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Abstract

Research Domain Criteria (RDoC) is a Na-
tional Institute of Mental Health framework
for studying mental disorders by integrating
information across genetics, circuits, and be-
havior. Manually curating biomedical abstracts
relevant to RDoC is a significant challenge due
to semantically overlapping construct defini-
tions (e.g., "Acute Threat," "Potential Threat,"
and "Sustained Threat") and the exponential
growth of biomedical literature. This study
compares two modeling strategies, domain-
adapted fine-tuning and in-context prompting,
across two RDoC-related subtasks from the of-
ficial BioNLP-OST 2019 RDoC shared task.
For Task 1, unlabeled PubMed abstracts are re-
trieved and ranked by relevance to eight of the
RDoC constructs. We compare a TF-IDF base-
line against ModernBERT and Llama (zero-
shot and five-shot) using Mean Average Pre-
cision (MAP). For Task 2, the objective is
to identify the single most relevant sentence
from an abstract for a given construct, evalu-
ated using per-construct accuracy. The fine-
tuning track performs end-to-end fine-tuning of
BioBERT, PubMedBERT, ModernBERT, and
RoBERTa using a cross-encoder input format
and per-construct grid search. These are com-
pared against the in-context learning of sev-
eral open-source language models. Both our
approaches are competitive against the best-
performing team’s score from the BioNLP-
OST 2019 RDoC shared task. Taken together,
these findings suggest that five-shot prompted
LLMs and domain-adapted fine-tuned trans-
formers are viable tools for semi-automating
the expert annotation in RDoC curation.

1 Introduction

The exponential growth of biomedical literature
poses a significant challenge for mental health and
psychiatric researchers and clinicians. PubMed
searches for foundational concepts yield results at a
scale that makes manual review unmanageable. For
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example, as of April 2026, the keyword “brain” re-
turns over 2.5 million articles, “depression” returns
724Kk articles, and "anxiety" yields 397k articles.
This challenge is further intensified by the National
Institute of Mental Health’s adoption of the Re-
search Domain Criteria (RDoC) framework (Insel
etal., 2010), which marks a paradigm shift from tra-
ditional diagnostic models such as the Diagnostic
and Statistical Manual of Mental Disorders (DSM)
and the International Classification of Diseases
(ICD), to a dimensional, biologically-informed ap-
proach to understanding mental disorders. RDoC is
comprehensive yet complex, encompassing six ma-
jor domains of human functioning subdivided into
constructs and sub-constructs. Because most of the
existing biomedical literature reports (or have been
curated) within DSM-ICD terminology, it must be
systematically remapped to RDoC concepts, a pro-
cess that is neither practical nor scalable without
computational support.

Effective RDoC-based literature curation re-
quires at least two complementary capabilities. The
first is information retrieval (IR): given an RDoC
construct, identifying and ranking abstracts from a
large corpus that are relevant to it. The second is
extracting the most relevant evidence, i.e., sentence
extraction (SE): given a relevant abstract, pinpoint
the specific sentence(s) that most directly support
that construct. These capabilities correspond to
the two subtasks established at the BioNLP-OST
2019 shared task (Anani et al., 2019) Task 1 (ab-
stract ranking, evaluated via Mean Average Preci-
sion) and Task 2 (sentence extraction, evaluated
via per-abstract accuracy), which together define a
benchmark for end-to-end RDoC-based literature.

This current study evaluates two computational
paradigms across the two aforementioned tasks.
For Task 1, the fine-tuning track compares pre-
trained and fine-tuned BERT family encoders as
semantic relevance rankers, while the in-context
learning track evaluates LLaMA 3.1 (8B) under
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zero-shot and few-shot strategies.

For Task 2, the in-context learning track ap-
plies five small open-source large language models:
LLaMA 3.1 (8B), Mistral (7B), Qwen 2.5 (7B),
Phi-3 (3.8B), and Gemma 2 (9B) under zero-shot
and few-shot strategies with dynamic example se-
lection including based-on TF-IDF, BM25, and sen-
tence embeddings; and the fine-tuning track trains
four pre-trained transformer encoders: BioBERT,
PubMedBERT, RoBERTa, and ModernBERT as
per-construct cross-encoder classifiers that jointly
encode a construct description and a candidate sen-
tence to produce a binary relevance judgment.

By systematically comparing in-context prompt-
ing and supervised fine-tuning, we aim to provide
actionable guidance for practitioners seeking to au-
tomate RDoC literature curation and to assess the
extent to which modern LLMs and fine-tuned trans-
formers can help reduce the expert-annotation bot-
tleneck that has historically constrained progress in
this domain (Anani et al., 2019). The RDoC bench-
mark presents particular challenges not addressed
in general-domain NLP settings. The relatively
small per-construct training sets and highly over-
lapping construct semantics make it a demanding
low-resource evaluation environment.

This paper makes three main contributions: (1)
We present the first systematic comparison of in-
context learning and supervised fine-tuning across
both RDoC Task 1 (abstract ranking) and Task 2
(sentence extraction), using the original BioNLP-
OST 2019 evaluation protocol, (2) We show that
few-shot prompting with small open-source LLMs
achieves competitive performance with domain-
adapted transformers, narrowing the gap to the
shared-task best system with no parameter up-
dates, and (3) We provide an empirical analysis
demonstrating that lexical example selection (TF-
IDF/BM25) consistently competes with dense em-
beddings for construct-specific prompting in the
RDoC setting.

2 Related Work

Biomedical literature curation related to mental
health and brain sciences remains a recognized bot-
tleneck in scientific research (Anani et al., 2020).
While traditional keyword-matching techniques
like TF-IDF (Manning et al., 2008) establish strong
initial retrieval baselines, domain-specific extrac-
tion requires specialized approaches. To address
this, the 2019 BioNLP-OST RDoC Task introduced

the inaugural benchmark competition to identify
the concepts of Research Domain Criteria (RDoC)
in biomedical abstracts (Anani et al., 2019). For
abstract ranking (Task 1), Chaudhary et al. (Chaud-
hary et al., 2019) established the top benchmark
(MAP 0.86) using a multi-grain neural relevance
ranking system that integrated neural topic mod-
els with attention-based sentence interactions. For
sentence extraction (Task 2), Laden et al. (2020)
developed RDoCer, combining TF-IDF document
scoring with a supervised ensemble of lexical and
structural features. This approach achieved an accu-
racy of 0.48, ranking first on the Sustained Threat.

In the years that followed, research shifted to-
ward domain-specific transformer architectures, no-
tably with Naseem et al. (Naseem et al., 2022), who
demonstrated that BlIoALBERT could surpass sev-
eral prior supervised benchmarks by leveraging
parameter-efficient pretraining on large biomedi-
cal corpora. As the field entered the era of Large
Language Models (LLMs), Chen et al. (Chen et al.,
2024) evaluated the zero-shot capabilities of mod-
els such as GPT-4, finding that although these mod-
els exhibit deep clinical reasoning, they often re-
quire sophisticated prompting to match the ranking
precision of specialized systems. However, neither
of these studies incorporates RDoC Task data into
the benchmarking process.

To the best of our knowledge, no prior work has
directly compared in-context prompting with fine-
tuned transformer classifiers on both RDoC Task 1
and Task 2 simultaneously, nor has it evaluated
dynamic few-shot example selection strategies in
this domain. This study fills that gap with a sys-
tematic empirical comparison based on the original
shared-task evaluation protocol.

3 Methodology

As depicted in Figures 1 and 2, this study employs
two experimental tracks, in-context learning and
fine-tuning, applied across the two RDoC task for-
mulations. Both tracks are evaluated against the
same benchmark dataset using identical train-test
splits and official evaluation protocols, but they
represent fundamentally different computational
paradigms. The in-context track requires no pa-
rameter updates and relies on prompt-based reason-
ing, while the fine-tuning track adapts pre-trained
model weights through supervised training on task-
specific labeled data.
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Task 1: Experimental Methodology

Pipeline

Title + Abstract

Training set Fine-tuning track

\ 4

Query
RDoC Construct + Pre-Trained
NIMH Definition BERT

¢ In-context track

Baseline Modeling

TF-IDF
with Cosine Similarity
Score Ranking

Ranking documents based on word

Proposed IR techniques

— Ranking documents based on semantic similarity.

— Using Generative Al to logically deduce construct classification

Zero-Shot Vs Five-Shot
LLaMA Version 3.1 ) LLaMA Version 3.1

Fine-Tuned Evaluation
Vs. ——
BERT
Test set of abstracts
(positive + negative examples)
Mean Average Precision
(MAP)

similarity and keyword matching

Figure 1: This pipeline shows the complete workflow for Task 1. From raw inputs (Title, Abstract, Training set,
Query with RDoC Construct and NIMH Definition) through baseline modeling (TF-IDF with Cosine Similarity
Ranking), implemented IR techniques (Pre-trained vs Fine-tuned BERT family models), implemented reasoning
techniques (Zero-shot vs. Five-shot LLaMA Version 3.1), to final evaluation using Mean Average Precision (MAP).

RDoC Construct Train +Test -Test Gold
Negative Valence System
Acute Threat (Fear) 39 53 26 53
Potential Threat (Anxiety) 27 124 15 124
Frustrative Nonreward 21 96 48 96
Sustained Threat 18 82 64 82
Loss 28 90 48 90
Arousal & Regulatory Systems
Arousal 38 97 11 97
Sleep and Wakefulness 48 121 1 121
Circadian Rhythms 47 123 0 123
Total 266 786 213 786

Table 1: Dataset distribution across eight RDoC con-
structs for training and test splits. Task 1 test abstracts
include both positive (relevant) and negative (irrelevant)
examples; Task 2 test abstracts are gold-labeled at the
sentence level.

3.1 Data

This study employs the benchmark dataset from
the BioNLP-OST 2019 RDoC Task (Anani et al.,
2019), which consists of human-annotated PubMed
abstracts covering eight RDoC constructs. These
constructs span two domains of the RDoC frame-
work: the Negative Valence System (Acute Threat,
Potential Threat, Sustained Threat, Loss, Frustra-
tive Nonreward) and the Arousal and Regulatory
Systems (Arousal, Circadian Rhythms, Sleep and
Wakefulness). Gold-standard annotations were pro-
duced by three independent expert annotators affil-
iated with the National Alliance on Mental Illness
(NAMI) Montana. (Anani et al., 2019).

The structure of the data set differs between the
two tasks, each with a dedicated test set. The shared
training set contains 266 abstracts annotated as pos-
itive examples for their respective constructs, with

per-construct counts ranging from 18 (Sustained
Threat) to 48 (Sleep and Wakefulness). The Task 1
test set contains 999 abstracts spanning all eight
constructs, of which 786 are labeled as construct-
relevant (positive) and 213 as construct-irrelevant
(negative). The Task 2 test set contains 244 ab-
stracts, each paired with gold-standard, sentence-
level labels that mark the single sentence in each
abstract that is most relevant to the target construct.
Table 1 reports the full per-construct distribution
across all three splits (see Table 1).

For the fine-tuning track’s Task 2 experiments,
the 266 training abstracts were segmented into
individual sentences using NLTK’s sentence tok-
enizer (https://www.nltk.org/), yielding 1,570
sentence-level training instances across all con-
structs (417 relevant and 1,153 non-relevant). A
sentence received a positive label (relevant = 1) if
it occurred as a substring within the gold relevant
context annotation for its abstract; otherwise, it was
assigned a negative label (irrelevant = 0). This
programmatic derivation meant that all sentence-
level supervision was obtained directly from the
existing abstract-level annotations without addi-
tional human labeling. The resulting training data
is moderately imbalanced, with approximately 73%
non-relevant instances, a characteristic that varies
across constructs and bears on training stability.

3.2 In-Context Learning Track

Task 1: Abstract Ranking LLaMA 3.1-
70B (Al@Meta, 2024) was queried via the To-
gether Al API (https://www.mintlify.com) to
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Task 2: Experimental Methodology
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Figure 2: This image depicts the experimental methodology pipeline for Task 2, illustrating two proposed sentence
extraction tracks: a fine-tuning track and an in-context learning track comparing zero-shot and few-shot prompting

strategies, evaluated using per-abstract accuracy.

assign a relevance score to each test abstract.
Two prompting configurations were evaluated. In
the zero-shot configuration, the prompt consisted
solely of the RDoC construct definition with no
labeled examples; five independent trials were con-
ducted, and the results were averaged for robust-
ness. In the five-shot setting, 10 manually selected
example abstracts were provided for each con-
struct (five positive and five negative) as in-context
demonstrations, enabling the model to discern the
linguistic patterns typical of each construct.

Task 2: Sentence Extraction Five small open-
source instruction-tuned language models were
evaluated locally via Ollama (https://ollama.
com/) under zero-shot and few-shot conditions. For
each test abstract, the model received a prompt con-
taining the NIMH construct definition and the ab-
stract’s sentences enumerated numerically, and was
instructed to return a single integer index identify-
ing the most relevant sentence. Under few-shot con-
ditions, labeled RELEVANT and IRRELEVANT
sentence examples drawn from the training data
were prepended using shot counts of 3, 5, and 7,
with demonstrations selected via TF-IDF, BM25,
or dense sentence embedding similarity to the test
instance. Each configuration was repeated across
three random seeds and results were averaged.

3.3 Fine-Tuning Track

Task 1: Abstract Ranking Three BERT-family
encoders were evaluated in both pre-trained
(frozen) and fine-tuned configurations as abstract
relevance rankers, with a binary sequence classifi-
cation head added to predict whether each abstract
is relevant (label = 1) or irrelevant (label = 0)
to a given construct. For fine-tuned variants, a
BM25-based pseudo-labeling strategy was first ap-
plied to generate construct-specific training sub-
sets. BM25 scores were computed for all train-
ing abstracts against an expanded construct query
combining the construct name and its NIMH defi-
nition. The top-20 abstracts by BM25 score were
assigned positive labels; the remaining abstracts
received negative labels. This pseudo-labeled sub-
set was used for fine-tuning with early stopping.
Pre-trained variants used the same classification
head but received no weight updates, serving as a
direct comparator.

Task 2: Sentence Extraction. Transformer en-
coders were fully fine-tuned as per-construct binary
classifiers. Rather than encoding the construct and
candidate sentence independently, input was for-
matted using a cross-encoder template that concate-
nates the NIMH construct definition and the can-
didate sentence as a single sequence, allowing the
model to attend directly across both inputs within
a single forward pass. This joint encoding is the
core methodological distinction from bi-encoder
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or feature-based approaches: the model learns rel-
evance as an interaction between the construct de-
scription and the sentence, rather than as a prop-
erty of either in isolation. A separate classifier
was trained for each of the eight RDoC constructs,
based on the reasoning that construct-specific fine-
tuning is more effective than a single joint model
given the semantic distinctiveness of the constructs
and the small per-construct training sets.

4 Models

Our approaches were selected to address distinct
operational and technical goals within the RDoC
annotation pipeline. We chose TF-IDF and BM25
as strong, interpretable lexical baselines to estab-
lish a meaningful lower bound for performance.
Fine-tuned encoders, including BioBERT, PubMed-
BERT, ModernBERT, and RoBERTa, were selected
to determine if domain-specific pre-training and
task-specific supervision could capture subtle se-
mantic distinctions missed by lexical approaches,
with the cross-encoder format explicitly condi-
tioning sentence scoring on construct descriptions.
Few-shot prompting models evaluated whether
instruction-tuned LLMs could generalize RDoC
construct identification without task-specific train-
ing, representing a low-overhead deployment sce-
nario for resource-constrained clinical settings.

4.1 Baseline

We implement a well-established information re-
trieval baseline: TF-IDF with Cosine Similarity.
For each construct, the query is constructed by
concatenating the construct name with its NIMH
RDoC construct definition, and all test abstracts
are ranked by cosine similarity in the TF-IDF vec-
tor space. TF-IDF requires no training and relies
solely on keyword overlap between abstracts and
construct definitions.

4.2 BM2S5

BM25 extends TF-IDF with term frequency satura-
tion and document length normalization, producing
more stable relevance scores across abstracts that
vary substantially in length. In this study, BM25
fulfills two functions: it acts as the retrieval base-
line for Task 1 and also provides pseudo-labels used
as training supervision for the fine-tuned Task 1
models and for in-context prompting in Task 2.

4.3 In-context Learning Track

4.3.1 Task 1: Abstract Ranking

LLaMA 3.1-70B (Al@Meta, 2024) was queried
via the Together AI API (https://api.together.
xyz/). Its 128K-token context window enables pro-
cessing of full abstracts alongside construct defini-
tions and in-context examples without truncation.
However, its limited exposure to RDoC-specific
psychiatric terminology may constrain its ability
to distinguish conceptually overlapping constructs,
particularly the Threat cluster (Acute Threat, Po-
tential Threat, Sustained Threat).

4.3.2 Task 2: Sentence Extraction

Five open-weight instruction-tuned models were
evaluated locally via Ollama: LLaMA 3.1
(8B) (Dubey et al., 2024), Mistral (7B) (Jiang
et al., 2023), Qwen 2.5 (7B) (Team, 2024), Phi-
3 (3.8B) (Abdin et al., 2024), and Gemma 2
(9B) (Team et al., 2024). These models were se-
lected to represent a range of architectures, param-
eter scales, and training corpora at the small open-
source frontier. LLaMA 3.1 uses grouped query
attention with a 128K context window; Mistral
employs sliding window attention for memory effi-
cient inference; Qwen 2.5 was pre-trained on over
18 trillion tokens with strong scientific coverage;
Phi-3 prioritizes high-quality curated training data
over scale; and Gemma 2 uses alternating local and
global attention with knowledge distillation from a
larger model.

4.4 Fine-tuning Track
4.4.1 Task 1: Abstract Ranking

Three BERT encoders were evaluated in both pre-
trained and fine-tuned configurations: Modern-
BERT (Warner et al., 2024), PubMedBERT (Gu
et al., 2021), and BioBERT (Lee et al., 2020). Pre-
trained variants compute cosine similarity between
construct definition and abstract representations
without weight updates. Fine-tuned variants are
adapted using BM25 pseudo-labeled training data.

4.4.2 Task 2: Sentence Extraction

The fine-tuning track approached Task 2 as
a per-construct binary sentence classification
problem. Four pre-trained transformer models
were fine-tuned independently: BioBERT (?),
PubMedBERT (Gu et al., 2021), RoBERTa (Liu
et al., 2019), and ModernBERT (Warner
et al.,, 2024), representing biomedical domain-
specific, PubMed-specific, general-domain, and
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long-context architectures, respectively.  All
four were fine-tuned using the Hugging Face
AutoModelForSequenceClassification head
with two output labels.

BioBERT and PubMedBERT provide biomedi-
cal domain specialization through continued and
from-scratch pre-training on PubMed and PMC
literature, with BioBERT’s retention of the NSP
objective offering additional structural alignment
with the cross-encoder format. RoBERTa serves
as a general-domain baseline, while ModernBERT
represents an architecturally modern encoder with
an extended 8,192-token context window, trading
biomedical depth for up-to-date design choices.

5 Experimental Setup
5.1 Task 1: Abstract Ranking

All models were evaluated on the test set using
Mean Average Precision (MAP) as the primary
metric. MAP is considered a standard metric for
information retrieval tasks, computed as the macro-
average across all RDoC constructs. This metric
assesses the quality of retrieved abstract rankings,
with emphasis on early retrieval of relevant ab-
stracts.

Following the original RDoC Task (Anani et al.,
2019), strict separation between training data (Set
1) and test data (Set 2) was maintained, with test
data containing positive and negative examples in
all constructs examined. 20% of the training data
was used as a validation set for parameter tuning.
Mean Average Precision (MAP) is computed per
construct and then macro-averaged, capturing both
precision and ranking quality, which is crucial for
real-world curation workflows.

Baseline Comparison: Models were compared
against a TF-IDF + cosine similarity baseline, us-
ing construct definitions as queries. This baseline
represents the state of practice in many curation
pipelines. LLaMA inference uses standard sam-
pling to balance consistency and diversity. Both
zero-shot and few-shot prompting strategies lever-
age the model’s weights without gradient-based
updates. LLaMA was used with default parame-
ters. For few-shot, the optimal number of examples
were chosen using a validation set.

For the BERT models, a hyperparameter search
algorithm systematically evaluated all combina-
tions of learning rates {1e-5, 2e-5, 3e-5} and epoch
counts (2, 3, 4) for each construct independently,
resulting in 9 total hyperparameter configurations.

Validation performance on construct-specific val-
idation sets guided the selection of the following
optimal hyperparameters: Max Sequence Length:
512 tokens, Batch Sizes: 8 (training), 16 (evalu-
ation), Weight Decay: 0.01, Warmup Steps: 50,
Learning Rate: Hyperparameter search space (pri-
mary: le-5 to 3e-5), Number of Epochs: Hyperpa-
rameter search space (primary: 2-4 epochs), Early
Stopping: EarlyStoppingCallback with patience=2,
Optimizer: AdamW.

5.2 Task 2: Sentence Extraction

For the in-context track, five models were evalu-
ated under zero-shot and few-shot conditions. In
the zero-shot condition, no labeled examples were
included. In the few-shot condition, shot counts of
3,5, and 7 were evaluated, with examples drawn
from the training data using three selection strate-
gies: TF-IDF retrieval, BM25 retrieval, and dense
sentence embedding similarity. Each few-shot con-
figuration was repeated on three random seeds, and
the results were averaged. The complete experi-
mental grid consisted of 5 models x3 shot counts
x 3 selection strategies x3 seeds = 135 few-shot
runs, plus 5 zero-shot runs.

The prompt structure followed a consistent tem-
plate across all conditions. The construct definition
was provided as a task context block, followed
by the abstract sentences enumerated numerically,
with the instruction to return a single integer. In
the few-shot condition, Example sentences labeled
as RELEVANT or IRRELEVANT were inserted
with the construct definition and the abstract. (See
Figure 5 in the Appendix for a prompt example).

Performance was measured using the official
per-abstract accuracy metric via script_task2.py
(Anani et al., 2019). A prediction is correct if the
selected sentence appears as a substring of the gold
Relevant Context annotation. Macro-average accu-
racy across the 8 constructs is the primary metric.

For the fine-tuning track, Four transformer en-
coders were fine-tuned per-construct using the Hug-
ging Face Trainer (Wolf et al., 2020) on a Google
Colab A100 GPU with mixed-precision (fp16) en-
abled and a global random seed of 42. For each con-
struct, sentence-level training instances were par-
titioned 80/20 into training and validation subsets
using stratified sampling on the relevance label. Hy-
perparameters were selected via a grid search over
three learning rates {1x 1075, 2x107°, 5x10~°}.
and two batch sizes (8, 16), yielding six combina-
tions per construct. Early stopping with a patience
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of 2 (max epochs of 10) was applied to every grid
search run, evaluated once per epoch against val-
idation accuracy. The combination achieving the
highest validation accuracy was selected and used
to retrain the model on the full training set, again
with early stopping.

All runs used AdamW optimization with weight
decay of 0.01 and no learning rate warmup. The
maximum input sequence length was set to 128
tokens with padding and truncation applied where
necessary. During inference, the fine-tuned clas-
sifier produced a relevance probability score (the
softmax probability of class 1) for each candidate
sentence in a test abstract, and the sentence with the
highest score was chosen as the prediction. Predic-
tions were evaluated using the official per-abstract
accuracy metric via script_task2.py, and macro-
average accuracy across all eight constructs is the
primary reported metric.

6 Results and Discussion

6.1 Task 1: Abstract Ranking

As shown in Figure 3, evaluation across eight dis-
tinct approaches revealed substantial differences in
performance. The biomedically pre-trained models
proved to be competitive but not superior. Across
our models, the PubMedBERT models, both the
pre-trained and fine-tuned, achieved the highest per-
formance at 0.83 MAP, along with the pre-trained
BioBERT. The ModernBERT models performed
similarly with MAP scores of 0.82 for the pre-
trained and 0.80 for the fine-tuned approach. As
for the in-context models, prompting with LLaMA
3.1-70B achieved the lowest performance at 0.79
MAP (zero-shot) and 0.76 MAP (few-shot).

The performance decline from zero-shot to five-
shot LLLaMA is attributed to selection bias in the
manually chosen demonstrations and to lexical
overlap within the Threat construct cluster (Acute,
Potential, and Sustained Threat), where few-shot
examples from one construct inadvertently rein-
force vocabulary from the others. In the zero-shot
setting, the model relies solely on the NIMH def-
inition, which provides a cleaner disambiguation
signal. This suggests that construct-aware, auto-
mated example selection is needed for semantically
overlapping constructs.

Both our generative reasoning with few exam-
ples and discriminative fine-tuning approaches
achieve comparable performance on this task. The
pre-trained BERT models demonstrated that even

without task-specific fine-tuning, the model cap-
tures sufficient semantic information for construct
classification, where supervised adaptation may not
improve results.

Relatively high baseline (TF-IDF) MAP values
indicate that, despite high semantic overlap among
RDoC constructs, keyword-based retrieval remains
competitive. The results demonstrate that while
modern general-purpose models are competitive,
they do not yet surpass the specialized state-of-the-
art for this retrieval task. The RDoC Task’s (Anani
et al., 2019) best performer (T30) maintains the
lead with a MAP of 0.86.

Our models, e.g., ModernBERT, achieve near-
perfect results on biologically distinct topics such
as Sleep & Wakefulness (0.99) and Potential Threat
(0.93), but the performance collapses on overlap-
ping concepts such as Sustained Threat (0.58) and
Loss (0.69). This suggests that models effectively
capture distinct medical vocabulary but struggle to
disentangle nuanced psychological traits such as
distinguishing chronic stress from anxiety, drag-
ging down the overall average despite high profi-
ciency in the clearer biological categories.

6.2 Task 2: Sentence Extraction

Neither paradigm, in-context, or fine-tuning
reached the RDoCer (Laden et al., 2020), i.e.
RDoC Tasks’s best (T30) of 0.58, although
BioBERT came closest at 0.54. The poor perfor-
mance of ROBERTRa, together with the comparable
results of BioBERT and PubMedBERT, suggests
that while domain-specific pre-training is required,
it alone does not explain performance. Instead,
the cross-encoder setup and the use of the con-
struct description as the query appear to be the
main methodological factors driving effectiveness.

Fine-tuning The two biomedical domain-
specific models produced the strongest results and
were nearly identical in performance: BioBERT
achieved a macro-average accuracy of 0.543 and
PubMedBERT 0.541, both clearing the RDoCer
baseline (0.478) by approximately +0.064 and
falling within 0.037 of the RDoC Task’s best
performer (T30) with 0.580. The convergence
of these two models supports the conclusion
that domain-specific pre-training is the primary
differentiating factor, regardless of whether the
model is initialized from general BERT weights
(BioBERT) or trained from scratch on biomedical
text (PubMedBERT). ModernBERT achieved
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Task 1 — Mean Average Precision (MAP): All Models

Zero-shot LLaMA 3.1-70B
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Figure 3: Task 1 MAP results comparing

0.485, marginally clearing the RDoCer baseline
(+0.007) but sitting 0.095 below T30. Despite its
architectural advantages, its limited biomedical
pre-training appears to constrain performance.
RoBERTa was the weakest model at 0.469,
falling below both the RDoCer baseline (-0.009)
and T30 (-0.111). In four of the eight constructs,
the model experienced class collapse: for Arousal,
Potential Threat (Anxiety), Acute Threat (Fear),
and Frustrative Nonreward, it labeled every test in-
stance as belonging to the non-relevant class. This
may be attributable to the removal of the Next Sen-
tence Prediction objective during pre-training, com-
bined with moderately imbalanced training data
( 73% non-relevant), which together allow the op-
timizer to converge on a majority-class shortcut.
RoBERTza’s results should be interpreted with cau-
tion, and they are reported for completeness rather
than as a reliable performance estimate. Across
all models, Acute Threat (Fear) was consistently
the hardest construct and Circadian Rhythms the
easiest, mirroring patterns from the original 2019
RDoC shared task and consistent with training set
size differences across constructs (see Figure 6 in
the Appendix) for construct-wise performance.

In-context prompting Zero-shot performance
across the five LLMs ranged from 0.380 (LLaMA
3.1 8B) to 0.482 (Gemma 2 9B). All five models
fell below the T30 benchmark of 0.580 under zero-
shot conditions, and only Gemma 2 exceeded the
baseline of 0.40. The spread of more than 10 per-

centage points between the best and worst zero-shot
models suggests that instruction-following capabil-
ity and model capacity vary meaningfully at this
parameter scale for the identification of sentences
at the construct-level.

Few-shot prompting produced consistent im-
provements across all five models, with an average
gain of +0.034 over zero-shot. The best overall per-
formance came from Gemma 2 (9B) using 7-shot
TF-IDF-based example selection, reaching a macro-
average accuracy of 0.517. This is the strongest in-
context result and represents a substantial gain over
the baseline (+0.117), although it remains 0.063
behind T30. LLaMA 3.1 (8B) showed the largest
individual few-shot gain of +0.070, rising from the
lowest zero-shot accuracy (0.380) to 0.450 with
3-shot TF-IDF selection, suggesting it is particu-
larly sensitive to prompt context despite weaker
zero-shot construct understanding.

Example selection strategy mattered across mod-
els. TF-IDF retrieval produced the best few-shot
result overall and BM25 was similarly competitive,
while sentence embedding selection consistently
underperformed both lexical methods. This finding
is non-trivial: semantic similarity did not outper-
form lexical matching for construct-specific exam-
ple retrieval. We distinguish this finding from prior
work on dense retrieval (e.g., MedCPT) (Jin et al.,
2023), which targets corpus-level document rank-
ing. Our comparison concerns in-context demon-
stration selection, where TF-IDF and BM25 excel
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Task 2 — Macro
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Figure 4: Task 2 Macro-Average Accuracy results

by directly matching National Institute of Men-
tal Health (NIMH) construct-specific terminology
through keyword overlap. Conversely, dense em-
beddings retrieve thematically adjacent examples
that often lack this precise, construct-marking vo-
cabulary, ultimately producing less discriminative
prompts in this setting.

The consistent underperformance of dense em-
bedding selection (all-MiniLM-L6-v2) across 4 out
of 5 models supports this interpretation. For exam-
ple, TF-IDF retrieves Arousal demonstrations con-
taining terms like ’startle reflex’ and ’locomotor ac-
tivity, while dense embeddings retrieve sentences
from adjacent constructs (e.g., Sleep and Wakeful-
ness) due to overlapping themes, weakening the
prompt signal. A similar cross-construct confu-
sion occurs in the Threat cluster, where embedding-
selected examples blur the boundary between Sus-
tained Threat and Potential Threat through shared
’chronic stress’ vocabulary.

7 Conclusion and Future Work

The results demonstrate that In-context Learning
and Fine-tuning offer complementary pathways
for RDoC construct-based literature retrieval and

extraction, each with distinct strengths. For task
1, PubMedBERT provides marginal performance
gains over ModernBERT and BioBERT. LLaMA
prompting, despite its relatively low MAP val-
ues, offers notable data efficiency, rapid adaptabil-
ity to new constructs, and reasoning transparency
through natural-language explanations, which are
critical advantages for applications that require
construct-specific justifications. The observed rel-
ative performance decline from zero-shot to five-
shot LLaMA indicates that construct-aware prompt
engineering warrants further investigation.

Future work should focus on construct-specific
fine-tuning with more strategic example selection
against pretrained models to better capture domain-
specific terminology and psychiatric construct lan-
guage. In addition, conducting an in-depth per-
construct performance analysis for both In-context
Learning and Fine-tuned models using an ensemble
of LLMs would enable a granular comparison of
construct-specific strengths and weaknesses across
the two approaches.
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8 Limitations

This study uses the only known curated dataset re-
lated to RDoC via the gold-standard abstracts from
the RDoC Task, which was held in 2019. There-
fore, our study is restricted by the limited nature
of this data. For example, this dataset, is only
a single, 6-year-old snapshot of the RDoC Land-
scape; the RDoC Matrix itself has changed (new
constructs like “Sensorimotor Systems” have been
added, though no constructs have been removed),
not to mention the exponential growth of RDoC-
related literature in databases such as PubMed since
2019.

Key challenges for developing methods included
the limited training data for certain constructs and
the computational cost of hyperparameter tuning
with LLMs, which require consistent GPU access
and extended training time (that limited our abil-
ity use larger models with a very high number of
parameters). Task 1 fine-tuning was further con-
strained by the structure of the available training
data, which provides only binary positive or nega-
tive abstract assignments per construct rather than
ranked relevance judgments. Because this is insuf-
ficient to train a ranking model directly, we approx-
imated relevance scores using BM25 as a pseudo-
labeling strategy; while this allowed us to apply
fine-tuned encoders to the retrieval task, the result-
ing label noise likely suppresses performance rela-
tive to what gold-ranked supervision would yield.
We report Task 1 results for completeness but do
not claim improvement over the TF-IDF baseline,
and we identify the absence of ranked training la-
bels as the primary bottleneck for future work on
this task. Another limitation is the lack of construct-
specific fine-tuning with more strategic example se-
lection to better capture domain-specific terminol-
ogy and psychiatric construct language. Multi-task
learning was avoided due to severe per-construct
imbalance.

In addition, open-source BERT-family models
and LLaMA do not represent the full capabili-
ties of the current generation of LLMs (especially
their commercial counterparts like GPT), which
appear to be improving rapidly. Similarly, the im-
plemented IR techniques do not capture some of
the more recent IR innovations like retrieval aug-
mented generation (RAG). In addition, dense re-
trieval methods such as MedCPT (Jin et al., 2023)
were not evaluated, specifically on Task 1, repre-
senting a meaningful gap for future work. Lastly,

we do not utilize the inherent hierarchical struc-
ture of the RDoC Matrix nor the construct-specific
matrix elements beyond the construct definitions.

9 Ethical considerations

This work involves automated retrieval of biomedi-
cal abstracts related to mental health research using
the Research Domain Criteria (RDoC) framework.
Our work utilizes publicly available PubMed ab-
stracts and the RDoC shared task dataset, which
contains only de-identified scientific literature with-
out patient information or clinical records. No
individual-level health data was used in this re-
search. While our system retrieves abstracts related
to mental health constructs, we emphasize that
the RDoC framework is designed for research pur-
poses to advance understanding of mental disorders
through dimensional, cross-cutting approaches.
Our work does not diagnose, treat, or make claims
about individuals with mental health conditions.
We acknowledge the potential for language mod-
els to perpetuate stigmatizing language or biases
present in the biomedical literature and recommend
careful human oversight when deploying such sys-
tems in practice.

This study focuses on information retrieval for
research purposes and is not intended for direct
clinical decision-making. Any future deployment
of LLM-based retrieval systems in clinical settings
would require rigorous validation, regulatory ap-
proval, and appropriate safeguards to ensure pa-
tient safety. Clinicians and researchers should criti-
cally evaluate retrieved abstracts rather than rely-
ing solely on automated rankings. We compare
open-source models to promote transparency and
reproducibility in biomedical NLP. However, we
recognize that LLMs may produce errors, halluci-
nations, or retrieve irrelevant content. Users of such
systems should be trained to identify limitations
and maintain appropriate skepticism of automated
retrieval results.

Improved retrieval of mental health research lit-
erature has the potential to accelerate scientific dis-
covery and improve understanding of mental disor-
ders. However, we acknowledge that advances in
automated text mining could also facilitate misuse,
such as cherry-picking literature to support prede-
termined conclusions. We advocate for responsi-
ble use of these tools within established evidence-
based, scientific and ethical frameworks.
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A Appendix: Prompting Example

Figure 5 shows an example of the few-shot prompt-
ing format used for both Task 1 and Task 2 experi-
ments.

Sample Prompt Preview

Which sentence provides the strongest evidence that
this abstract discusses Arousal?

Definition: Arousal is a continuum of sensitivity of
the organism to stimuli, both external and internal.
Arousal facilitates interaction with the environment in

a context-specific manner (e.g., under conditions of Task 2 — Per-Gonstruct Accuracy by Fine-Tuned Model

threat, some stimuli must be ignored while sensitivity Red astarisk (*) = class collapse (F1 =0.000) | T30 macro-average benchmark: 0.580
to and responses to others is enhanced, as e?cemphﬁed Acute Threat (Fear]
in the startle reflex). It can be evoked by either exter- EEsl 0200 0 000 ped
nal/environmental stimuli or internal stimuli (e.g., emo- Fuovesser ([ !
: s : : wesemser | - -
tions and cognition). It varies along a continuum that can J— 0316
be quantified in any behaV10Fa1 state, including wakefgl- Potantal Threat (Ansisty]
ness and low-arousal states including sleep, anesthesia, secert [ ¢ >
and coma. revesecrr N : -

weoserneerr | o 725
Key indicators: sensitivity to stimuli, startle reflex, FeSERT2 0382 " colepse
behavioral state, locomotor activity, homeostatic drives, Sustained Threat

soczrT (I -2

arousal level, PuavescerT I 5

vederncer ([, o 51
Here are examples of RELEVANT and IRRELEVANT J— 0288

sentences for this construct:

Loss

LIOLIEJINIT syt s N oc::
(1) “valence, arousal), and neuroscience has more re- moernserT [, o -2
cently sought the neurobiological basis of emotions via FoseRTR 0.500
functional neuroimaging.” L oo
(2) “In the present study, we sought to identify inten- F— __0 s
sive valence and arousal affective states via facial EMG medernecrT [ °-:::
activity.” RoBERTa 0.257 -caspse
(3) “CONCLUSIONS: This study is the first to identify Arousal
arousal-specific retrospective affect report discrepancies scczrT (I -
over time and suggests retrospective reports also reflect omsag— LU

PR : : ModerneenT (I © 52
personality differences in affective self-knowledge.” [— 0577 -sminse
IRRELEVANT examples: e R
(1) “Seventy-seven students ages 19-30 participated in ruovesszrr [ : oo
the study.” s
(2) “Moral standards, as well as conservative beliefs FesERT o700
regarding sexuality, are believed to be involved in the HoBER‘S% vs00
etiology and maintenance of this syndrome.” S— ey
(3) “However, in a recent study (Ehlers et al.” vederaerT [ © <7

RoBERTa 0.633

Now identify the relevant sentence(s) in this abstract: o o = o o W o o

Per-Abstract Accuracy

Sentences: _ _
. . .. Il SicEER B FubiecEERT [l ModemBER RoBERTa
(1) Previous studies have shown that music is a powerful
means to convey affective states, but it remains unclear
whether and how social context shape the intensity and Figure 6: Task 2 Per-construct accuracy for each fine-
quality of emotions perceived in music. tuned model across the eight RDoC constructs.

(2) Using a with . ..

Total sentences in abstract: 8

Figure 5: Example of the few-shot prompting template
used for RDoC construct classification. The prompt
includes the task instruction, construct definition with
key indicators, example sentence—label pairs (shots),
and the target abstract for sentence identification.

B Appendix: Per-construct Performance
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