multimodal fusion model that predicts PHQ-163

8 item scores to enhance interpretability, and Bi164

et al. (2025) adopt a multi-agent LLM framework165

to operationalize structured psychiatric interviews166

and generate psychometric reasoning traces. Clin-167

ical rating instruments in routine practice require168

fine-grained level scoring over multiple correlated169

symptom dimensions. Most prior work either pre-170

dicts a single total score or treats symptom-related171

targets independently, lacking explicit mechanisms172

to jointly model cross-task structure.173

2.2 Multi-Task Learning in Clinical174

Assessment175

Beyond predicting a single total score, a few recent176

studies have begun to operate at the subscore level.177

van Steijn et al. (2022) focus on text-based depres-178

sion severity prediction on the DAIC-WOZ corpus179

and use a multi-target regression framework to pre-180

dict PHQ-8 item scores as interpretable symptom-181

level outputs that can be aggregated into overall182

severity. Mandal et al. (2025) propose QuestMF, a183

question-wise multimodal fusion framework that184

performs ordinal classification for each PHQ-8185

item and derives the global PHQ-8 score by sum-186

ming these predictions. In parallel, Zhang et al.187

(2025) formulate EMDRC as an explainable mul-188

timodal depression recognition task and introduce189

PHQ-aware multi-task methods that use PHQ-8190

item labels as auxiliary supervision for utterance-191

level classification and dialogue-level symptom192

summarization. However, these approaches either193

treat PHQ subscores independently and do not con-194

sider the inherent task relations.195

3 Method 196

3.1 Problem Formulation 197

Given a clinical interview transcript xi, our 198

goal is to predict depression subscores yi = 199

(yi1, . . . , yiK) in a multi-task regression setting 200

(Fig.3(a)), where K is the number of subscores 201

and yik ∈ R is the score for subscore k of sample 202

i. We support two depression scales: PHQ-8 is a 203

self-report instrument containing K=8 subscores 204

(each 0–3), and HAMD-13 is a clinician-rated scale 205

with K=13 text-assessable subscores (excluding 4 206

items requiring behavioral observation). See Ap- 207

pendix B for detailed subscore definitions. 208

3.2 MTSP 209

3.2.1 Text Preprocessing 210

Clinical interview transcripts are first segmented 211

into utterances using a hierarchical strategy: (1) 212

split by newlines, (2) split by speaker tags (e.g., 213

“doctor”, “patient”), (3) split by sentence delimiters, 214

or (4) split by fixed-length chunks if no natural 215

boundaries exist. Each utterance is then cleaned by 216

removing non-text tags, filler words, and repeated 217

characters. This preprocessing step is crucial for 218

handling long transcripts. 219

3.2.2 Base Language Model Encoding 220

The framework architecture is shown in Fig.3(b). 221

First, we use domain-specific pre-trained BERT 222

models as our base encoder to process the seg- 223

mented utterances. For the English E-DAIC dataset, 224

we employ MentalBERT (Ji et al., 2022), pre- 225

trained on mental health-related text. For the Chi- 226

nese HAMD-13 datasets (CIDH and PDCH), we 227

use MedBERT-Chinese (Yang et al., 2021), pre- 228

trained on Chinese medical corpora. For each ut- 229

terance uj in the transcript, we obtain a contextu- 230

alized embedding hj = BERT(uj)[CLS], where 231

hj ∈ Rdbert is the [CLS] token embedding that sum- 232

marizes utterance uj , and dbert = 768 is the hidden 233

dimension. To improve efficiency, we encode all ut- 234

terances across samples in a mini-batch, rather than 235

encoding them individually. The sequence of utter- 236

ance embeddings H = [h1, . . . ,hNi ] ∈ RNi×dbert 237

is fed into the Transformer encoder, where Ni is 238

the number of utterances in transcript xi (padded 239

to the maximum sequence length in each batch). 240

3.2.3 Shared Transformer Encoder 241

We apply a shared Transformer encoder to the se- 242

quence of utterance embeddings to capture tem- 243
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Figure 3: Overview of the proposed MTSP framework (illustrated with the HAMD-13 scale). (a) The illustration
of a clinical interview in our dataset. (b) Multi-task subscore prediction framework. Each clinical interview
is segmented into utterances, which are then encoded by a BERT-based encoder (MentalBERT / MedBERT)
to obtain contextualized embeddings. Finally, these embeddings are passed through a shared task encoder and
task-specific layers to jointly predict all subscores in a multi-task fashion. (c) Multitask Correlation Modeling: 1.
task correlation modeling constructs a clinically informed task correlation graph over symptom subscores and
incorporates clinical prior knowledge about symptom clusters as constraints to explicitly regularize relationships
among subscores(tasks), while 2. task-level self-paced learning mechanism adaptively reweights subscore losses
according to their difficulty for making our model aware of the task difficulty.

poral dependencies and long-range interactions:244

Z = TransformerEncoder
(
HWproj + bproj

)
,245

where TransformerEncoder(·) consists of Lenc246

Transformer encoder layers, H ∈ RN×dbert is247

the sequence of utterance embeddings, Wproj ∈248

Rdbert×denc is a learnable projection matrix that maps249

BERT embeddings to the Transformer hidden di-250

mension denc, and bproj ∈ Rdenc is the correspond-251

ing bias term.that capture both local utterance se-252

mantics and global dialogue context. We then apply253

global average pooling over the sequence dimen-254

sion to obtain a multi-task shared representation255

z = 1
N

∑N
n=1 Zn, where Zn ∈ Rdenc denotes the256

n-th row of Z (i.e., the representation of the n-th257

utterance).258

3.2.4 Multitask Correlation Modeling259

To explicitly model the structured relationships260

among clinical subscores, we construct a task cor-261

relation graph (shown in Fig.3(c)) where each262

node represents a subscore and edges encode symp-263

tom correlations based on clinical prior knowl-264

edge. We employ a Graph Attention Network265

(GAT) (Velickovic et al., 2018) to learn task em- 266

beddings that capture these relationships. 267

The task correlation graph is constructed based 268

on clinically validated symptom clusters (3 clus- 269

ters for PHQ-8, 5 for HAMD-13; see Appendix C 270

for details). The graph includes intra-cluster edges 271

(weight ωintra, initialized to 1.0) and inter-cluster 272

edges (weight ωinter, initialized to 0.6), which are 273

learned during training to adapt to data while re- 274

specting clinical priors. The graph structure in- 275

cludes two types of edges with learnable weights 276

parameterized from clinical priors. 277

• Intra-cluster edges: the connected edges 278

within each symptom cluster, reflecting higher 279

correlations among related symptoms, with 280

weight ωintra (initialized to 1.0 to reflect strong 281

within-cluster correlations). 282

• Inter-cluster edges: the edges between clus- 283

ters based on clinical correlations (e.g., Core 284

Depression ↔ Cognitive Function, Sleep ↔ 285

Concentration), with weight ωinter (initialized 286

to 0.6 based on empirical analysis). 287

4



Task Embedding Learning. We maintain learn-288

able task embeddings E ∈ RK×de , where K is the289

number of subscores and de is the task-embedding290

dimension. After projecting E and the pooled text291

representation z ∈ Rd to the GAT hidden size dg,292

we propagate them over the clinically informed293

task correlation graph using a series of GAT lay-294

ers, TG = GAT(E, z,G;ωintra, ωinter), where G is295

the task correlation graph and ωintra, ωinter control296

intra- and inter-group edge weights. The resulting297

TG ∈ RK×dg encodes both task-specific informa-298

tion and cross-task dependencies.299

3.2.5 Multi-Task Prediction300

For each subscore k ∈ {1, . . . ,K}, we first ob-301

tain a task-specific feature by concatenating the302

pooled text representation and the projected GAT-303

enhanced task embedding as zk = [z; Projt(tk)],304

where z ∈ Rdz is the shared task embedding,305

tk = TG[k] ∈ Rdg is the embedding for sub-306

score k obtained from the task correlation graph,307

and Projt(·) is a learnable linear projection ap-308

plied only to tk. For continuous score prediction,309

we normalize predictions to [0, 1] during training310

and denormalize to the valid range [0, Ck] in infer-311

ence, where Ck is the maximum score for subscore312

k. To this end, the subscore is then predicted as313

ŷk = Ck · σ(w⊤
k zk + bk) , where wk and bk are314

the parameters of the task-specific head.315

3.3 Objective Function316

3.3.1 Subscore Prediction Loss317

The primary supervision signal is the loss on pre-318

dictions from each subscore. For sample i and319

subscore k, let y(i)k and ŷ
(i)
k denote the ground-320

truth and predicted scores, respectively. We use321

the mean squared error between ŷ
(i)
k and y

(i)
k as322

the prediction loss, and at the end of each epoch323

e we compute the average loss for each subscore324

k ∈ {1, . . . ,K} over the training set as L̄(e)
k =325

1
M

∑M
i=1

(
ŷ
(i)
k − y

(i)
k

)2, where M is the number of326

training samples.327

3.3.2 Prior Loss328

Given the task correlation graph, we incorporate329

a constraint loss that encourages predictions of330

highly correlated subscores within each cluster to331

be similar across all training examples. Given a332

training set with M examples, the prior loss is de-333

fined as 334

Lprior =
M∑
i=1

∑
c∈C

γc
∑

(k,k′)∈Pc

w
(c)
kk′

(
ŷik − ŷik′

)2
,

(1) 335

where C is the set of symptom clusters, Pc is the 336

set of subscore pairs (k, k′) within cluster c, ŷik 337

and ŷik′ are the predicted scores for subscores k 338

and k′ of example i, w(c)
kk′ ∈ [0, 1] is the correlation 339

weight between subscores k and k′ within cluster c 340

(derived from clinical literature and empirical anal- 341

ysis), and γc > 0 controls the relative importance 342

of cluster. 343

3.3.3 Task-Level Self-Paced Learning 344

In practice, different subscores exhibit substan- 345

tially different learning difficulty: items such as 346

Depressed and Concentrating are relatively easy to 347

optimize because patients usually respond to these 348

questions explicitly and they are mentioned fre- 349

quently in the dialogue, whereas Appetite is harder 350

since eating-related information is rarely discussed 351

directly, and Suicide is even more challenging be- 352

cause cues about suicidal ideation are often ex- 353

pressed implicitly or euphemistically, leading to 354

noisier supervision. To address this, following self- 355

paced learning (Kumar et al., 2010), we propose 356

a task-level curriculum strategy that dynamically 357

adjusts the contribution of each task based on its 358

learning difficulty. 359

Task Weights. Given the average task-level loss 360

L̄(e)
k , we assign a self-paced weight w(e)

k to each 361

task. Tasks with loss below the threshold re- 362

ceive positive weights proportional to their easi- 363

ness, while tasks with loss exceeding the threshold 364

are temporarily excluded from training. 365

w
(e)
k =


1−

L̄(e)
k

λ
(e)
spl

, if L̄(e)
k < λ

(e)
spl ,

0, otherwise,

(2) 366

where λ
(e)
spl is the pace parameter at epoch e. 367

Pace Schedule. The pace parameter λspl controls 368

the curriculum progression and increases linearly 369

over epochs: λ(e)
spl = λmin+

e
E ·(λmax−λmin), where 370

E is the total number of epochs. We set λmin = 371

0.5 and λmax = 2.0. Early in training, only easy 372

tasks (with small loss) are learned, and as training 373

progresses, harder tasks are gradually incorporated. 374

The task weights can be further smoothed using a 375

logarithmic pace function. 376
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3.3.4 Overall Objective.377

The overall training objective combines: (1) sub-378

score prediction losses weighted by task-level self-379

paced weights w
(e)
k , and (2) the medical domain380

prior constraint loss Lprior. The task correlation381

graph with learnable edge weights (ωintra and ωinter)382

is learned jointly via the GAT, while the cluster con-383

straint loss penalizes deviations among subscores384

within the same clinically defined clusters. The385

overall objective function is defined as:386

L =
1

M

M∑
i=1

∑K
k=1w

(e)
k

(
ŷ
(i)
k − y

(i)
k

)2∑K
k=1w

(e)
k

+ β Lprior,

(3)387

where β > 0 is a hyperparameter controlling the388

weight of the constraint loss. The normalization389

by
∑K

k=1w
(e)
k ensures stable gradient magnitudes390

as the number of active subscores changes during391

curriculum learning.392

4 Experiments393

4.1 Datasets394

We evaluate MTSP on three clinical interview395

datasets, i.e., public E-DAIC (Ringeval et al.,396

2019), PDCH (Cao et al., 2025) and private CIDH397

(Clinical interview dialogue based on the Hamil-398

ton Depression Rating Scale), covering both PHQ-399

8 and HAMD-13 scales. Dataset statistics and ex-400

perimental settings are provided in Appendix A401

and E.402

4.2 Experimental Results403

Table 1 reports results on the E-DAIC dataset, in-404

cluding both development and test performance.405

All results are averaged over multiple random seeds406

to ensure statistical robustness.407

Comparison with the state of the art. On408

E-DAIC (PHQ-8), MTSP (Full) achieves a test409

MAE of 3.48, outperforming all prior meth-410

ods. Compared to the best prior work PTTSD-411

seq2seq (Schmidt et al., 2025) (MAE 3.85), MTSP412

achieves a 9.6% relative improvement. MTSP413

also outperforms the Qwen3-14B zero-shot base-414

line (MAE 5.39, 35.4% improvement), demonstrat-415

ing that our compact model, which employs only416

12 transformer layers (with merely 2 being train-417

able) under the multi-task subscore supervision, is418

more effective than relying solely on large language419

model prompting. Ablation analysis. We con-420

duct ablation experiments across all three datasets421

(Table 2) to assess each component’s contribution.422

Dev Test

Model MAE↓ RMSE↓ MAE↓ RMSE↓

LLM Baseline:
Qwen3-14B (Zero-Shot) 5.43 5.49 5.39 5.47

Other Work on E-DAIC:
Ray et al. (2019) – 4.37 4.02 4.73
Sadeghi et al. (2023) 3.65 5.27 4.26 5.37
Sadeghi et al. (2024)
(Pr3 + Whisper) 3.17 4.51 4.22 5.07
Schmidt et al. (2025)
(s2o-MentalBERT) 3.55 4.58 4.18 5.23
Schmidt et al. (2025)
(s2s-all-MiniLM-L6-v2) 3.47 4.57 3.85 4.52

Our Methods:
MTSP (Full) 2.94 4.18 3.48 4.57

Table 1: Main results on the E-DAIC (PHQ-8) dataset.
We report mean absolute error (MAE) and root mean
squared error (RMSE) on the development and test sets.

Comparing individual contributions, the medical 423

domain prior constraint (Prior) provides the largest 424

improvement: on E-DAIC, adding Prior alone re- 425

duces MAE from 3.93 to 3.58 (8.9% improvement), 426

while adding T-SPL alone reduces MAE to 3.76 427

(4.3% improvement). Notably, combining T-SPL 428

and Prior Loss yields additional gains (MAE 3.48 429

vs. 3.58 / 3.76), demonstrating that these two mod- 430

ules are complementary because they address dif- 431

ferent aspects of the learning problem: Prior Loss 432

constrains the prediction space based on medical 433

knowledge, while T-SPL optimizes the learning 434

dynamics by scheduling tasks according to dif- 435

ficulty. Moreover, we observe that Prior alone 436

achieves MAE 3.65 (1.6% improvement) and MAE 437

3.66 (3.9% improvement) on the CIDH and PDCH 438

dataset, respectively. The larger improvements on 439

the PDCH suggest that medical domain priors are 440

especially valuable when training data is limited 441

(PDCH has only 99 samples). 442

4.3 Analysis 443

We conduct detailed analyses to investigate (1) task 444

difficulty variation and the effectiveness of self- 445

paced learning, and (2) the ability to capture fine- 446

grained symptom. 447

4.3.1 Task Difficulty Analysis 448

To understand why task-level self-paced learning 449

is effective, we analyze per-task performance on 450

PHQ-8. Figure 4 compares the task-level MAE 451

of Qwen3-14B (zero-shot), MTSP without T-SPL, 452

and MTSP with T-SPL on the E-DAIC test set. 453

The results reveal a significant difficulty dispar-
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E-DAIC (PHQ-8) CIDH (HAMD-13) PDCH (HAMD-13)

Model Variant MAE↓ RMSE↓ MAE↓ RMSE↓ MAE↓ RMSE↓

Our Ablation (MTSP Variants):
MTSP (Total Score) 4.02 4.76 3.72 4.65 4.58 5.47
MTSP (Subscore) 3.93 4.91 3.71 4.72 3.81 4.79

+ Task-Level SPL 3.76 4.82 3.66 4.64 3.74 4.73
+ Prior 3.58 4.55 3.65 4.57 3.66 4.68

MTSP (Full) 3.48 4.57 3.63 4.55 3.54 4.56

Table 2: Ablation study of MTSP variants across all three datasets. We report mean absolute error (MAE) and root
mean squared error (RMSE) of the total score on E-DAIC (PHQ-8), CIDH (HAMD-13), and PDCH (HAMD-13).

NoInterest
Depressed Sleep Tired

Appetite Failure
Concentrating Moving

PHQ-8 Subtasks

0.0

0.2

0.4

0.6

0.8

1.0

1.2

M
AE

 

Medium

Easy

Medium Medium

Hard

Medium
Hard

Medium
0.77

0.57

0.79 0.80

1.05

0.75

0.89

0.73

0.64
0.61

0.80

0.71
0.74

0.82
0.77

0.54
0.61 0.59

0.79

0.70 0.69

0.80
0.75

0.53

Average MAE:
LLM: 0.79
w/o SPL: 0.70
w/ SPL: 0.68

Task-Level MAE Comparison on PHQ-8 (E-DAIC Test Set)

Easy threshold
Medium threshold
LLM (Qwen3-14B)
MTSS w/o SPL
MTSS w/ SPL

Figure 4: The Task-level MAE comparison on PHQ-8
(E-DAIC test set). Each subscore shows three bars:
LLM (Qwen3-14B zero-shot, red), MTSP w/o SPL
(blue), and MTSP w/ SPL (green). Tasks are anno-
tated with difficulty levels based on LLM performance:
Easy (MAE < 0.65), Medium (0.65–0.80), and Hard (>
0.80). T-SPL consistently improves performance across
most subscores, especially on hard tasks like Appetite
and Concentrating.

ity across tasks. Depressed is classified as “Easy”
(MAE 0.57) because depressed mood is explic-
itly discussed in interviews. In contrast, Appetite
(MAE 1.05) and Concentrating (MAE 0.89) are
“Hard” tasks because their symptoms are often ex-
pressed implicitly and in ambiguous ways rather
than being mentioned directly. By investigating
the learning procedure of T-SPL, we find that it
learns tasks in the order of increasing task dif-
ficulty. In early epochs (pace λ = 0.2), only
easy tasks receive non-zero weights: Depressed
(w = 0.85), NoInterest (w = 0.78), and Moving
(w = 0.72) are prioritized, while hard tasks like
Appetite (w = 0) and Concentrating (w = 0) are
excluded. As training progresses and λ increases
linearly, medium-difficulty tasks (Tired, Failure,
Sleep) are incorporated around epoch 5–10, and
hard tasks enter the curriculum after epoch 10.
By epoch 15, all tasks have comparable weights
(w ≈ 0.7–0.9), allowing the model to refine pre-
dictions across all subscores. This progressive cur-
riculum prevents gradient interference from diffi-
cult tasks during early training, reducing average
MAE from 0.70 to 0.68. The improvement is es-

Subscore MTSP Qwen3-14B Improv.
MAE↓ MAE↓

NoInterest 0.61 0.91 32.5%
Depressed 0.62 0.77 19.5%
Sleep 0.86 1.08 20.0%
Tired 0.77 1.04 25.7%
Appetite 0.79 1.42 44.4%
Failure 0.77 0.93 16.6%
Concentrating 0.78 1.09 27.8%
Moving 0.54 0.95 43.8%

Average 0.72 1.04 30.5%

Table 3: The comparison between MTSP and Qwen3-
14B (zero-shot) for each subscore on E-DAIC (PHQ-8)
test set. MTSP outperforms the LLM on all 8 subscores,
with an average improvement of 30.5%.

pecially obvious on hard tasks, i.e., Appetite: 0.65
→ 0.60,Concentrating : 0.67 → 0.62.

4.3.2 Subscore analysis 454

To evaluate whether MTSP enable fine-grained sub- 455

score prediction by capturing individual symptom 456

patterns, especially for patients with identical total 457

scores, we conduct the following analyses on the 458

E-DAIC and CIDH test sets. 459

Subscore prediction performance. Table 3 re- 460

ports the comparison between MTSP and Qwen3- 461

14B (zero-shot) for each subscore on the E-DAIC 462

test set. MTSP achieves an average subscore 463

MAE of 0.72, significantly outperforming the LLM 464

(1.04). MTSP shows substantial improvements 465

across all 8 PHQ-8 subscores, with particularly 466

large gains on difficult items like Appetite (0.60 467

vs. 1.05, 43% improvement) and Concentrating 468

(0.62 vs. 0.89, 30% improvement). This shows that 469

subscore prediction under the guidance of multi- 470

task correlation is more effective in fine-grained 471

symptom assessment. 472

Subscore distribution analysis. To validate 473

that MTSP capture fine-grained subscores, Fig- 474

ure 5 shows the subscore distributions for each 475
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Figure 5: Subscore distribution comparison by to-
tal score range. Violin plots showing true (blue) vs.
predicted (red) subscore distributions for four represen-
tative subscores across different total score ranges. The
similar distribution shapes indicate that MTSP preserves
symptom heterogeneity within each severity group.

total score ranges using violin plots. For each total476

score range, we compare the true subscore distribu-477

tions (blue) with predicted distributions (red). The478

similarity in distribution shapes indicate that MTSP479

captures the underlying symptom patterns rather480

than merely predicting average values.481

To further illustrate how MTSP learns clini-482

cally meaningful representations, we visualize the483

learned features using t-SNE (Van der Maaten and484

Hinton, 2008). We extract the final-layer features485

(before the output heads) for all test samples and486

project them to 2D space. Fig. 6 shows the data487

distributions obtained by MTSP (Total Score) and488

MTSP (Subscore). Patients A (▲) and B (▲) men-489

tioned in the introduction section have the same490

total score. In Fig. 6a, for MTSP (Total Score), A491

and B are mapped close together because they share492

the same total score. In contrast, MTSP (Subscore)493

correctly separates them, recognizing their clini-494

cally distinct symptom profiles. This validates that495

MTSP (Subscore) learns representations that sepa-496

rate patients with different symptom patterns even497

when total scores are the same—a capability absent498

in total score supervision. Figure 6b provides com-499

plementary evidence by coloring points according500

to subscore pattern similarity. We project each pa-501

tient’s 13-dim subscore vector to a 1D score via502

PCA, where similar colors indicate similar symp-503

tom profiles. In MTSP (Total Score), the points504

within the same clusters exhibit varying colors. In505

contrast, MTSP (Subscore) shows that spatially506

close points share similar colors, indicating that pa-507

(a) MTSP (Total Score)
NN_00002178_S001 (score=15)
NN_00000994_S001 (score=15)

(b) MTSP (Subscore)
NN_00002178_S001 (score=15)
NN_00000994_S001 (score=15)
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(a) Colored by total score. Two patients with a total score of
15 are highlighted: A (▲) and B (▲) have different symptom
patterns.

Coherence: 0.742

(a) MTSP (Total Score)

Coherence: 0.780

(b) MTSP (Subscore)

0.0

0.2

0.4

0.6

0.8

1.0

Su
bs

co
re

 P
at

te
rn

(s
im

ila
r c

ol
or

s =
 si

m
ila

r p
at

te
rn

s)

(b) Colored by subscore pattern similarity: similar colors
indicate similar symptom profiles.

Figure 6: Data distribution visualization via t-SNE.

tients with similar symptom profiles are mapped to 508

nearby regions in the feature space. This confirms 509

that multi-task subscore supervision enables the 510

model to learn symptom-aware and discriminative 511

representations that preserve patient heterogene- 512

ity, enabling fine-grained clinical assessment that 513

captures individual patient differences. 514

5 Conclusion 515

We have proposed MTSP, a multi-task subscore 516

prediction framework for automated depression as- 517

sessment that shifts the paradigm from coarse total 518

score regression to fine-grained subscore model- 519

ing. MTSP comprises three key components: (1) 520

a multi-task prediction framework that jointly pre- 521

dicts all subscores, providing richer supervision 522

signals than single total score prediction; (2) a 523

task correlation graph with prior constraints that 524

explicitly models clinically validated symptom re- 525

lationships; and (3) task-level self-paced learning 526

that adaptively handles varying subscore difficulty 527

during training. Experiments on E-DAIC (PHQ- 528

8), CIDH (HAMD-13), and PDCH (HAMD-13) 529

datasets demonstrate that MTSP achieves state-of- 530

the-art performance, outperforming both total score 531

regression baselines and LLM scoring. These re- 532

sults suggest that fine-grained subscore modeling 533

via multi-task learning is a promising direction for 534

building clinically meaningful automated depres- 535

sion assessment systems. 536
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Limitations537

Our evaluation is limited to three datasets (E-538

DAIC, CIDH, PDCH) from specific clinical con-539

texts. While CIDH provides a relatively large540

sample (1,689 interviews), PDCH contains only541

99 samples, and E-DAIC focuses on virtual inter-542

viewer interactions rather than real doctor-patient543

consultations. Future work should validate on544

larger, more diverse populations across different545

healthcare systems.546

We assess only 13 text-based HAMD subscores,547

excluding 4 items (Depressed Mood, Retardation,548

Agitation, Depersonalization) that require direct549

behavioral observation. Extending MTSP to mul-550

timodal inputs would enable complete HAMD-551

17 assessment but requires careful handling of552

video/audio data.553

The model has not undergone prospective clin-554

ical validation. Real-world deployment would re-555

quire collaboration with psychiatrists to evaluate556

failure modes, examine potential biases across pa-557

tient subgroups, and establish appropriate clinical558

workflows. Additionally, HAMD annotations them-559

selves have known inter-rater variability, and our560

model may inherit these annotation inconsistencies.561

Finally, we emphasize that MTSP is designed as562

a clinical decision support tool, not a replacement563

for professional psychiatric evaluation. Automated564

depression assessment raises important questions565

about privacy, accountability, and the appropriate566

role of AI in mental healthcare.567
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excessive length of raw clinical transcripts (often749

exceeding 10,000 tokens), we use Baichuan-M2-750

32B (Baichuan-M2 Team et al., 2025) to gener-751

ate structured summaries for each HAMD-13 sub-752

score. Each summarized transcript contains con-753

cise descriptions relevant to all 13 HAMD sub-754

scores (see Appendix G for the summarization755

prompt). All data were collected with informed756

consent and anonymized. We use an approximate757

70/15/15 split, resulting in 1,182/253/254 samples758

for train/validation/test. All models are trained on759

the CIDH training set, and hyperparameters are760

selected on the validation set.761

PDCH (Public Depression Consultation in762

Hospital). PDCH (Cao et al., 2025) is a publicly763

available multimodal dataset containing clinical764

psychiatric interviews with HAMD-17 annotations.765

The dataset includes audio, video, and text tran-766

scripts of real doctor-patient consultations. We767

extract the 13 text-assessable tasks (excluding 4768

items requiring direct behavioral observation: De-769

pressed Mood, Retardation, Agitation, and Deper-770

sonalization/Derealization) for evaluation. We use771

a 70/15/15 split, resulting in 69/15/15 samples for772

train/validation/test.

Statistic E-DAIC CIDH PDCH

Scale PHQ-8 HAMD-13 HAMD-13
Total samples 275 1,689 99
Age range - 11–54 18–65
Gender (M/F) - 271/621 -
Subscore 8 13 13
Score range 0–24 0–36 0–36
Avg. total score - 10.2 11.4

Table 4: Summary of dataset statistics. E-DAIC uses
PHQ-8 (8 subscales), while CIDH and PDCH use
HAMD-13 (13 text-assessable subscales).

773

B Subscore Definitions774

PHQ-8 Subscores (each scored 0–3): (1) NoIn-775

terest, (2) Depressed, (3) Sleep, (4) Tired, (5)776

Appetite, (6) Failure, (7) Concentration, (8) Psy-777

chomotor.778

HAMD-13 Subscores: (1) Guilt (0–4), (2) Sui-779

cide (0–4), (3) Insomnia-initial (0–2), (4) Insomnia-780

middle (0–2), (5) Insomnia-late (0–2), (6) Work781

and Interests (0–4), (7) Psychic Anxiety (0–4), (8)782

GI Symptoms (0–2), (9) Somatic Symptoms (0–2),783

(10) Genital Symptoms (0–2), (11) Hypochondri-784

asis (0–4), (12) Weight Loss (0–2), (13) Insight785

(0–2).786

C Symptom Cluster Definitions 787

The task correlation graph is constructed based 788

on clinically validated symptom clusters (Kroenke 789

et al., 2001, 2009; Cameron et al., 2008; Bagby 790

et al., 2004; Gibbons et al., 1993). 791

PHQ-8 Clusters (3 clusters): 792

• Core Depression: Anhedonia, Depressed 793

Mood, Worthlessness 794

• Cognitive Function: Concentration, Psy- 795

chomotor 796

• Somatic Symptoms: Sleep Problems, Fatigue, 797

Appetite Changes 798

HAMD-13 Clusters (5 clusters): 799

• Cognitive: Guilt, Suicide 800

• Sleep: Insomnia-Initial, Insomnia-Middle, 801

Insomnia-Late 802

• Retardation: Work & Interests, Genital Symp- 803

toms 804

• Anxiety/Somatization: Psychic Anxiety, GI 805

Symptoms, Somatic Symptoms, Hypochon- 806

driasis, Insight 807

• Weight: Weight Loss 808

The graph structure includes two types of edges: 809

• Intra-cluster edges: Connect subscores 810

within each symptom cluster, reflecting higher 811

correlations among related symptoms. Initial- 812

ized with weight ωintra = 1.0. 813

• Inter-cluster edges: Connect subscores be- 814

tween clusters based on clinical correlations 815

(e.g., Core Depression ↔ Cognitive Func- 816

tion, Sleep ↔ Concentration). Initialized with 817

weight ωinter = 0.6. 818

D Evaluation Metrics 819

Let yi,k and ŷi,k denote the ground-truth and pre- 820

dicted scores for sample i ∈ {1, . . . ,M} and task 821

k ∈ {1, . . . ,K}. 822

• Mean Absolute Error (MAE): Our primary 823

metric, defined as 824

MAE =
1

MK

M∑
i=1

K∑
k=1

∣∣ŷi,k − yi,k
∣∣. 825
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• Root Mean Squared Error (RMSE): De-826

fined as827

RMSE =

√√√√ 1

MK

M∑
i=1

K∑
k=1

(ŷi,k − yi,k)2,828

which penalizes larger errors more heavily829

than MAE.830

• Task-level MAE: MAE computed separately831

for each task k,832

MAEk =
1

M

M∑
i=1

∣∣ŷi,k − yi,k
∣∣,833

which allows us to analyze which symptoms834

are easier or harder to predict.835

• Total Score MAE and RMSE: Error metrics836

on the summed score per interview,837

MAEtotal =
1

M

M∑
i=1

∣∣∣ K∑
k=1

ŷi,k −
K∑
k=1

yi,k

∣∣∣,838

839

RMSEtotal =

√√√√ 1

M

M∑
i=1

( K∑
k=1

ŷi,k −
K∑
k=1

yi,k

)2
,840

reflecting error at the overall severity level.841

• Task Accuracy: Exact-match accuracy, i.e.,842

the proportion of task predictions that match843

the ground-truth label, averaged over all tasks844

and samples:845

Acc =
1

MK

M∑
i=1

K∑
k=1

I
[
ŷi,k = yi,k

]
.846

E Detailed Experimental Setup847

E.1 Training Setup848

All models are trained on the respective training849

splits (E-DAIC for PHQ-8, CIDH and PDCH for850

HAMD-13), and we select hyperparameters based851

on validation performance. We use Adam opti-852

mizer with learning rate 2×10−4 and cosine anneal-853

ing learning rate schedule with minimum learning854

rate 1× 10−4. The mini-batch size is 50. We train855

for 80 epochs with early stopping (patience=15)856

based on validation total score MAE. Experiments857

are repeated with multiple random seeds, and we858

report mean and standard deviation.859

E.2 Model Configuration 860

Encoder. For the English E-DAIC dataset, we 861

use MentalBERT (Ji et al., 2022), a BERT model 862

pre-trained on mental health-related text. For the 863

Chinese HAMD-13 datasets (CIDH and PDCH), 864

we use MedBERT-Chinese (Zhang et al., 2021), 865

a BERT model pre-trained on Chinese medical 866

corpora. The BERT embedding dimension is 867

dbert=768. All experiments are conducted on a 868

single NVIDIA A100 80GB GPU. 869

Transformer encoder. MTSP uses Lenc=2 870

Transformer encoder layers with hidden dimension 871

d=200, 4 attention heads, feedforward dimension 872

4d=800, and dropout rate 0.3. 873

Task correlation graph GAT. The task correla- 874

tion graph module is configured as follows: 875

• Task embedding dimension: de=64 876

• GAT hidden dimension: dg=128 877

• Number of GAT layers: Lgat=2 878

• Number of attention heads: H=4 879

• GAT dropout rate: 0.1 880

• LeakyReLU negative slope: α=0.2 881

• Edge weight initialization: ωintra=1.0, 882

ωinter=0.6 883

• Fusion type: gated fusion 884

Loss weights. For PHQ-8, we set medical do- 885

main prior constraint weights γ1=1.0 (Core De- 886

pression), γ2=0.5 (Cognitive), γ3=0.8 (Somatic) 887

and overall constraint weight β=0.01. For HAMD- 888

13, we use five clusters with weights γ1=1.0 889

(Cognitive), γ2=0.8 (Sleep), γ3=0.6 (Retardation), 890

γ4=0.5 (Anxiety/Somatization), γ5=0.3 (Weight) 891

and β=0.01. 892

Self-paced learning. The pace parameter λspl 893

increases linearly over epochs, with task weights 894

computed using a linear pace function. We set 895

λmin=0.5 and λmax=2.0. 896

F Hyperparameter Sensitivity 897

F.1 Implementation Details 898

We implement MTSP in PyTorch with Hugging 899

Face Transformers and run all experiments on 900

NVIDIA GPUs. For E-DAIC (English), we use 901

MentalBERT (Ji et al., 2022) as the base en- 902

coder; for HAMD-13 datasets (Chinese), we use 903
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MedBERT-Chinese (Zhang et al., 2021). The904

Transformer encoder uses L = 2 layers with hid-905

den dimension dtfm = 200, 4 attention heads, and906

dropout rate 0.3. The task correlation graph mod-907

ule uses learnable task embeddings with dimen-908

sion de = 64, GAT hidden dimension dg = 128,909

Lgat = 2 GAT layers with H = 4 attention heads,910

and dropout rate 0.1. We optimize with Adam911

(learning rate 2× 10−4) using mini-batch size 50,912

and train for 80 epochs with early stopping (pa-913

tience=15) based on validation performance. For914

PHQ-8, we apply prior constraint with weights915

γ1 = 1.0, γ2 = 0.5, γ3 = 0.8 and constraint916

weight β = 0.01. Task-level self-paced learning917

uses linear lambda growth, where λmin = 0.5 and918

λmax = 2.0.919

We conducted sensitivity analysis on key hyper-920

parameters:921

Hyperparameter Range Optimal

Transformer Encoder:
Transformer layers (Lenc) 1, 2, 3 2
Hidden dimension (d) 100, 200, 300 200
Attention heads 2, 4, 8 4

Task Correlation Graph GAT:
Task embed dim (de) 32, 64, 128 64
GAT hidden dim (dg) 64, 128, 200 128
GAT layers (Lgat) 1, 2, 3 2
GAT heads (H) 2, 4, 8 4
ωcross 0.4, 0.6, 0.8 0.6
Fusion type concat, add, gate gate

Training:
Learning rate 1e-4, 2e-4, 5e-4 2e-4
Batch size 16, 32, 50 50

Table 5: Hyperparameter sensitivity analysis for MTSP

G Prompts922

G.1 Summarization Prompt (HAMD-13)923

The following prompt generates structured sum-924

maries from raw clinical transcripts using925

Baichuan-M2-32B:926

You are a professional psychiatrist.927
Analyze the clinical interview and extract928
information for HAMD-13 assessment.929

930
subscores:931
1. Guilt (self-blame feelings)932
2. Suicide (ideation or attempts)933
3. Insomnia-Initial (falling asleep)934
4. Insomnia-Middle (waking at night)935
5. Insomnia-Late (early awakening)936
6. Work/Interests (reduced interest)937
7. Psychic Anxiety (anxiety symptoms)938
8. GI Symptoms (appetite, digestion)939
9. Somatic Symptoms (fatigue)940
10. Genital Symptoms (libido loss)941

11. Hypochondriasis (health concerns) 942
12. Weight Loss (weight changes) 943
13. Insight (illness awareness) 944

945
[Transcript]: {transcript} 946

947
Output a summary for each subscore. 948

G.2 HAMD-13 Scoring Prompt 949

The prompt for Qwen3-14B zero-shot HAMD-13 950

scoring: 951

You are a psychiatrist using HAMD-13. 952
Score each subscore based on the summary. 953

954
Guidelines: 955
- Guilt (0-4): 0=absent, 4=delusions 956
- Suicide (0-4): 0=absent, 4=attempts 957
- Insomnia (0-2): 0=none, 2=nightly 958
- Work/Interests (0-4): 0=normal, 4=stopped 959
- Psychic Anxiety (0-4): 0=absent, 4=severe 960
- Somatic (0-2): 0=absent, 2=severe 961
- Hypochondriasis (0-4): 0=absent, 4=delusions 962
- Weight Loss (0-2): 0=none, 2=obvious 963
- Insight (0-2): 0=aware, 2=denies 964

965
[Summary]: {summary} 966

967
Output JSON: {"Guilt": X, "Suicide": X, ...} 968

G.3 PHQ-8 Scoring Prompt 969

The prompt for Qwen3-14B zero-shot PHQ-8 scor- 970

ing: 971

# Task: 972
Based on the given interview conversation 973
excerpts with the patient, assign a PHQ-8 974
score (0-3) for each of the 8 factors below. 975

976
If a factor is not explicitly mentioned in 977
the interview, you must still estimate a 978
reasonable score by inferring from the 979
overall patient situation and context. 980

981
# PHQ-8 items and scoring rules: 982
Over the last 2 weeks, how often has the 983
patient been bothered by the following? 984

985
# Items: 986
1. NoInterest - Little interest or pleasure 987

in doing things. 988
2. Depressed - Feeling down, depressed, 989

or hopeless. 990
3. Sleep - Trouble falling or staying asleep, 991

or sleeping too much. 992
4. Tired - Feeling tired or having 993

little energy. 994
5. Appetite - Poor appetite or overeating. 995
6. Failure - Feeling bad about yourself, 996

or that you are a failure. 997
7. Concentrating - Trouble concentrating 998

on things. 999
8. Moving - Moving or speaking so slowly 1000

that others noticed, or being fidgety. 1001
1002

# Each PHQ-8 item is rated on a 4-point scale: 1003
0 = Not at all 1004
1 = Several days 1005
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2 = More than half the days1006
3 = Nearly every day1007

1008
[Transcript]: {transcript}1009

1010
# Response Format:1011
Output all 8 factors in this format:1012
- NoInterest: 01013
- Depressed: 01014
- Sleep: 01015
- Tired: 01016
- Appetite: 01017
- Failure: 01018
- Concentrating: 01019
- Moving: 01020
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