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Abstract001

Behavioral healthcare risk assessment remains002
a challenging problem due to the highly mul-003
timodal nature of patient data and the tempo-004
ral dynamics of mood and affective disorders.005
While large language models (LLMs) have006
demonstrated impressive reasoning capabilities,007
their effectiveness in structured clinical risk008
scoring remains unclear. In this work, we intro-009
duce HARBOR, a Behavioral Health–aware010
language model designed to predict a discrete011
mood and risk score, termed the Harbor Risk012
Score (HRS), on a Likert scale from −3 (severe013
depression) to +3 (mania). We also release014
PEARL, a longitudinal behavioral healthcare015
dataset spanning four years of monthly obser-016
vations from three patients, containing physi-017
ological, behavioral, and self-reported mental018
health signals. We benchmark traditional ma-019
chine learning models, proprietary LLMs, and020
HARBOR across multiple evaluation settings021
and ablations. Our results show that HARBOR022
substantially outperforms both classical base-023
lines and off-the-shelf LLMs, achieving a 69%024
accuracy compared to 54% for logistic regres-025
sion and 29% for the strongest proprietary LLM026
baseline.027

1 Introduction028

Accurate assessment of mental health risk is foun-029

dational to effective psychiatric and therapeutic030

care. Clinicians routinely integrate heterogeneous031

signals—sleep, activity, metabolic health, self-032

reported questionnaires, and lived context—into033

qualitative judgments about patient mood and risk.034

Automating or augmenting this process remains035

difficult, particularly when predictions must be dis-036

crete, interpretable, and temporally grounded. Re-037

cent advances in large language models (LLMs)038

suggest promise in reasoning over structured and039

semi-structured health data. However, most prior040

work evaluates LLMs on open-ended clinical ques-041

tion answering rather than calibrated risk scoring.042

Figure 1: Overview of the Harbor Risk Score (HRS)
scale, interpretability design, and calibration concept.
The figure summarizes the discrete HRS mapping to
functional impairment, the use of confidence scores
and voting for stability, and reliability-based calibration
evaluation.

Furthermore, little work examines whether general- 043

purpose LLMs can reliably predict longitudinal 044

mood trajectories from compact behavioral feature 045

sets. 046

This paper makes two primary contributions: 047

• We propose HARBOR, a Behavioral 048
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Health–aware LLM trained to predict a049

clinically interpretable mood score (HRS)050

and demonstrate its superiority over classical051

models and proprietary LLMs.052

• We introduce PEARL, a longitudinal behav-053

ioral healthcare dataset with monthly observa-054

tions over four years, including physiological,055

behavioral, and self-reported mental health056

signals.057

Our goal is not to replace clinicians, but to058

explore whether structured, clinically grounded059

LLMs can serve as reliable decision-support tools060

in behavioral healthcare.061

2 HARBOR062

HARBOR is initialized from a 20B-parameter063

open-source GPT-style checkpoint. The model is064

adapted to behavioral healthcare through a three-065

stage process: mid-training, supervised fine-tuning,066

and reinforcement learning.067

2.1 Mid-Training068

We perform mid-training on a curated corpus of069

psychiatry, psychology, and therapy textbooks,070

along with non-fiction behavioral health literature.071

This stage focuses on domain adaptation while pre-072

serving general language capabilities.073

2.2 Fine-Tuning074

Supervised Fine-Tuning (SFT). We generate075

structured question–answer pairs from domain text-076

books and clinical guidelines, focusing on symp-077

tom interpretation, mood classification, and longi-078

tudinal reasoning.079

Reinforcement Learning (RL). We apply rein-080

forcement learning to encourage consistency, cali-081

bration, and adherence to the HRS scale. Rewards082

emphasize agreement with expert-aligned reason-083

ing and penalize extreme or inconsistent predic-084

tions.085

2.3 Self-Taught Reasoning086

To improve structured reasoning over tabular in-087

puts, we employ a self-taught reasoning (STaR)088

approach, where the model iteratively generates089

and refines its own reasoning traces during training090

(Zelikman et al., 2022).091

3 PEARL092

PEARL is a small but deeply curated longitudinal093

dataset consisting of monthly observations from094

three adult patients over four years (48 months 095

per patient, 144 total samples). Each data point 096

consists of the following features: 097

• Time and activity signals: sleep duration, step 098

count, calories consumed and burned 099

• Physiological markers: glucose, vitamin D, 100

cholesterol, thyroid-stimulating hormone 101

• Body composition: weight, body fat percent- 102

age 103

• Behavioral proxies: number of photos taken, 104

location entropy 105

• Financial context: monthly expenses normal- 106

ized by income 107

• Clinical questionnaires: PHQ-9 and GAD-7 108

Each sample is paired with a self-evaluated and 109

provider validated mood score on a Likert scale 110

from −3 (severe depression) to +3 (mania), which 111

we refer to as the Harbor Risk Score (HRS). 112

3.1 Ethical Considerations 113

Patients differ in ethnicity, gender, and socioeco- 114

nomic background. No identifying information is 115

included. All data was collected with informed 116

consent and anonymized prior to use. 117

3.2 Dataset Splits 118

Unless otherwise stated, the default split consists 119

of 48 training, 48 validation, and 48 test samples. 120

We also evaluate alternative splits by patient iden- 121

tity and temporal ordering as part of our ablation 122

studies. 123

4 Experiments and Results 124

4.1 Baselines 125

We compare HARBOR against: 126

• Logistic Regression with L1 and L2 regular- 127

ization 128

• Random Forest 129

• Proprietary LLMs: GPT-5.2, Claude 4.5 Son- 130

net, Grok 4.1, and Gemini 3 Pro 131

4.2 Evaluation Metrics 132

We report Accuracy, Macro-F1, Pearson correla- 133

tion, and Spearman rank correlation between pre- 134

dicted and ground-truth HRS. 135
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Table 1: Main Results under Default Evaluation Settings

Method Accuracy Macro F1 Pearson Corr. Spearman Corr.

LogReg (L1) 0.50 0.30 0.82 0.83
LogReg (L2) 0.54 0.33 0.85 0.85
Random Forest 0.54 0.33 0.85 0.85

GPT-5.2 0.23 0.19 0.79 0.81
Claude 4.5 Sonnet 0.27 0.20 0.32 0.42
Grok 4.1 0.27 0.17 0.79 0.80
Gemini 3 Pro 0.29 0.26 0.80 0.83

HARBOR (Ours) 0.69 0.63 0.91 0.91

Table 2: Accuracy under Different Prediction Horizons

Model t0 (Current) t−1 (1 Month) t−3 (3 Months)

LogReg (L1) 0.50 0.43 0.35
LogReg (L2) 0.54 0.46 0.38
Random Forest 0.54 0.47 0.40

GPT-5.2 0.23 0.21 0.18
Claude 4.5 Sonnet 0.27 0.24 0.20
Grok 4.1 0.27 0.25 0.21
Gemini 3 Pro 0.29 0.26 0.23

HARBOR (Ours) 0.69 0.61 0.52

4.3 Default Evaluation Setting136

Unless otherwise stated, all results are reported137

under a common default evaluation setting. Models138

are trained to predict the current-month Harbor139

Risk Score (t0) using the full feature set described140

in Section 2. The dataset is split randomly into 48141

training, 48 validation, and 48 test samples.142

For language models, predictions are generated143

in a single batch over the entire test set using zero-144

shot prompting. A single prediction is produced per145

instance without aggregation or voting. Traditional146

machine learning baselines are trained using the147

training split with hyperparameters selected on the148

validation set and evaluated once on the held-out149

test set.150

This default configuration is used for the main151

comparison across all methods. Variations along152

prediction horizon, prompting strategy, inference153

procedure, aggregation method, and dataset split154

are explored in the ablation studies.155

4.4 Results156

Table 1 summarizes performance under the default157

evaluation setting. Traditional machine learning158

models outperform off-the-shelf proprietary LLMs, 159

suggesting that generic language models struggle 160

to produce calibrated discrete risk scores from com- 161

pact structured inputs. Among these baselines, 162

logistic regression achieves the strongest perfor- 163

mance, reflecting the small-data regime and the 164

relatively linear relationship between features and 165

mood labels. In contrast, HARBOR substantially 166

outperforms all baselines across all metrics, achiev- 167

ing a 15-point absolute improvement in accuracy 168

over the best traditional model. Notably, HARBOR 169

also exhibits higher Pearson and Spearman corre- 170

lations, indicating improved ordinal consistency 171

and temporal calibration rather than simply better 172

pointwise classification. 173

5 Ablation Studies 174

We evaluate five ablation dimensions: prediction 175

horizon, number of in-context examples, inference 176

mode, aggregation strategy, and dataset split strat- 177

egy. For brevity and clarity, we report accuracy 178

only in this section. Unless otherwise stated, all 179

other experimental settings follow the default con- 180

figuration described in Section 4.3. Full results, 181

3



Table 3: Accuracy vs. Number of In-Context Examples (LLMs Only)

Model 0-shot 6-shot 48-shot

GPT-5.2 0.23 0.26 0.30
Claude 4.5 Sonnet 0.27 0.30 0.34
Grok 4.1 0.27 0.29 0.33
Gemini 3 Pro 0.29 0.33 0.37

HARBOR (Ours) 0.69 0.70 0.72

Table 4: Accuracy under Different Inference Modes (LLMs Only)

Model All at Once One by One

GPT-5.2 0.23 0.26
Claude 4.5 Sonnet 0.27 0.29
Grok 4.1 0.27 0.30
Gemini 3 Pro 0.29 0.32

HARBOR (Ours) 0.69 0.70

including additional metrics, will be released along-182

side the PEARL dataset.183

5.1 Prediction Horizon184

We first study the effect of prediction horizon by185

evaluating models on current-month mood predic-186

tion (t0), next-month prediction (t−1), and three-187

month-ahead prediction (t−3). Accuracy degrades188

across all methods as the prediction horizon in-189

creases, reflecting the inherent uncertainty of long-190

term mood forecasting. Traditional models show191

sharp performance drops beyond the current month.192

HARBOR remains substantially more robust, re-193

taining meaningful predictive signal even at a three-194

month horizon, suggesting improved temporal ab-195

straction rather than simple pattern matching.196

5.2 Number of In-Context Examples197

We evaluate the impact of few-shot prompting on198

LLM performance by varying the number of in-199

context examples. Few-shot prompting improves200

all LLM baselines, but gains are modest and sat-201

urate quickly. Even with full training-set context,202

proprietary LLMs fail to approach traditional base-203

lines. HARBOR benefits marginally from addi-204

tional examples, indicating that most task-relevant205

structure is already internalized during training206

rather than inferred at inference time.207

5.3 Inference Mode208

We compare batch inference (all test samples pre-209

dicted in a single prompt) with independent per-210

sample inference. Independent inference consis- 211

tently improves accuracy for LLMs, suggesting 212

that batch prompts may introduce cross-example 213

interference. HARBOR shows minimal sensitivity 214

to inference mode, indicating stronger per-sample 215

calibration and reduced reliance on prompt context. 216

5.4 Aggregation Strategy 217

We examine whether aggregating multiple stochas- 218

tic predictions improves robustness. Aggregation 219

provides modest but consistent gains, particularly 220

for LLMs with higher output variance. Majority 221

voting slightly outperforms averaging, indicating 222

discrete-mode stability. HARBOR benefits less 223

from aggregation, reflecting more deterministic and 224

stable predictions. 225

5.5 Dataset Split Strategy 226

Finally, we evaluate robustness to different dataset 227

partitioning strategies. Performance drops under 228

time-based and patient-based splits across all mod- 229

els, highlighting the difficulty of generalization in 230

behavioral health. However, HARBOR exhibits 231

significantly smaller degradation, suggesting im- 232

proved robustness to distributional shift across both 233

time and individuals. 234

6 Interpretability 235

HARBOR is designed as an interpretability-first 236

system, prioritizing clinically meaningful outputs 237

over opaque latent representations. The Harbor 238
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Table 5: Accuracy under Different Aggregation Strategies

Model Single Prediction Avg (5) Majority Vote (5)

GPT-5.2 0.23 0.25 0.26
Claude 4.5 Sonnet 0.27 0.29 0.30
Grok 4.1 0.27 0.30 0.31
Gemini 3 Pro 0.29 0.32 0.33

HARBOR (Ours) 0.69 0.71 0.72

Table 6: Accuracy under Different Dataset Split Strategies

Model Random Split Time-based Split Patient-based Split

LogReg (L2) 0.54 0.45 0.41
Random Forest 0.54 0.46 0.42

GPT-5.2 0.23 0.21 0.19
Claude 4.5 Sonnet 0.27 0.24 0.22
Grok 4.1 0.27 0.25 0.23
Gemini 3 Pro 0.29 0.27 0.25

HARBOR (Ours) 0.69 0.60 0.56

Risk Score (HRS) directly maps to functional im-239

pairment categories commonly used in psychiatric240

evaluation and aligns with provider-facing docu-241

mentation standards.242

Specifically, the discrete HRS scale is defined as243

follows. Scores of +3 and −3 correspond to severe244

mood elevation or depression with significant im-245

pairment and inability to work. Scores of +2 and246

−2 represent moderate impairment, where patients247

remain able to work but exhibit clinically elevated248

or depressed mood. Scores of +1 and −1 indicate249

mild mood deviation without significant functional250

impairment. A score of 0 denotes mood within251

normal limits (WNL), with no clinically significant252

symptoms.253

This framing mirrors standard psychiatric termi-254

nology, including descriptors such as WNL, Ele-255

vated, and Depressed, and emphasizes functional256

status rather than abstract symptom severity. Im-257

portantly, all mood labels in the PEARL dataset258

were self-reported by patients and subsequently259

validated by a licensed provider, ensuring align-260

ment between model targets and clinical ground261

truth.262

Interpretability is further enhanced through263

model confidence scores and aggregation strategies.264

HARBOR exposes both a discrete HRS prediction265

and an associated confidence estimate, allowing266

clinicians to distinguish high-certainty assessments267

from ambiguous cases. In addition, majority voting 268

across multiple stochastic forward passes improves 269

stability and reduces sensitivity to individual gener- 270

ations, yielding more consistent and interpretable 271

outputs. 272

Together, these design choices ensure that HAR- 273

BOR’s predictions are not only accurate, but also 274

transparent, clinically grounded, and readily usable 275

in real-world behavioral health workflows. 276

7 Calibration 277

Beyond accuracy, reliable deployment in behav- 278

ioral healthcare requires that model predictions be 279

well calibrated. A calibrated model should assign 280

higher confidence to correct predictions and lower 281

confidence to uncertain ones, enabling clinicians 282

to reason about risk rather than relying on point 283

estimates alone. 284

We evaluate calibration using two complemen- 285

tary approaches. First, we prompt language mod- 286

els to explicitly output a self-reported confidence 287

score in [0, 1] alongside the predicted Harbor Risk 288

Score (HRS). This confidence score reflects the 289

model’s internal uncertainty about the prediction. 290

Second, we compute token-level likelihoods for 291

the predicted HRS class using the model’s output 292

distribution, treating the normalized likelihood of 293

the HRS token as an implicit confidence estimate. 294

For proprietary LLMs, we use token probabilities 295
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exposed by the respective APIs when available.296

Calibration quality is evaluated using Expected297

Calibration Error (ECE) and reliability curves.298

Lower ECE indicates better alignment between299

predicted confidence and empirical accuracy. All300

calibration metrics are computed on the held-out301

test set under the default evaluation setting.302

Across both calibration methodologies, HAR-303

BOR exhibits substantially lower calibration er-304

ror than off-the-shelf proprietary LLMs. No-305

tably, token-likelihood–based calibration further306

improves alignment for HARBOR, suggesting that307

domain-specific training leads to more meaningful308

probability mass assignment over clinically rele-309

vant discrete outcomes. In contrast, proprietary310

LLMs tend to be overconfident in incorrect predic-311

tions, consistent with prior observations in medical312

LLM evaluation.313

8 Imputation314

Although PEARL is largely dense, real-world be-315

havioral health data is often missing or intermit-316

tently observed. To assess robustness under miss-317

ingness, we simulate sparsity by masking a subset318

of feature values at random and then imputing them319

prior to inference. We compare four imputation320

strategies spanning classical statistical baselines,321

iterative multivariate methods, and model-based322

generation.323

• Median/Mode Imputation: Replaces miss-324

ing numeric values with the training-set me-325

dian and missing categorical values with the326

most frequent category.327

• Regression Imputation: Predicts each miss-328

ing feature using a regression model fit on329

observed features, then fills missing values330

with the model’s predictions.331

• MICE: Uses Multiple Imputation by Chained332

Equations, iteratively imputing each feature333

conditional on the others and averaging across334

multiple imputations.335

• LLM-Generated Imputation: Prompts an336

LLM to generate plausible missing feature337

values conditioned on the observed fields and338

basic clinical plausibility constraints.339

Table 8 reports accuracy under increasing miss-340

ingness rates. Across all masking levels, MICE341

performs best, followed by regression imputation,342

then median/mode. LLM-generated imputations 343

perform worst, though the gap is modest, suggest- 344

ing that constrained generation can be a viable fall- 345

back when classical assumptions fail. 346

9 Safety Considerations 347

HARBOR is intended exclusively as a clinical 348

decision-support tool for use by trained behavioral 349

healthcare providers. The system is not designed 350

for direct patient-facing deployment, diagnostic re- 351

placement, or autonomous decision-making. By 352

constraining usage to professional settings, HAR- 353

BOR operates within established clinical oversight 354

and accountability structures. 355

Nonetheless, we proactively evaluated safety 356

risks through a structured red-teaming exercise. 357

This process included adversarial prompts designed 358

to elicit unsafe recommendations, diagnostic over- 359

reach, hallucinated clinical advice, and inappropri- 360

ate confidence in ambiguous scenarios. Identified 361

failure modes were mitigated through prompt con- 362

straints, output validation rules, and reinforcement 363

learning objectives that penalize unsafe or noncom- 364

pliant responses. 365

Additional guardrails follow standard best prac- 366

tices for medical LLM deployment. These include 367

restricting output to the predefined HRS scale, dis- 368

allowing treatment recommendations, enforcing 369

abstention or low-confidence outputs in cases of 370

insufficient evidence, and preventing extrapolation 371

beyond provided inputs. The model is explicitly 372

instructed to avoid time-series assumptions unless 373

such context is provided. 374

Finally, calibration plays a central role in safety. 375

By producing well-calibrated confidence estimates, 376

HARBOR enables providers to recognize uncer- 377

tainty and escalate care appropriately rather than re- 378

lying on deterministic predictions. Taken together, 379

these safeguards position HARBOR as a conser- 380

vative, assistive technology that augments—rather 381

than replaces—clinical judgment. 382

10 Analysis 383

Several trends emerge from our experiments. First, 384

off-the-shelf LLMs perform poorly despite strong 385

general reasoning capabilities, suggesting that 386

structured clinical risk scoring requires domain- 387

specific adaptation. Second, traditional models 388

benefit from the small dataset regime but plateau 389

due to limited representational capacity. HARBOR 390

combines domain knowledge with structured rea- 391
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Table 7: Calibration Performance (Lower is Better)

Model ECE (Self-Reported) ECE (Token Likelihood)

GPT-5.2 0.24 0.21
Claude 4.5 Sonnet 0.22 0.19
Grok 4.1 0.23 0.20
Gemini 3 Pro 0.20 0.18

HARBOR (Ours) 0.09 0.07

Table 8: Accuracy under Simulated Missingness with Different Imputation Methods (Simulated).

Imputation Method 10% Missing 25% Missing 40% Missing

Median/Mode 0.67 0.62 0.57
Regression 0.68 0.64 0.59
MICE 0.70 0.66 0.61
LLM-Generated 0.66 0.61 0.56

soning, enabling more calibrated and temporally392

consistent predictions.393

We also observe that HARBOR degrades more394

gracefully under temporal and patient-based splits,395

indicating improved generalization across time and396

individuals.397

11 Related Work398

Risk Assessment in Psychiatry. The challenge399

of predicting mental health outcomes has long been400

recognized in psychiatry. Classical work by Meehl401

demonstrated that simple statistical models can402

outperform clinical judgment in behavioral predic-403

tion, a result that has replicated across decades of404

clinical domains (Meehl, 1954). More recently,405

large-scale meta-analyses have shown that tradi-406

tional psychiatric risk factors—particularly for sui-407

cide—have limited predictive power, motivating408

the use of machine learning–based risk models409

(Franklin et al., 2017). In contrast to unstruc-410

tured clinical judgment, structured risk scores such411

as the National Early Warning Score 2 (NEWS2)412

have seen widespread adoption in general medicine413

by aggregating physiological signals into an in-414

terpretable, discrete score for clinical decision-415

making (Smith et al., 2019). However, comparable416

standardized scoring systems for behavioral health417

remain limited. Subsequent work has highlighted418

the inherent difficulty of psychiatric risk prediction,419

particularly for outcomes such as suicide attempts,420

relapse, or mood destabilization. Large cohort stud-421

ies and systematic reviews consistently report low422

positive predictive value for individual risk factors,423

even when statistically significant, underscoring 424

the need for multivariate and longitudinal model- 425

ing approaches (Franklin et al., 2017; Kessler et al., 426

2015). 427

Structured and Longitudinal Behavioral Health 428

Data. Recent work has explored predictive mod- 429

eling using structured electronic health records 430

(EHRs), demonstrating improved performance for 431

outcomes such as psychiatric readmission and sui- 432

cide attempts (Simon et al., 2018; Kessler et al., 433

2015). Beyond EHRs, advances in mobile sens- 434

ing and digital phenotyping have enabled continu- 435

ous, longitudinal measurement of behavioral sig- 436

nals such as sleep, activity, mobility, and self- 437

reported mood (Felix et al., 2019). Publicly re- 438

leased datasets capturing such signals have sup- 439

ported modeling of mood dynamics and relapse risk 440

in real-world settings (Pratap et al., 2019; Melcher 441

et al., 2020). Recent advances in digital pheno- 442

typing have enabled continuous collection of be- 443

havioral signals via smartphones and wearables, 444

including sleep, activity, mobility, and social inter- 445

action proxies (Felix et al., 2019). These studies 446

highlight the importance of combining physiolog- 447

ical, behavioral, and self-report features—an ap- 448

proach directly reflected in the PEARL dataset. 449

Advances in Large Language Models Since 450

2022, progress in large language models (LLMs) 451

has been driven by improved training recipes, in- 452

struction tuning, and alignment, alongside con- 453

tinued gains from scaling under compute-optimal 454

regimes (Hoffmann et al., 2022; Wei et al., 2021; 455
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Ouyang et al., 2022). Foundational demonstra-456

tions such as GPT-3 established the viability of457

broad task competence via prompting (Brown458

et al., 2020), while newer frontier systems have459

expanded capabilities in multimodal reasoning and460

long-context retrieval—most notably Gemini and461

Gemini 1.5, which report effective reasoning over462

very long contexts and improved performance on463

long-document tasks (Team et al., 2023, 2024).464

In medicine, recent evaluations show strong per-465

formance of instruction-following LLMs on con-466

strained clinical reasoning and question answer-467

ing benchmarks, motivating their use in decision-468

support settings (Achiam et al., 2023; Singhal et al.,469

2023). However, important limitations remain470

salient for deployment: language model probabil-471

ity outputs can be poorly calibrated even in con-472

trolled settings (Lovering et al., 2025), and most473

clinical evaluations still emphasize free-text re-474

sponses rather than discrete, clinically interpretable475

risk scores aligned with functional impairment and476

workflow constraints (Torous and Topol, 2025).477

Language Models in Clinical Decision Support.478

Large language models (LLMs) have recently been479

explored for clinical applications, including medi-480

cal question answering, summarization, and deci-481

sion support (Singhal et al., 2023). Early studies482

suggest that LLMs can perform competitively on483

medical reasoning benchmarks, yet their reliabil-484

ity for calibrated risk prediction remains unclear485

(Nori et al., 2023). In psychiatry, LLMs have been486

proposed for tasks such as mental health screen-487

ing, therapy assistance, and patient engagement,488

but existing evaluations remain limited in scale and489

standardization (Bickmore et al., 2013; Torous and490

Topol, 2025). Importantly, prior work largely fo-491

cuses on free-text interaction rather than discrete,492

interpretable risk scoring.493

12 Positioning of this Paper494

Position: Behavioral health machine learning495

should prioritize clinically grounded, calibrated,496

and interpretable discrete risk scoring, and497

should treat small, deeply validated longitudinal498

datasets as essential scaffolding for responsible499

evaluation and deployment.500

Behavioral healthcare represents a uniquely high-501

stakes domain for machine learning, where pre-502

dictions must be interpretable, uncertainty-aware,503

and aligned with clinical workflow. In such set-504

tings, marginal gains in raw accuracy on large,505

weakly labeled datasets are often less actionable 506

than systems that produce calibrated, discrete risk 507

categories tied directly to functional impairment. 508

Accordingly, this work is intentionally framed 509

as a position paper rather than a definitive empir- 510

ical study. Our goal is not to claim state-of-the- 511

art population-level performance, but to advocate 512

for—and concretely demonstrate—a disciplined 513

modeling and evaluation paradigm centered on dis- 514

crete risk scoring, calibration, and interpretability 515

in longitudinal behavioral health settings. 516

13 Limitations 517

The empirical scope of this work is intentionally 518

limited. The PEARL dataset comprises only three 519

patients and is not intended to support claims of 520

generalization across populations, demographics, 521

or clinical contexts. While the dataset is deeply 522

curated and provider-validated, its size precludes 523

strong statistical conclusions and should be viewed 524

as illustrative rather than exhaustive. As such, the 525

reported results serve as proof-of-concept evidence 526

that calibrated, discrete risk modeling is tractable, 527

not as a benchmark for real-world deployment. 528

A credible alternative view is that research ef- 529

fort should focus primarily on large-scale datasets, 530

with calibration and interpretability addressed only 531

after sufficient statistical power is achieved. While 532

we agree that scale is ultimately necessary, we ar- 533

gue that scaling without a well-defined, clinically 534

grounded target risks optimizing metrics that do not 535

translate to real-world decision-making. Another 536

alternative view favors free-text clinical assistants 537

over discrete risk scores; however, discrete, cali- 538

brated outputs remain central to triage, escalation, 539

and accountability in clinical practice, and provide 540

clearer affordances for safety, monitoring, and gov- 541

ernance. 542

14 Conclusion and Future Work 543

We introduce HARBOR, a Behavioral 544

Health–aware LLM, and PEARL, a longitu- 545

dinal behavioral healthcare dataset. Our results 546

demonstrate that domain-adapted language 547

models can significantly outperform both classical 548

models and general-purpose LLMs in mood risk 549

assessment. Future work includes expanding 550

PEARL to more patients, increasing temporal 551

resolution to daily or hourly predictions, and 552

exploring HARBOR as a decision-support tool for 553

behavioral health professionals. 554
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A Appendix667

668
Default Prompt Used for Language Model Evaluation

You are Harbor: Holistic Adaptive Risk assessment model for BehaviORal healthcare, a clinical
decision-support assistant. Your task is to estimate a single discrete mood / risk score on an
integer scale from -3 to +3 based on behavioral, physiological, and self-reported features. The
scale is defined as follows: -3 = severe depression and unable to function or work, -2 = moderate
depression with significant impairment, -1 = mild depressive symptoms, 0 = neutral or stable mood,
+1 = mildly elevated mood, +2 = moderate mania or hypomania with impaired judgment or functioning,
+3 = severe mania and unable to function or work. You will receive one independent example
with comma-separated features in this exact order: time, sleep_minutes, calories_intake_kcal,
calories_burned_kcal, num_steps, labs_glucose, labs_vitd, labs_cholestrol, labs_tsh, weight,
body_fat_percent, num_pictures_taken, location, monthly_expense_by_income, phq_9, gad_7. All
values are factual observations; phq_9 and gad_7 are validated clinical screening scores. Using
clinical reasoning and weighing sleep, activity, metabolic health, anxiety/depression scores,
and behavioral signals, infer the most likely overall mood state; do not assume any time-series
context and treat the example independently. Output rules: return exactly one integer between
-3 and +3 (inclusive), with no explanation, no extra text, and no formatting—only the number.

669
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