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Abstract

Radiology reports contain essential clinical
information but often remain in unstructured,
free-text formats. Notably, multiple imaging
examinations performed simultaneously (such
as CT head, facial bones, and cervical spine
in trauma cases) may be bundled into a single
report that consolidates findings from all stud-
ies into one free-text document, written jointly.
Because individual sentences may reference am-
biguous or overlapping anatomy (e.g., “there is
a fracture”), sentence-level anatomic classifica-
tion—filtering a report to retain only findings
relevant to a specific anatomical region—is es-
sential for downstream tasks such as structured
label extraction and for creating clean, bijec-
tive training data for radiology report gener-
ation models. While formatting differs across
reports, the clinical language remains precise.
Using that fact, we develop context-aware clas-
sical models with feature engineering that sur-
pass trained neural networks and pre-trained
language models. We show that the learned
model weights generalize effectively to MIMIC-
IV radiology reports and that our approach
achieves near-optimal performance with only
a small amount of labeled training data. To-
gether, these results make our approach practi-
cal and reproducible for new settings.

MONICA.AGRAWALQ@QDUKE.EDU

TIMOTHY.DUNN@DUKE.EDU

Keywords: radiology reports, information
extraction, anatomical region, context-aware
models, clinical NLP, report filtering

Data and Code Availability We make use of two
datasets in this work. The first dataset comprises
de-identified radiology reports from the Duke Health
System (Manjunath et al., 2025). We additionally
used the publicly available MIMIC-IV-Note dataset
(Johnson et al., 2023; Goldberger et al., 2000), which
contains de-identified free-text clinical notes, includ-
ing radiology reports. Code is available at https://
github.com/zakk-h/ContextAwareFiltering and
https://doi.org/10.5281/zenodo.17575412.

Institutional Review Board (IRB) This study
was approved by the Duke Health Institutional Re-
view Board (Protocol Pro00103826).

1. Introduction

Radiology reports are central to clinical care, serv-
ing as the primary record of imaging findings and
recommendations. They are increasingly used in ma-
chine learning as a source of clinical information, even
though they are written in free-text form. This nar-
rative format aids in conveying clinical nuance, but
it also results in wide variability in how information
is organized and presented. This leads to an incon-
sistent structure that complicates automated analy-

© 2025 Z. Heile, P. Manjunath, B. Lerner, S. Berchuck, M. Agrawal & T.W. Dunn.
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CONTEXT-AWARE FILTERING OF RADIOLOGY REPORTS

GAM: CT Head, Face, and Cervical \

Spine Without Contrast
FINDINGS:

— Moderate diffuse cerebral atrophy with
mild periventricular white matter changes,
likely chronic microvascular ischemia.

— No evidence of acute intracranial
hemorrhage, mass effect, or midline shift.

— Left frontal scalp hematoma without
underlying calvarial fracture.

— Brain parenchyma otherwise
unremarkable.

— Facial bones intact without acute fracture.

— Cervical spine alignment preserved.

\No acute fracture or dislocation. /

Algorithm

GAM: Filtered Radiology Reph

FINDINGS:

— Moderate diffuse cerebral atrophy
with mild periventricular white
matter changes, likely chronic
microvascular ischemia.

Filtering
—No evidence of acute intracranial

hemorrhage, mass effect, or midline
shift.

- Left frontal scalp hematoma
without underlying calvarial fracture.

= Brain parenchyma otherwise
wemarkable. /

Figure 1: Simplified view of radiology report and task (preserving only the information needed about a head
CT). In our algorithm, we handle more than the findings section and much more variability in

formatting.

sis and many downstream tasks. For instance, due
to various clinical and operational reasons, reports
may combine information from several different imag-
ing studies into a single jointly written document,
bundling the information together. These and related
issues hinder direct use without preprocessing.

For example, automated extraction tasks typi-
cally require substantial data cleaning before machine
learning models or rules-based algorithms can be ap-
plied (Sugimoto et al., 2021; Hu et al., 2024; Zhou
et al., 2023; Reichenpfader et al., 2024). Structured
labelers like CheXbert and RadGraph expect reports
to focus on a single anatomical region; mixed or bun-
dled content breaks this assumption. Additionally,
radiology report generation models require a clean,
bijective mapping between an image and its corre-
sponding text. Given the anatomical orientation of
radiology reporting and the reasons described above,
it is natural to organize reports by anatomical regions
for easier extraction and downstream use.

Our study focuses on filtering radiology reports
to retain only findings from head CTs, though our
approaches naturally generalize to any number of
anatomical classes. Because radiology reports are un-
structured and anatomical relevance often varies at
the sentence level, classification should not be per-
formed at a coarser granularity such as the section or
report level. It is also unlikely that a single sentence
would contain findings from distinctly different re-
gions, making sentence-level classification by anatom-
ical region the most natural approach. While large
language models have recently been applied to radi-

ology text processing (Liu et al., 2023; Zhao et al.,
2024; Liu et al., 2025), deploying such systems can
be impractical in many clinical settings due to sub-
stantial compute requirements and potential privacy
risks. Ideally, this task could be achieved without
reliance on large language models.

In this work, we developed and evaluated clas-
sical and neural modeling approaches for sentence-
level anatomic classification of radiology reports, in
which the model determines whether each sentence
pertains to the head CT scan or to non-head con-
tent (e.g., the cervical spine or facial bones). To
address this task, we design context-aware classical
models, including an autoregressive logistic regres-
sion approach and conditional random fields, that ef-
fectively incorporate neighboring sentences. Our ex-
periments show that these classical models not only
outperform trained neural networks and pre-trained
language models on reports from our own institution
but also retain high performance when their trained
weights are applied directly to reports from another
institution. We further examine the generalizability
and robustness of our models through systematic fea-
ture ablation studies and variation of training data
size.

Our contributions are as follows:

1. We develop three computationally accessible ap-
proaches that achieve test AUROCSs above 0.997,
including a novel sequence-labeling architecture
that incorporates radiology-specific contextual
features. All three models outperform both the
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CONTEXT-AWARE FILTERING OF RADIOLOGY REPORTS

prior state-of-the-art method for this task and
pre-trained language models.

2. We evaluate our models on an external dataset
from another institution and time period, in-
cluding both individual reports and merged vari-
ants designed to mimic mixed formats, and show
they generalize significantly better than both the
prior state of the art and pre-trained language
models.

3. We vary the amount of training data and show
that our models are highly data-efficient, out-
performing pre-trained language models with
only a fraction of the data, making them espe-
cially practical and desirable for real-world use
like downstream labeling and further machine-
learning.

2. Related Work

2.1. Named Entity Recognition

Extracting structured information from radiology re-
ports has long been a goal, with approaches rang-
ing from rule-based systems to machine learning and
modern deep learning. Early tools such as MetaMap
focused on recognizing biomedical entities and map-
ping them to a standardized vocabulary (UMLS) us-
ing rules and heuristics (Aronson and Lang, 2010).

Following this, statistical learning approaches be-
gan to address more complex relationships in text.
For example, Roberts et al. (2012) used support vec-
tor machines to not only detect anatomical entities
but also resolve the anatomical site most closely as-
sociated with a clinical finding, working at a highly
granular level (Hearst et al., 1998). With the rise of
deep learning, systems shifted toward learning con-
text directly from data. Cornegruta et al. (2016)
and Casey et al. (2021) built on the previous ap-
proaches, labeling parts of the input with entity types
and whether they are negated using approaches like
BiLSTMs (Graves and Schmidhuber, 2005).

The previous methods are all general-purpose in-
formation extraction tools for medical text, but there
also exist task-specific labeling systems for radiology
reports. RadGraph, for example, uses machine learn-
ing to extract entities and relations from chest X-ray
reports, while CheXpert (and its BERT-based succes-
sor CheXbert) generate predefined pathology labels
at the report level, serving primarily as weak supervi-
sion for vision models (Jain et al., 2021a; Irvin et al.,

2019; Draelos et al., 2021; Smit et al., 2020). These
tools do not work in opposition to our approach, for
they expect well-defined, homogeneous radiology re-
ports. Our approach enables the use of such tools in
broader clinical contexts, given the variability of this
data type. These labelers are important for down-
stream machine learning use as they can be used to
train vision models to predict those labels based on
only the image (Jain et al., 2021b).

2.2. Radiology Report Generation

Much recent work in machine learning for health has
focused on extracting useful information from im-
ages. This has come in the form of both visual
question answering and radiology report generation
(Moor et al., 2023; Sloan et al., 2025; Tanno et al.,
2023; Chen et al., 2020; Ostmeier et al., 2024). How-
ever, this adds a new source of error for downstream
tasks, because generated reports can hallucinate con-
tent, generalize poorly, or miss patient-specific de-
tails that influence how clinicians write real reports
(Huang et al., 2025; Xu et al., 2025). As Nguyen et al.
(2023) argues, radiology report generation should
consider why the scan was ordered (the clinical in-
dication), not just what is in the image. In other
words, the standard image-to-text pipeline overlooks
the communicative role of radiology reports, which
is to address specific clinical questions for referring
physicians. Consequently, access to real radiology
reports, even if unstructured, remains very desir-
able—provided they can be processed and filtered
into structured forms that better support clinician-
facing tools and downstream machine learning ap-
plications. Filtered reports can also serve as high-
quality training data for report-generation models,
since they contain only information that is actually
visible in the scan.

2.3. Anatomic Classification

A closely related study by Nishigaki et al. (2023)
seeks to classify the Findings section of radiology
reports written in Japanese. Their best performing
approach fine-tuned a BERT model pretrained on a
large Japanese clinical corpus (UTH-BERT) to clas-
sify each sentence. Importantly, their method treated
sentences independently, without leveraging contex-
tual information from neighboring sentences. Also,
in contrast to Nishigaki et al. (2023), we choose to
filter the entirety of each report to ensure general ap-
plicability, as inconsistency in formatting can make
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CONTEXT-AWARE FILTERING OF RADIOLOGY REPORTS

section-specific approaches unreliable, and to capture
clinically relevant information that may appear out-
side the Findings section, such as in Impressions.

3. Data

3.1. Duke Health System

Annotators labeled 4,228 sentences from 249 radi-
ology reports with a sentence-level anatomical cate-
gory indicating whether each sentence described head
CT findings or not. These labeled reports come
from a larger corpus of de-identified radiology re-
ports sourced from the Duke Health System. This
dataset contains 56,659 reports from patients meeting
two of three inclusion criteria: head CT performed in
the emergency department, chief complaint associ-
ated with traumatic brain injury, or traumatic brain
injury diagnosis. Because many reports in this co-
hort contain findings from multiple imaging studies,
sentences may reference different anatomical regions.
Filtering is required to preserve the clinically relevant
head-CT content and to enable downstream analyses
with region-specific labelers or when aligning reports
to imaging data. In this corpus, 76% of labeled sen-
tences belong to the head CT class. Additionally, in
our subset of labeled reports, each report corresponds
to a distinct patient, though this need not hold in
general.

We define a sentence as being i) between two punc-
tuation marks, ii) at the beginning of the report
through the first punctuation mark, or iii) after the
last punctuation mark in a report. We also require
sentences to have more than two words to avoid triv-
ial consequences of numbered reports (consider .
2.7).

Additionally, reports feature boilerplate language
that can be removed as well via rules. The language
is standard and contributes no information to the spe-
cific findings of the report. This reduces the dataset
size to 3786 sentences. The labeled dataset contains
76% brain-related findings, with the remaining 24%
being findings from cervical spine and facial bones
examns.

3.2. MIMIC

We also test our models on MIMIC-IV notes to as-
sess generalization (Johnson et al., 2023; Goldberger
et al., 2000). We assembled an additional test set
of 300 reports—100 brain, 100 facial bones, and 100
spine—containing 10,629 sentences solely for testing

our models. Due to the clean format of the radiology
reports in MIMIC-IV (multi-scan reports are effec-
tively absent in this dataset), we devised methods to
simulate bundled reports. We evaluate our models
both on the individual reports and on merged vari-
ants that simulate bundled and unstructured formats.

3.3. Data Division

We split the Duke Health System dataset into 3,066
training sentences (199 reports) and 720 test sen-
tences (50 reports), ensuring that all sentences from
a given report remained within the same partition.
An additional 10,629 sentences (300 reports) from
the external dataset were used exclusively for out-
of-distribution evaluation and testing.

For neural models, a validation set was carved out
from the training data for hyperparameter tuning and
early stopping; after tuning, part of this validation
set was returned to the training set, leaving a smaller
portion for early stopping. For classical models, no
validation set was needed after tuning, so the entire
training set is used.

4. Methods

‘We contribute three approaches to this task and com-
pare them to pre-trained language models as well as
the current state-of-the-art architecture: (1) a novel
autoregressive logistic regression framework for se-
quence labeling with optional feature engineering, (2)
a classical conditional random field (CRF) that can
incorporate the same domain-informed features, and
(3) a neural CRF architecture that integrates clinical
embeddings and compartmentalizes information into
distinct components while enabling structured inter-
actions between these components.

4.1. Baseline Models

SOTA: The state-of-the-art architecture described
in Nishigaki et al. (2023) for this task, outperforming
all their other approaches, is to feed a sentence into
UTH-BERT (a Japanese clinical-domain BERT) and
extract the [CLS] token’s output vector to represent
the sentence, then feed it into a linear layer and soft-
max to classify. The mentioned approach fine-tunes
BERT and the classification head jointly. We use
ClinicalBERT as an analog (Alsentzer et al., 2019).

SLMs: We also compare our performance to small
language models (approximately 7B parameters,
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Input Vector X Weights W

Sentence i-1

Input Vector X
T o brain
scalp 1 ™y scalp
every 0"
midline 1 w | — 38

unremarkable 0~

spine

Weights W
I 1 ™ W
"

P(Brain)

0. | W

pastprobs -0.48 .| _________ » W

Sentence i w/ context

Figure 2: Simplified depiction of the autoregressive logistic regression model. The prediction from the pre-
vious sentence is concatenated with the current sentence’s embedding to provide contextual infor-
mation. In practice, we use a context window of three sentences and aggregate past probabilities
using simple summary statistics, without altering the scalability.

which may be considered LLMs in some texts), which
can be run locally on a single GPU without sub-
stantially slow inference. Such models are attractive
in healthcare settings where data privacy, regulatory
constraints, and limited compute prohibit the deploy-
ment of larger LLMs. Notably, our environment does
not permit access to HIPAA-compliant LLMs. We
evaluated several instruction-tuned and biomedical
SLMs, including Qwen 2.5-7B Instruct, Qwen 1.5-7B
Chat, and BioMistral-7B (Jiang et al., 2023; Labrak
et al., 2024; Team et al., 2025; Bai et al., 2023). Qwen
2.5-7TB was consistently the strongest performer, and
we report its results in the main experiments.

We conducted experiments with multiple prompt-
ing strategies, including a system prompt contain-
ing 0-3 labeled examples and sequential sentence-
level prediction within a single chat session per re-
port. For a report, we initialized a new chat and
fed the model the sentences chronologically, one at a
time, with its answer in between, and the full chat
history as context for future predictions. We evalu-
ated both providing the full report at the start for
context at the beginning versus only supplying the
sentences as you go, analogous to the autoregres-
sive logistic regression framework. In all cases, infer-
ence was performed with greedy deterministic decod-
ing (temperature = 0), and we additionally explored
varying the decision threshold by computing the ra-
tio p(brain | chat history)/p(not brain | chat history)
with adjustments to accommodate multi-token out-
puts.

4.2. Autoregressive Logistic Regression

First, we introduce a logistic regression architec-
ture that incorporates features from earlier sentences’
model outputs—an approach we refer to as autore-

gressive in the sense that each prediction depends on
summary statistics of past predictions. As such, it is
also an online algorithm.

We embed each sentence with a frequency-invariant
binary bag of words embedding, possibly excluding
rare words. There are two components of the model:
a base model BaseLogReg, and the model that out-
puts the final predictions, MetaLogReg.

Consider the base logistic regression model. BaseL-
ogReg will give a probability that the sentence should
be included (it is in the desired anatomical region),
given its embedding.

MetaLogReg will predict on sentence ¢ in the report
using its embedding, but also past context in the form
of functions of BaseLogReyg (a simplified view is shown
in Figure 2). We take the average, minimum, and
maximum of the last k = 3 BaseLogReg probabilities
(and those k probabilities themselves)

As shown in our feature ablation studies, there are
diminishing returns after the first addition. We sub-
tract 0.5 from the aggregation features to improve
interpretability, effectively shifting their range from
(0,1) to (—0.5,0.5), so that the threshold for decision-
making aligns with 0. Where a prediction is unde-
fined because j is negative, we substitute 0 (or 0.5
before shifting) as our uninformative prior.

Formally, this transformation does not change the
optimal feature weights of the logistic regression
model. However, it does shift the intercept by an
amount equal to

Ab=0.5x Y w;,

JjES

where S is the set of feature indices that are shifted,
and w; denotes the weight assigned to feature j.

We also explored augmenting the bag-of-words
embeddings with additional feature engineering de-
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/ Radiology Reports: )
Sentence 1,2,3,...,0~] = == — =— — — =
Clinical

BERT: CLS
Embedding

Sentence i = = = — — o f - -

Optional
Shared
Projection

Sentence i+1, i+2,...— = -

Emission \
<~ Concat
Probabilities

I
i1 [ Attention Mechanism

L
(e}t Cosore 0
/!

e Now (K/Q/V)

Figure 3: Architecture for computing learned emission probabilities in our Neural CRF. All components

except BERT are trained end-to-end.

signed to capture global report structure and resolve
ambiguous sentences. While the models trained with
these features heavily depend on them, we found that
they have little effect on performance. Thus, for ac-
cessibility and ease of adoption, we therefore report
all main results without them; see Appendix A for
details and comparisons.

We note several appealing properties of this archi-
tecture: each component is globally optimal, and the
overall model captures report-wide structure, includ-
ing interactions and past probabilities. We could even
allow direct interactions between past probabilities
and the current sentence embedding—something not

possible in architectures like CRFs.

- (0)

Formally, let x1.7 = (z1,...,zr) and Py =

(ﬁgo), - ,ﬁgg))) denote the sequence of sentence fea-
tures and the sequence of stage-0 (base model) prob-

abilities, respectively. The model then predicts

Pr(y, =1| X1:T7f>g(21) = f(XlzT,f)g?)T,t) .

We choose to condition only on past inputs and
predictions; this formulation is compatible with incre-
mental processing and real-time clinical workflows.

We train our two logistic regression models with
default regularization. To prevent data leakage from
the base model to the meta model on the training set,
we train the base model on all but one fold, make pre-
dictions on that fold to be used by MetaLogReg, and
rotate what data it was trained on to make predic-
tions for the whole training set.

4.3. Classical Conditional Random Field

We can directly apply all of the feature engineering,
except for prior probabilities and (5), to a classical
linear-chain conditional random field (CCRF), which
compartmentalizes the prediction into transition and
emission probabilities (Lafferty et al., 2001).

4.4. Neural Conditional Random Field

Thirdly, we can replace our feature-engineered CRF
with a neural version. We highlight all architecture
options we consider.

For sentence i, we construct three different embed-
dings using (frozen) BioClinical BERT: past, current,
and future sentence embeddings. Past and future
may either be derived from just sentence i — 1 or
i+ 1, or may have all prior or all future context. We
consider embedding with CLS, component-wise max
per token, or average token embedding. Each of these
embeddings is optionally projected through a shared
linear layer to a lower-dimensional space. These three
context vectors are then stacked, and a self-attention
mechanism may be applied to facilitate interactions.
To prevent the loss of direct signal from the current
sentence, we concatenate this attention vector with
the original “now” embedding. If we don’t apply the
attention mechanism, then we just concatenate all
three vectors. This combined representation is then
passed through an MLP to produce emissions for a
linear-chain CRF.

We created a validation set using 30% of the train-
ing data and performed hyperparameter tuning over
the main architectural features (see Appendix A for
details). The best configuration was: proj_dim =
(no projection), attn dim = 256, mlp_dim = 128,
dropout = 0.6, weight_decay = 0.05, giving it just
over 700,000 parameters. This also utilizes CLS em-
beddings and full past and future history.

5. Evaluations

We evaluate models trained and tested on Duke data,
their robustness under reduced training data, and
their generalization to MIMIC-IV with and without
retraining. Across all experiments, the task is binary
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Macro F1 vs Threshold (All Models)

1.000 -

0.980 @ 0.55

0.971 @ 0.43

0.975 -

0.950 -

0.925 -

0.900 -

Macro F1

0.875 -
0.850 -
0.825 -

0.800 -
0.

0 0.2 0.4

0.926 @ 0.51

0.6 0.8 1.0

Decision Threshold

= Neural CRF (marginals) (max=0.966)
—— Classical CRF (max=0.971)

— Meta-LogReg (max=0.980)
—— SOTA (BERT) (max=0.926)

—— SLM (max=0.884)

Figure 4: Macro F1 on the Duke Health System test set across different thresholds.

sentence-level classification: determining whether a
sentence describes head CT findings. AUROC and
Macro F1 use per-sentence probabilities (model out-
puts or CRF marginals), while hard predictions use a
0.5 threshold for logistic-regression models and MAP
decoding for CRFs.

5.1. Performance on Duke Dataset

As seen in Figure 4, our three modeling approaches
achieve substantially higher Macro F1 than the state-
of-the-art model and Small Language Models.

Model AUROC
Meta-LogReg 0.997
Neural CRF 0.997
Classical CRF 0.997
SOTA 0.984
SLM 0.972

Table 1: Duke Health System test set, averaged
over random seeds if training was non-
deterministic.

Additionally, our three proposed approaches per-
form nearly equally in terms of AUROC (Table 1).

5.2. Required Training Data

We ask the question of how much data our classical
models need to perform well to establish how accessi-
ble they are to use over a pre-trained language model.
We fix the test set and sample a proportion p of the

training set reports and display the test accuracy av-
eraged across random seeds in the plot.

Figure 5 shows that the autoregressive logistic
regression model consistently outperforms all other
modeling approaches. Notably, the CRF models
underperformed all other modeling approaches with
limited data, possibly because of poorly calibrated
transition probabilities. Additionally, even with just
25% of the training data, the classical modeling ap-
proaches perform nearly as well. This shows that
these approaches are accessible to use with only a
small amount of labeled data. Feature engineering
provides clear benefits in the low-data regime, yet
hinders performance once more training data is avail-

able (see Appendix A).

5.3. Generalizability to MIMIC-IV

Motivated by the need for models that remain re-
liable under distributional shift, we next assess ex-
ternal generalization. We fix our model weights and
evaluate the models (trained on the Duke Health Sys-
tem dataset) on the 300 reports derived from MIMIC-
IV notes described previously (Johnson et al., 2023;
Goldberger et al., 2000).

Given that MIMIC-IV does not contain the bun-
dled, multi-scan reports that motivate our task, we
evaluate our models in three different ways: (1) test-
ing on individual reports directly, (2) combining mul-
tiple reports by simple concatenation, and (3) con-
structing synthetic bundled reports using rules-based
reasoning to extract and reorganize sections to em-
ulate how they may appear jointly in practice. See
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Figure 5:

Model Test Performance on the Duke Health System dataset when training on some proportion p

of the training reports (averaged across 10 random seeds). + Standard deviation is shaded.

Appendix A for more information on how these joint
reports were constructed.

Table 3: Training and testing on the created MIMIC
Bundled Reports (10% Train, 90% Test),

averaged across train—test splits.

Model Indiv. Concat Bundled

Meta-LogReg 0.912 0.901 0.937 Model Mean + Std (AUROCQC)

CCRF 0.965 0.977 0.956 Classical CRF 0.977 + 0.002

Neural CRF 0.903 £ 0.009 0.893 £ 0.012 0.897 £ 0.016 Meta-LogReg 0.974 + 0.005

SOTA 0.850 +0.022 0.861 £+ 0.020 0.886 £+ 0.016 Neural CRF 0.931 + 0.011
SOTA 0.951 4+ 0.003

Table 2: AUROC across three evaluation settings
with mean =+ std reported for models that
have non-deterministic training. = These
models were trained on the Duke Health
System dataset and tested on MIMIC.

Across the three report-merging methods shown in
Table 2—individual reports, simple concatenations,
and more complex rule-based bundles—our methods
remain robust. This demonstrates that our models
perform consistently, independent of report structure.
In all cases, our context-aware approaches outper-
form the prior state-of-the-art.

5.4. Training on MIMIC-IV

Because our goal is not only to demonstrate gener-
alizability of interpretable modeling approaches but
also to show that these architectures remain reliable

and effective when trained on a small amount of
institution-specific data, we additionally train each
model using only 10% of the available MIMIC-IV
bundled reports.

As shown in Table 3, the classical models again
have superb discrimination capability even with
training on a small fraction of the labeled reports.
They also achieve AUROCs above 0.97 with ex-
tremely small variance across splits, indicating that
these models are not only accurate but also stable
under limited supervision.

This mirrors the behavior we observe on the Duke
Health System dataset and highlights a practical ad-
vantage: institutions can train reliable, lightweight
filters using only a modest number of locally labeled
reports, without requiring large corpora, resource-
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intensive fine-tuning, or on-premise LLM deploy-
ments.

6. Discussion

Our results clearly show that carefully engineered
classical models achieve stellar performance on
anatomical region classification in unstructured radi-
ology reports. Our autoregressive logistic-regression
model is novel in sequence labeling and performs com-
parably to the classical CRF on held-out reports from
the same institution. Importantly, it offers practical
advantages: it operates at the sentence level—making
individual predictions directly interpretable—and it
yields straightforward per-sentence probability esti-
mates. It is globally optimal at each step and can
consider context arbitrarily ahead or behind. No-
tably, limiting the context window to earlier sentences
allows for live integration into clinical dictation envi-
ronments.

With just 20 — 25% of the training data, both clas-
sical models perform essentially just as well as they
do with all the data. This is significant because it
shows that these approaches remain practical without
demanding large amounts of annotation time. Addi-
tionally, they are vastly superior to using small pre-
trained language models, or even bigger ones. How-
ever, this is not strictly required because our models
generalize to mixed MIMIC-IV radiology reports with
up to 0.977 AUROC.

In contrast, our Neural CRF performed well on
the Duke test set, but both it and the SOTA model
failed to generalize when their weights were applied
to MIMIC, each dropping by roughly 0.1 AUROC.
This motivates considering why simpler models be-
haved differently. Theoretical and empirical results
show that interpretable models often match or exceed
the performance of more complex methods on tabular
datasets (Rudin et al., 2024; Semenova et al., 2023).
This makes it plausible that converting clinical text
into a tabular representation preserved the essential
predictive structure. When this structure is retained,
the problem effectively becomes tabular—and in that
domain, simple interpretable models are known to
perform exceptionally well.

6.1. Limitations and Future Work

Although our models perform well on the given task,
we only sought to extract information from one
anatomical region. However, all of our methods ex-

tend naturally to multiclass settings. In most down-
stream tasks, the primary goal remains isolating one
anatomical region with minimal false inclusions.

While we test our models on data from two dif-
ferent institutions, with reports from different time
periods, publicly available datasets like MIMIC-IV
have processed radiology reports without the unstruc-
tured and bundled issues we described. Although
we attempted to inject information from individual
MIMIC reports to form a multi-anatomy report with
variable formatting, it may not fully capture the dis-
tributional characteristics of naturally occurring clin-
ical text. Even so, these single-scan and synthetic-
merge results are encouraging, implying that our ear-
lier architectures trained on large datasets could gen-
eralize across institutions with great performance.

In addition to training these architectures on larger
and more general datasets, one could incorporate a
human-in-the-loop correction mechanism to improve
labeling consistency. For example, if a clinician over-
rides the predicted label of a specific sentence, both
the conditional random field (CRF) and the autore-
gressive logistic regression (MetaLogReg) models can
be modified to condition future predictions on the
known label. However, we view these extensions as
complementary rather than central to the work: our
primary contribution is providing a reliable filtering
mechanism that enables downstream labeling and fu-
ture model development.

While large language models are powerful, deploy-
ing them on protected clinical text is often limited
by institutional privacy requirements and the cost
of maintaining secure, on-premise models. When an
institution has access to such a system, it could be
used to pseudolabel a modest number of reports, af-
ter which a lightweight model can be trained and
deployed efficiently. In this sense, LLM-assisted la-
beling and classical approaches are complementary:
LLMs generate labels when available, while classical
models yield inexpensive and deployable inference.

7. Conclusion

Our work demonstrates that simple, interpretable,
and data-efficient classical sequence models can ro-
bustly filter unstructured radiology reports to pre-
serve anatomy-specific content. The approach is com-
putationally lightweight, generalizes across institu-
tions, and integrates naturally into both real-time
clinical workflows as well as to obtain clean training
data for image-to-text models.
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Appendix A. Appendix

A.1. LoRA

In addition to employing the state-of-the-art architec-
ture described by Nishigaki et al. (2023), we also ex-
plore parameter-efficient finetuning using LoRA (Hu
et al., 2022). The results with this approach on the
Duke Health System dataset test set are shown in
Table 4.

Rank Class Precision Recall Accuracy
4 0 0.7623 0.8857 0.9354
4 1 0.9766 0.9453 0.9354
8 0 0.7895 0.8571 0.9386
8 1 0.9712 0.9547 0.9386
12 0 0.9149 0.8190 0.9575
12 1 0.9649 0.9849 0.9575
16 0 0.8725 0.8476 0.9543
16 1 0.9700 0.9755 0.9543

Table 4: Test set precision, recall, and accuracy

for LoORA-BERT models at different ranks.
Performance improves with larger LoRA
rank updates but still falls short of full
BERT finetuning (though it is not signifi-
cantly different).

A.2. Feature Engineering

We also consider augmenting the bag-of-words
(BOW) embeddings with additional feature engineer-
ing. Many of these capture global structure of the
report outside of just the current sentence.

1. Sentence position flag (Sent Num < 3)

2. spine_earlier, facial bones_earlier indica-
tors

3. Each word X spine_earlier
4. Each word x facial bones_earlier
5. (Optional) Each word x Prior_1

6. Top ¢ = 300 most frequent word x word pairs

(1) is intended to detect the header, (2) and (3),
and extensions are to detect any header informa-
tion (if in the report), or mention of specific regions
that would tend to reveal the presence of information

14

about a specific scan. Interaction terms in (3), (4),
(5), and (6) seek to give clarity to ambiguous words.
However, we find that these additional features are
not required to achieve strong performance, so we
omit them in our main experiments for simplicity.
Although models trained with them place substan-
tial weight on these engineered features, they do not
yield measurable performance gains, as demonstrated
later in this section.

Table 5: Without Feature Engineering

Class Precision Recall
0 0.900 / 0.688 0.611 / 0.155
1 0.929 / 0.857 0.983 / 0.996

Table 6: With Feature Engineering

Class Precision Recall
0 0.895 / 0.835 0.722 / 0.417
1 0.948 / 0.898 0.981 / 0.991

We evaluated these features in an extremely low-
data regime, using just 5% of the training reports.
As shown in the Table 5 and Table 6, feature en-
gineering led to a substantial improvement in perfor-
mance—particularly for the classical CRF, which was
otherwise unstable on minority-class examples. For
the MetaLogReg model, gains were more modest but
still noticeable.

Without feature engineering, the CRF struggled to
recall non-brain sentences (15.5% recall for class 0),
whereas feature engineering improved this to 41.7%.
The MetaLogReg model already performed well with-
out features, but still saw an increase in precision and
recall for both classes with their inclusion.

However, as shown in Figure 6 and Figure 7, the
benefits of feature engineering disappear once the
model is trained on at least half of the labeled data.
At p = 0.5 and above, both MetaLogReg and CRF
perform nearly identically with or without engineered
features. This suggests that while domain-informed
features are helpful in low-data regimes, they are ulti-
mately unnecessary for models trained on more sub-
stantial datasets.

Following Occam’s razor, we ran all of our classical
model experiments in the main text without these
additional features. However, just because there exist
equally good models that can choose between all the
features and the restricted feature set does not mean
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F1 Macro (mean + std across seeds) vs. Training Data Size
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Figure 6: (a) With Feature Engineering

that the six categories of features we proposed adding
were not useful to a good model.

For completeness, we also show in Figure 8 how
the feature-engineered models would perform on the
MIMIC-IV test data. Here, the two classical ap-
proaches use feature engineering and perform worse
than they did without feature engineering in Table 2.
This shows that the feature engineering (which did
not impact performance on the Duke Health Sys-
tem dataset) did not generalize sufficiently well to
MIMIC-IV reports. Despite this fact, however, they
still outperform our NeuralCRF, the state-of-the-art
model, and pre-trained language models.

A.3. Need for Prior Features

One of the defining features of our novel autoregres-
sive logistic regression approach is the aggregation of
prior predictions. In this section, we study how the
size of our context window (which we restrict to only
earlier sentences to allow for applications in stream-
ing) impacts model performance. Likewise, we will
also explore the impact of the aggregation function
used to summarize the context window.

First, we establish that some form of aggregation
is needed. To do this, we train MetaLogReg with-
out any prior features and display the results below
in Figure 9. Notably, for the first time, autoregres-
sive logistic regression is severely underperforming
the classical conditional random field. Compared to
the results in Figure 7, we see that the model without
prior information is strictly worse at differentiating
between the classes.
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F1 Macro (mean + std across seeds) vs. Training Data Size
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Figure 9: No Feature Engineering for Classical Mod-
els and LogReg without Prior Features

Next, we evaluate the effect of varying the con-
text window size k, where only predictions from the
k previous sentences are considered. We constrain
the model to use past-only context to allow deploy-
ment in real-time or streaming settings. As shown in
Table 7, performance improves notably when moving
from k=1 (AUC 0.9902) to k=3 (AUC 0.9971), but
plateaus thereafter. This suggests that modest con-
text is sufficient for most sentences, and that large
windows yield diminishing returns.

Table 7: Sentence-level AUC for the autoregressive
logistic regression model when varying con-
text window sizes k and ablations at k = 3.

Model Variant AUC
Context window k = 5 0.9962
Context window k = 4 0.9970
Context window k = 3 0.9971
Context window k = 2 0.9963
Context window k =1 0.9902
k = 3, without average pooling 0.9969
k = 3, without max pooling 0.9970
k = 3, without min pooling 0.9971
k = 3, without any pooling 0.9971

Finally, we perform an ablation study to assess the
importance of each aggregation function at k = 3.
The model computes the average, maximum, and
minimum of prior probabilities across the context
window. Removing any one of these has minimal
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effect to no effect, indicating mild redundancy. Re-
moving all of them also does not affect model perfor-
mance. Thus, while the choice of aggregation func-
tions can be simplified with minimal performance
loss, maintaining a reasonably sized context window
remains important.

A.4. Feature Importances

To better understand what drives the predictions of
our autoregressive logistic regression model, we ex-
amine the most influential features by inspecting the
learned coefficients. Since our model is linear and ad-
ditive in its input features, the magnitude and sign
of each coefficient provide a direct measure of its im-
pact on the output probability. This interpretability
is one of the primary advantages of our approach over
more complex models.

We compare two variants of MetaLogReg: one
trained with domain-informed feature engineering,
and one trained without it (relying only on word to-
kens and prior predictions).

Despite achieving similar overall performance, the
MetaLogReg models trained with and without fea-
ture engineering rely on substantially different sets
of features. Among the top 25 features ranked by
absolute coefficient magnitude, only 7 features over-
lap between the two models—including intracranial,
brain, head, globe, and certain prior-based predic-
tions. This low overlap (Jaccard index =~ 0.16) re-
flects a sharp shift in what the model considers most
predictive once structured, domain-informed features
are introduced. This has many interesting impacts
on interpretability (Rudin et al., 2024).

A.5. Hyperparameter Tuning

Many of the models we evaluated require minimal
hyperparameter tuning. The small language mod-
els are used in a zero- or few-shot setting with no
trainable parameters. The two classical models in-
volved only a single regularization parameter. For
fine-tuning BERT with a linear classification head,
we used Adam without weight decay, so as not to
impose strong regularization that could disrupt the
initialization inherited from the pre-trained weights.
The only model with a substantial hyperparameter
space was the Neural CRF, for which we conducted
a grid search; the explored ranges and selected con-
figuration are summarized in Table 10.
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Table 8: Top 25 Features by Absolute Coefficient Table 9: Top 25 Features by Absolute Coefficient

Magnitude (MetaLogReg with Feature En- Magnitude (MetaLogReg without Feature
gineering) Engineering)

Rank Feature Coefficient Rank Feature Coefficient
1 intracranial 1.9359 1 intracranial 3.2557
2 Prior_123on_Max 1.8694 2 brain 2.3872
3 SentNumLEQ3 1.7594 3 Prior_123on_Min 2.3538
4 Prior_1_Prediction 1.7300 4 head 2.2441
b) spine_earlier -1.6949 5 deid_block_reports 1.8397
6 Facial_Bones_earlier -1.6472 6 cervical -1.7497
7 spine_earlier_x_FacialBones 1.6210 7 recesses -1.7090
8 acute_x_intracranial 1.3583 8 facial -1.6994
9 Prior_123on_Min 1.3087 9 globe -1.5468
10 acute_x_fracture -1.2211 10 cranium 1.5402
11 face -1.2086 11 appreciated -1.5289
12 Prior_123on_Max_x_FacialBones  -1.1795 12 nondisplaced 1.5284
13 globe -1.1643 13 Prior_1_Prediction 1.5277
14  brain 1.1609 14 extraaxial 1.5126
15 Prior_123on_Avg 1.1176 15 performed 1.5077
16 Prior_2_Prediction 1.0333 16 electronically -1.5012
17  normal _x_paranasal 1.0262 17 concur -1.5012
18  cervical -0.9898 18 comparison 1.4228
19 gas 0.9606 19 abnormalities 1.4148
20  normal x_paranasal x_FacialBones 0.9481 20 spine -1.3936
21 head 0.9399 21 subluxation -1.3434
22 Prior_3_Prediction 0.9317 22 joints -1.2308
23 frontal x_left 0.9043 23 calvarium 1.2227
24 measuring 0.9015 24 nasal -1.2188
25 frontal 0.8833 25 optic -1.2034
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Table 10: Hyperparameter ranges explored in grid search and final chosen configuration.

Hyperparameter

Search Range

Chosen Value

Learning rate

Weight decay (L)
Dropout

Projection dim (dpro;)
Attention used
Attention dim (dgitn)
Concat w/ attention
Value bottleneck
MLP interaction
MLP output dim

fixed (5e-4)

{0.005, 0.01, 0.05, 0.1}
{0.1, 0.2, 0.4, 0.5, 0.6}
{128, 256, 384, 512, 768} 768 (no projection)

{True, False}
(32, 64, 128, 256}

fixed (true)

fixed (false)

fixed (true)

(32, 64, 128}

He-4
0.05
0.6

True
256
True
False
True
128

Macro F1 vs Threshold (All Models)
1.0004 0.980 @ 0,550 0:66
0.971 @ 0-43—

0.975-

0.950-
[0.926 @ 0.51)

0.925- =
0.906 @ 0.41

0.907 @ 0.38

0.900 -

Macro F1

0.875-
0.850-
0.825 -

0.800 - 4 v \
0.0 0.2 0.8 1.0

0.6
Decision Threshold
—— Meta-LogReg (max=0.980) —— Simple LogReg (max=0.907)
—— GBDT (max=0.906)

0.4

—— Neural CRF (marginals) (max=0.986)

= Classical CRF (max=0.971) = SOTA (BERT) (max=0.926)

Figure 10: 2 Additional Baselines on the Academic
Health Center dataset

A.6. Additional Baselines

We additionally train a logistic regression model on
the bag-of-words embeddings and a gradient-boosted
decision tree classifier to provide common tabular-
data baselines. These models allow us to assess how
much predictive signal is captured by simple, context-
free classifiers and how much value the additional
past prediction features add. The results can be ob-
served in Figure 10.

A.7. Performance on Challenging Report

To motivate the varying generalizability of models
and the need to be robust to out-of-distribution sam-
ples, we consider a radiology report that contains in-
formation: CT brain, face, C-spine, chest, abdomen,
and pelvis, and bony pelvis.

Our neural model provided substantially worse per-
formance than our classical models, with even the
best seed still only scoring 63%.

Table 11: Accuracy on Rare 7-Scan Radiology Re-

port
Model Accuracy (%)
Classical CRF 87.06
Metal.ogReg 84.71
Neural CRF (avg over 100 seeds) 35.49
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A.8. Statistical Results

To obtain statistically robust comparisons between
models, we compute 95% confidence intervals (CIs)
for each model’s AUC as well as for the pairwise dif-
ferences in AUC (AUC) between model pairs. Un-
like sentence-level bootstrap procedures—which vio-
late independence because sentences within a report
are correlated—we resample entire reports.

We additionally modify the synthetic bundling pro-
cedure so that each original report appears in exactly
one bundled report, ensuring that all bundled sam-
ples are independent. Under this setup, only a single
CI for the pairwise differences overlaps with zero; im-
portantly, none of the comparisons between our three
modeling approaches and the SOTA baseline include
Zero.

Across models trained on the Duke Health System
dataset, the Classical CRF achieves the highest AUC
(0.9565), followed closely by MetaLogReg (0.9266).
The AUC confidence intervals show that both classi-
cal models significantly outperform the SOTA base-
line and the Neural CRF, with intervals that do not
include zero.
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Model AUC (95% CI) AAUC vs Meta LogReg (95% CI) AAUC vs Classical CRF (95% CI)
Classical CRF  0.9565 (0.9403-0.9704) +0.0299 (0.0174-0.0425) —

Meta LogReg  0.9266 (0.9113-0.9409) — —0.0299 (—0.0425——0.0174)
Neural CRF 0.9211 (0.8991-0.9417) —0.0053 (—0.0275——0.0157) —0.0352 (—0.0572-—0.0146)
SOTA 0.8906 (0.8755-0.9054) —0.0359 (—0.0479-—0.0238) —0.0659 (—0.0812—-—0.0505)

Table 12: AUC and pairwise DeLong AAUC comparisons with 95% confidence intervals. These were models
trained on the Duke Health System dataset and evaluated on bundled MIMIC-IV reports that are
independent from one another.
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EXAM: Noncontrast CT head, CT facial
bones without contrast, noncontrast CT
cervical spine

INDICATION: Patient fell.

TECHNIQUE: Axial images through the
head, facial bones and cervical spine were
acquired without contrast. Dose modula-
tion performed with AEC or manually ad-
justed parameters based on patient size.

CONTRAST DOSE: none administered.

COMPARISON: Prior head CT and sinus
CT from [[DATES]].

FINDINGS: The calvarium is intact without
fracture. No subgaleal collections. Cerebral
sulci and ventricles are prominent consistent
with diffuse parenchymal volume loss. No
midline shift. No acute hemorrhage. Patchy
periventricular hypodensity consistent with
chronic microvascular disease. Right orbital
soft tissue swelling is present with overly-
ing air locules suggesting open laceration.
There is a depressed fracture of the ante-
rior wall of the right maxillary sinus measur-
ing approximately 4-5 mm in displacement.
Additional fracture noted involving poste-
rior wall with trace hemorrhage within the
maxillary sinus. Inferior orbital wall shows
linear fracture without significant displace-
ment. The right globe is intact. Minimal
fluid in right ethmoid air cells. Frontal si-
nuses are underdeveloped. No abnormality
in the sphenoid sinus. Mastoid air cells are
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rowing at C5-C6 and C6-C7 due to disc os-
teophyte complexes. Right neural foramen
at C4-CbH appears nearly obliterated. Mild
canal narrowing at C6-C7 is observed. No
abnormal prevertebral soft tissue. Limited
view of lung apices is unremarkable. Small
reactive lymph nodes are present bilaterally.
Airways grossly normal.

IMPRESSION: 1. No evidence of acute
intracranial abnormality. 2. Acute dis-
placed fracture of right anterior and pos-
terior maxillary sinus walls with associated
hemorrhage and orbital floor involvement.
3. Soft tissue injury consistent with right
orbital trauma. 4. Chronic multilevel
degenerative changes of the cervical spine
with severe right neural foraminal narrow-
ing at C4-C5, no acute fracture identified.
Results were preliminarily discussed with
[[Provider]] in ED by [[Radiologist]] ([[Ven-
dor]]) at 12:47 AM on [[DATE]]. Electron-
ically Signed by: [[Radiologist]] at [[Hos-
pital]] Radiology Department Electronically
Signed on: [[DATE]] 7:38 AM

A.10. Creating Synthetic Bundled Reports

To evaluate generalization on longer, mixed-anatomy
inputs, we constructed 400 concatenated reports and
400 synthetic bundled reports using 300 single-scan
reports from MIMIC-IV: 100 brain-related, 100 face-
related, and 100 spine-related. We evaluated models
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on these synthetic reports in addition to testing on
the original reports, as shown in Table 2.

For concatenation, we combine a brain report with
either nothing, a face report, a spine report, or both.
In this setting, we preserve all content from each
source report — nothing is excluded or modified.

For bundling, the goal is to create a joint report
that retains the original structure by merging the rel-
evant sections from each source report. However, we
cannot do this for all sections — particularly back-
ground sections like history or indication — as doing
so would introduce conflicting or redundant patient
information. To avoid this, we focus on three clini-
cally meaningful sections: EXAMINATION, FIND-
INGS, and IMPRESSIONS. For each bundled report,
we extract these sections from the component reports
and merge them within-section. For example, all
FINDINGS from the individual reports are concate-
nated into a single FINDINGS section in the bundled
report. This approach preserves all the important
content from anatomical regions while avoiding arti-
facts in merging.

In total, we generated 400 bundled reports across
the four combinations described, preserving sentence-
level labels from their source reports to enable evalu-
ation of anatomical region filtering within a realistic
multi-exam structure.

An example of what a synthetically merged bun-
dled report could look like is shown below.
Representative Example of Merged Bundled
Report:

EXAMINATION: CT HEAD WITHOUT
CONTRAST CT FACIAL BONES AND
SINUSES WITHOUT CONTRAST CT

CERVICAL SPINE WITHOUT CON-
TRAST

FINDINGS: The patient has a history of
right-sided craniotomy with metallic surgi-
cal clips visualized along the right supracli-
noid internal carotid artery. There is no
acute intracranial hemorrhage, edema, or
mass effect. Ventricular size and sulcal pat-
tern are within normal limits. A small re-
gion of encephalomalacia is again seen in the
right frontal lobe, stable compared to previ-
ous imaging. Basilar cisterns are preserved.
No midline shift. The skull is intact without
acute calvarial fracture.

The paranasal sinuses demonstrate mild
mucosal thickening in the ethmoid and sphe-
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noid sinuses. There are several tiny reten-
tion cysts noted in the maxillary sinuses.
The right nasal bone is fractured with mild
lateral displacement and surrounding soft
tissue swelling. The orbits are symmetric
and intact. Extraocular muscles and intra-
and extraconal fat planes are preserved.

Within the cervical spine, vertebral align-
ment is normal. No acute fracture is iden-
tified. Degenerative disc changes are most
notable at C5-C6, with narrowing of the
disc space and anterior osteophyte forma-
tion. The spinal canal and neural foramina
are patent throughout. A small focus of cal-
cification is noted along the nuchal ligament.
There is no prevertebral soft tissue swelling.
The upper airway is unremarkable.

Visualized portions of the lung apices are
clear. The thyroid gland appears within
normal limits.

IMPRESSION:

No acute intracranial process. Stable post-
surgical findings following right craniotomy.

Right nasal bone fracture with mild dis-
placement and adjacent soft tissue swelling.

Mild chronic sinus disease without evidence
of acute sinusitis.

Multilevel cervical spondylosis, most pro-
nounced at C5—C6. No acute fracture or
canal stenosis.

A.11. Small Large Language Models

We cast sentence-level anatomy filtering as a con-
strained next-token prediction task. For each sen-
tence, we build a fresh prompt that includes (i) a
short instruction with few-shot examples, (ii) the en-
tire report as context, and (iii) the current sentence
to classify, ending with Answer:. We then compute
probabilities for the verbalizers “yes” (brain) vs “no”
(not brain) and a score where a threshold yields the
binary label. Each sentence is evaluated indepen-
dently (no cross-sentence memory), but the model
can still use full-report context to disambiguate vague
sentences.

We evaluated instruction-tuned and biomedical
7B models, including Qwen 2.5-7B Instruct, Qwen
1.5-7B Chat, and BioMistral-7B (Jiang et al., 2023;
Labrak et al., 2024; Team et al., 2025; Bai et al.,
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2023). While models in the 7B parameter range, such
as those we evaluate, may be classified as either small
or large depending on context, we refer to them as
small language models (SLMs) to distinguish them
from frontier-scale LLMs with more than hundreds
of billions of parameters. As discussed by Chen and
Varoquaux (2025), the definition of ”small” remains
fluid in the literature.

Qwen 2.5-7TB was the strongest small language
model: Maximum Macro-F1 = 0.88 and AUC =
0.9716 on our test set. Qwen 1.5-7B lagged substan-
tially: Macro-F1 = 0.50.

BioMistral-7B is an open-source biomedical large
language model built upon the Mistral 7B-Instruct
architecture and further pre-trained on PubMed Cen-
tral to imbue it with domain-specific knowledge.
However, it only achieved AUC = 0.8096 and Macro-
F1 of 0.6828 under the same setup.

Generally, when we remove report context and feed
only the sentence, AUC drops by up to 0.05, high-
lighting the importance of context.

Below, we present an illustrative sketch of this con-
versational setup, followed by representative prompt
variants that we considered during development.
Representative Prompt:

You are a medical Al assistant. For each
sentence from a radiology report, respond
with only one word: yes if the content is
from a brain or head CT scan, and no if
it is from any other type of CT scan (such
as facial bones, spine, neck, sinuses, etc).
Respond only with that one word.

Example of a brain CT report:

Sentence: EXAM: Head CT

yes

Sentence: INDICATION: Auditory and hal-
lucinations. Confusion.

yes

Sentence: There is generalized atrophy with
changes of chronic white matter microvascu-
lar disease.

yes

Sentence: No intracranial hemorrhage or
signs of an acute infarction.

yes

Sentence: Ventricles and CSF spaces: There
is no evidence of obstructive hydrocephalus.
yes

Sentence: The paranasal sinuses are clear.
yes

21

Sentence: IMPRESSION: Atrophy and
chronic white matter changes.
yes

Now, I will paste the entire radiology report,
and then specify one sentence from it for you
to classify.

Conversation-style application:

You are a medical Al assistant... [SYSTEM-
STR above]

Full report: [All sentences concatenated into
one string]

Sentence: [Current sentence to classify]
With the full report as context, answer ’yes’
or 'no’: Is this sentence brain-related? An-
swer:

We include several alternative prompt variants be-
low. While some emphasize direct classification, oth-
ers provide contrastive examples across scan types.
Additional Prompts:

You are a medical Al assistant. For each
sentence from a radiology report, respond
with only one word:

brain if the sentence refers to findings from
a brain or head CT scan, and not brain
if it refers to any other type of CT scan
(e.g., facial bones, spine, neck, or sinuses).
Respond only with brain or not brain.

Example sentences from a brain CT scan:
Sentence: EXAM: Head CT

brain

Sentence: The wventricles are symmetric
and midline.

brain

Sentence: There is no acute hemorrhage or
mass effect.

brain

Sentence: Paranasal sinuses are clear.
brain

Sentence: IMPRESSION: Mild cerebral
atrophy, no acute findings.

brain

Classify each following sentence as brain or
not brain.
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1408 Classify each sentence from a radiology re-
1400 port with only one word: brain if it de-
1410 scribes findings from a brain or head CT
1411 scan, or not brain for any other type of
1412 scan. Only respond with brain or not
1413 brain.

1414 You are a medical Al assistant. For each
1415 sentence, respond with only one word:

1416 brain if it is from a head CT scan, not
1417 brain otherwise.

1418

1419 Example from a brain CT:

1420 Sentence: INDICATION: Confusion and
1421 memory loss.

1422 brain

1423 Sentence: There is age-appropriate volume
1424 loss.

1425 brain

1426 Sentence: Old infarct in left frontal lobe.
1427 brain

1428

1429 Example from a facial CT:

1430 Sentence: Bony orbits are intact.

1431 not brain

1432 Sentence:  Mild mucosal thickening in
1433 maxillary sinus.

1434 not brain

1435 Sentence: Mandible is unremarkable.

1436 not brain

1437

1438 Classify each following sentence as brain or
1439 not brain.
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