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Abstract1

Radiology reports contain essential clinical2

information but often remain in unstructured,3

free-text formats. Notably, multiple imaging4

examinations performed simultaneously (such5

as CT head, facial bones, and cervical spine6

in trauma cases) may be bundled into a single7

report that consolidates findings from all stud-8

ies into one free-text document, written jointly.9

Because individual sentences may reference am-10

biguous or overlapping anatomy (e.g., “there is11

a fracture”), sentence-level anatomic classifica-12

tion—filtering a report to retain only findings13

relevant to a specific anatomical region—is es-14

sential for downstream tasks such as structured15

label extraction and for creating clean, bijec-16

tive training data for radiology report gener-17

ation models. While formatting differs across18

reports, the clinical language remains precise.19

Using that fact, we develop context-aware clas-20

sical models with feature engineering that sur-21

pass trained neural networks and pre-trained22

language models. We show that the learned23

model weights generalize effectively to MIMIC-24

IV radiology reports and that our approach25

achieves near-optimal performance with only26

a small amount of labeled training data. To-27

gether, these results make our approach practi-28

cal and reproducible for new settings.29

Keywords: radiology reports, information 30

extraction, anatomical region, context-aware 31

models, clinical NLP, report filtering 32

Data and Code Availability We make use of two 33

datasets in this work. The first dataset comprises 34

de-identified radiology reports from the Duke Health 35

System (Manjunath et al., 2025). We additionally 36

used the publicly available MIMIC-IV-Note dataset 37

(Johnson et al., 2023; Goldberger et al., 2000), which 38

contains de-identified free-text clinical notes, includ- 39

ing radiology reports. Code is available at https:// 40

github.com/zakk-h/ContextAwareFiltering and 41

https://doi.org/10.5281/zenodo.17575412. 42

Institutional Review Board (IRB) This study 43

was approved by the Duke Health Institutional Re- 44

view Board (Protocol Pro00103826). 45

1. Introduction 46

Radiology reports are central to clinical care, serv- 47

ing as the primary record of imaging findings and 48

recommendations. They are increasingly used in ma- 49

chine learning as a source of clinical information, even 50

though they are written in free-text form. This nar- 51

rative format aids in conveying clinical nuance, but 52

it also results in wide variability in how information 53

is organized and presented. This leads to an incon- 54

sistent structure that complicates automated analy- 55
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Context-Aware Filtering of Radiology Reports

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, due56

to various clinical and operational reasons, reports57

may combine information from several different imag-58

ing studies into a single jointly written document,59

bundling the information together. These and related60

issues hinder direct use without preprocessing.61

For example, automated extraction tasks typi-62

cally require substantial data cleaning before machine63

learning models or rules-based algorithms can be ap-64

plied (Sugimoto et al., 2021; Hu et al., 2024; Zhou65

et al., 2023; Reichenpfader et al., 2024). Structured66

labelers like CheXbert and RadGraph expect reports67

to focus on a single anatomical region; mixed or bun-68

dled content breaks this assumption. Additionally,69

radiology report generation models require a clean,70

bijective mapping between an image and its corre-71

sponding text. Given the anatomical orientation of72

radiology reporting and the reasons described above,73

it is natural to organize reports by anatomical regions74

for easier extraction and downstream use.75

Our study focuses on filtering radiology reports76

to retain only findings from head CTs, though our77

approaches naturally generalize to any number of78

anatomical classes. Because radiology reports are un-79

structured and anatomical relevance often varies at80

the sentence level, classification should not be per-81

formed at a coarser granularity such as the section or82

report level. It is also unlikely that a single sentence83

would contain findings from distinctly different re-84

gions, making sentence-level classification by anatom-85

ical region the most natural approach. While large86

language models have recently been applied to radi-87

ology text processing (Liu et al., 2023; Zhao et al., 88

2024; Liu et al., 2025), deploying such systems can 89

be impractical in many clinical settings due to sub- 90

stantial compute requirements and potential privacy 91

risks. Ideally, this task could be achieved without 92

reliance on large language models. 93

In this work, we developed and evaluated clas- 94

sical and neural modeling approaches for sentence- 95

level anatomic classification of radiology reports, in 96

which the model determines whether each sentence 97

pertains to the head CT scan or to non-head con- 98

tent (e.g., the cervical spine or facial bones). To 99

address this task, we design context-aware classical 100

models, including an autoregressive logistic regres- 101

sion approach and conditional random fields, that ef- 102

fectively incorporate neighboring sentences. Our ex- 103

periments show that these classical models not only 104

outperform trained neural networks and pre-trained 105

language models on reports from our own institution 106

but also retain high performance when their trained 107

weights are applied directly to reports from another 108

institution. We further examine the generalizability 109

and robustness of our models through systematic fea- 110

ture ablation studies and variation of training data 111

size. 112

Our contributions are as follows: 113

1. We develop three computationally accessible ap- 114

proaches that achieve test AUROCs above 0.997, 115

including a novel sequence-labeling architecture 116

that incorporates radiology-specific contextual 117

features. All three models outperform both the 118
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prior state-of-the-art method for this task and119

pre-trained language models.120

2. We evaluate our models on an external dataset121

from another institution and time period, in-122

cluding both individual reports and merged vari-123

ants designed to mimic mixed formats, and show124

they generalize significantly better than both the125

prior state of the art and pre-trained language126

models.127

3. We vary the amount of training data and show128

that our models are highly data-efficient, out-129

performing pre-trained language models with130

only a fraction of the data, making them espe-131

cially practical and desirable for real-world use132

like downstream labeling and further machine-133

learning.134

2. Related Work135

2.1. Named Entity Recognition136

Extracting structured information from radiology re-137

ports has long been a goal, with approaches rang-138

ing from rule-based systems to machine learning and139

modern deep learning. Early tools such as MetaMap140

focused on recognizing biomedical entities and map-141

ping them to a standardized vocabulary (UMLS) us-142

ing rules and heuristics (Aronson and Lang, 2010).143

Following this, statistical learning approaches be-144

gan to address more complex relationships in text.145

For example, Roberts et al. (2012) used support vec-146

tor machines to not only detect anatomical entities147

but also resolve the anatomical site most closely as-148

sociated with a clinical finding, working at a highly149

granular level (Hearst et al., 1998). With the rise of150

deep learning, systems shifted toward learning con-151

text directly from data. Cornegruta et al. (2016)152

and Casey et al. (2021) built on the previous ap-153

proaches, labeling parts of the input with entity types154

and whether they are negated using approaches like155

BiLSTMs (Graves and Schmidhuber, 2005).156

The previous methods are all general-purpose in-157

formation extraction tools for medical text, but there158

also exist task-specific labeling systems for radiology159

reports. RadGraph, for example, uses machine learn-160

ing to extract entities and relations from chest X-ray161

reports, while CheXpert (and its BERT-based succes-162

sor CheXbert) generate predefined pathology labels163

at the report level, serving primarily as weak supervi-164

sion for vision models (Jain et al., 2021a; Irvin et al.,165

2019; Draelos et al., 2021; Smit et al., 2020). These 166

tools do not work in opposition to our approach, for 167

they expect well-defined, homogeneous radiology re- 168

ports. Our approach enables the use of such tools in 169

broader clinical contexts, given the variability of this 170

data type. These labelers are important for down- 171

stream machine learning use as they can be used to 172

train vision models to predict those labels based on 173

only the image (Jain et al., 2021b). 174

2.2. Radiology Report Generation 175

Much recent work in machine learning for health has 176

focused on extracting useful information from im- 177

ages. This has come in the form of both visual 178

question answering and radiology report generation 179

(Moor et al., 2023; Sloan et al., 2025; Tanno et al., 180

2023; Chen et al., 2020; Ostmeier et al., 2024). How- 181

ever, this adds a new source of error for downstream 182

tasks, because generated reports can hallucinate con- 183

tent, generalize poorly, or miss patient-specific de- 184

tails that influence how clinicians write real reports 185

(Huang et al., 2025; Xu et al., 2025). As Nguyen et al. 186

(2023) argues, radiology report generation should 187

consider why the scan was ordered (the clinical in- 188

dication), not just what is in the image. In other 189

words, the standard image-to-text pipeline overlooks 190

the communicative role of radiology reports, which 191

is to address specific clinical questions for referring 192

physicians. Consequently, access to real radiology 193

reports, even if unstructured, remains very desir- 194

able—provided they can be processed and filtered 195

into structured forms that better support clinician- 196

facing tools and downstream machine learning ap- 197

plications. Filtered reports can also serve as high- 198

quality training data for report-generation models, 199

since they contain only information that is actually 200

visible in the scan. 201

2.3. Anatomic Classification 202

A closely related study by Nishigaki et al. (2023) 203

seeks to classify the Findings section of radiology 204

reports written in Japanese. Their best performing 205

approach fine-tuned a BERT model pretrained on a 206

large Japanese clinical corpus (UTH-BERT) to clas- 207

sify each sentence. Importantly, their method treated 208

sentences independently, without leveraging contex- 209

tual information from neighboring sentences. Also, 210

in contrast to Nishigaki et al. (2023), we choose to 211

filter the entirety of each report to ensure general ap- 212

plicability, as inconsistency in formatting can make 213
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section-specific approaches unreliable, and to capture214

clinically relevant information that may appear out-215

side the Findings section, such as in Impressions.216

3. Data217

3.1. Duke Health System218

Annotators labeled 4,228 sentences from 249 radi-219

ology reports with a sentence-level anatomical cate-220

gory indicating whether each sentence described head221

CT findings or not. These labeled reports come222

from a larger corpus of de-identified radiology re-223

ports sourced from the Duke Health System. This224

dataset contains 56,659 reports from patients meeting225

two of three inclusion criteria: head CT performed in226

the emergency department, chief complaint associ-227

ated with traumatic brain injury, or traumatic brain228

injury diagnosis. Because many reports in this co-229

hort contain findings from multiple imaging studies,230

sentences may reference different anatomical regions.231

Filtering is required to preserve the clinically relevant232

head-CT content and to enable downstream analyses233

with region-specific labelers or when aligning reports234

to imaging data. In this corpus, 76% of labeled sen-235

tences belong to the head CT class. Additionally, in236

our subset of labeled reports, each report corresponds237

to a distinct patient, though this need not hold in238

general.239

We define a sentence as being i) between two punc-240

tuation marks, ii) at the beginning of the report241

through the first punctuation mark, or iii) after the242

last punctuation mark in a report. We also require243

sentences to have more than two words to avoid triv-244

ial consequences of numbered reports (consider ”.245

2.”).246

Additionally, reports feature boilerplate language247

that can be removed as well via rules. The language248

is standard and contributes no information to the spe-249

cific findings of the report. This reduces the dataset250

size to 3786 sentences. The labeled dataset contains251

76% brain-related findings, with the remaining 24%252

being findings from cervical spine and facial bones253

exams.254

3.2. MIMIC255

We also test our models on MIMIC-IV notes to as-256

sess generalization (Johnson et al., 2023; Goldberger257

et al., 2000). We assembled an additional test set258

of 300 reports—100 brain, 100 facial bones, and 100259

spine—containing 10,629 sentences solely for testing260

our models. Due to the clean format of the radiology 261

reports in MIMIC-IV (multi-scan reports are effec- 262

tively absent in this dataset), we devised methods to 263

simulate bundled reports. We evaluate our models 264

both on the individual reports and on merged vari- 265

ants that simulate bundled and unstructured formats. 266

3.3. Data Division 267

We split the Duke Health System dataset into 3,066 268

training sentences (199 reports) and 720 test sen- 269

tences (50 reports), ensuring that all sentences from 270

a given report remained within the same partition. 271

An additional 10,629 sentences (300 reports) from 272

the external dataset were used exclusively for out- 273

of-distribution evaluation and testing. 274

For neural models, a validation set was carved out 275

from the training data for hyperparameter tuning and 276

early stopping; after tuning, part of this validation 277

set was returned to the training set, leaving a smaller 278

portion for early stopping. For classical models, no 279

validation set was needed after tuning, so the entire 280

training set is used. 281

4. Methods 282

We contribute three approaches to this task and com- 283

pare them to pre-trained language models as well as 284

the current state-of-the-art architecture: (1) a novel 285

autoregressive logistic regression framework for se- 286

quence labeling with optional feature engineering, (2) 287

a classical conditional random field (CRF) that can 288

incorporate the same domain-informed features, and 289

(3) a neural CRF architecture that integrates clinical 290

embeddings and compartmentalizes information into 291

distinct components while enabling structured inter- 292

actions between these components. 293

4.1. Baseline Models 294

SOTA: The state-of-the-art architecture described 295

in Nishigaki et al. (2023) for this task, outperforming 296

all their other approaches, is to feed a sentence into 297

UTH-BERT (a Japanese clinical-domain BERT) and 298

extract the [CLS] token’s output vector to represent 299

the sentence, then feed it into a linear layer and soft- 300

max to classify. The mentioned approach fine-tunes 301

BERT and the classification head jointly. We use 302

ClinicalBERT as an analog (Alsentzer et al., 2019). 303

SLMs: We also compare our performance to small 304

language models (approximately 7B parameters, 305
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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), which306

can be run locally on a single GPU without sub-307

stantially slow inference. Such models are attractive308

in healthcare settings where data privacy, regulatory309

constraints, and limited compute prohibit the deploy-310

ment of larger LLMs. Notably, our environment does311

not permit access to HIPAA-compliant LLMs. We312

evaluated several instruction-tuned and biomedical313

SLMs, including Qwen 2.5-7B Instruct, Qwen 1.5-7B314

Chat, and BioMistral-7B (Jiang et al., 2023; Labrak315

et al., 2024; Team et al., 2025; Bai et al., 2023). Qwen316

2.5-7B was consistently the strongest performer, and317

we report its results in the main experiments.318

We conducted experiments with multiple prompt-319

ing strategies, including a system prompt contain-320

ing 0–3 labeled examples and sequential sentence-321

level prediction within a single chat session per re-322

port. For a report, we initialized a new chat and323

fed the model the sentences chronologically, one at a324

time, with its answer in between, and the full chat325

history as context for future predictions. We evalu-326

ated both providing the full report at the start for327

context at the beginning versus only supplying the328

sentences as you go, analogous to the autoregres-329

sive logistic regression framework. In all cases, infer-330

ence was performed with greedy deterministic decod-331

ing (temperature = 0), and we additionally explored332

varying the decision threshold by computing the ra-333

tio p(brain | chat history)/p(not brain | chat history)334

with adjustments to accommodate multi-token out-335

puts.336

4.2. Autoregressive Logistic Regression337

First, we introduce a logistic regression architec-338

ture that incorporates features from earlier sentences’339

model outputs—an approach we refer to as autore-340

gressive in the sense that each prediction depends on 341

summary statistics of past predictions. As such, it is 342

also an online algorithm. 343

We embed each sentence with a frequency-invariant 344

binary bag of words embedding, possibly excluding 345

rare words. There are two components of the model: 346

a base model BaseLogReg, and the model that out- 347

puts the final predictions, MetaLogReg. 348

Consider the base logistic regression model. BaseL- 349

ogReg will give a probability that the sentence should 350

be included (it is in the desired anatomical region), 351

given its embedding. 352

MetaLogReg will predict on sentence i in the report 353

using its embedding, but also past context in the form 354

of functions of BaseLogReg (a simplified view is shown 355

in Figure 2). We take the average, minimum, and 356

maximum of the last k = 3 BaseLogReg probabilities 357

(and those k probabilities themselves) 358

As shown in our feature ablation studies, there are 359

diminishing returns after the first addition. We sub- 360

tract 0.5 from the aggregation features to improve 361

interpretability, effectively shifting their range from 362

(0, 1) to (−0.5, 0.5), so that the threshold for decision- 363

making aligns with 0. Where a prediction is unde- 364

fined because j is negative, we substitute 0 (or 0.5 365

before shifting) as our uninformative prior. 366

Formally, this transformation does not change the 367

optimal feature weights of the logistic regression 368

model. However, it does shift the intercept by an 369

amount equal to 370

∆b = 0.5×
∑
j∈S

wj ,

where S is the set of feature indices that are shifted, 371

and wj denotes the weight assigned to feature j. 372

We also explored augmenting the bag-of-words 373

embeddings with additional feature engineering de- 374
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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 resolve375

ambiguous sentences. While the models trained with376

these features heavily depend on them, we found that377

they have little effect on performance. Thus, for ac-378

cessibility and ease of adoption, we therefore report379

all main results without them; see Appendix A for380

details and comparisons.381

We note several appealing properties of this archi-382

tecture: each component is globally optimal, and the383

overall model captures report-wide structure, includ-384

ing interactions and past probabilities. We could even385

allow direct interactions between past probabilities386

and the current sentence embedding—something not387

possible in architectures like CRFs.388

Formally, let x1:T = (x1, . . . , xT ) and p̂
(0)
1:T =389

(p̂
(0)
1 , . . . , p̂

(0)
T ) denote the sequence of sentence fea-390

tures and the sequence of stage-0 (base model) prob-391

abilities, respectively. The model then predicts392

Pr(yt = 1 | x1:T , p̂
(0)
1:T ) = f

(
x1:T , p̂

(0)
1:T , t

)
.

We choose to condition only on past inputs and393

predictions; this formulation is compatible with incre-394

mental processing and real-time clinical workflows.395

We train our two logistic regression models with396

default regularization. To prevent data leakage from397

the base model to the meta model on the training set,398

we train the base model on all but one fold, make pre-399

dictions on that fold to be used by MetaLogReg, and400

rotate what data it was trained on to make predic-401

tions for the whole training set.402

4.3. Classical Conditional Random Field403

We can directly apply all of the feature engineering,404

except for prior probabilities and (5), to a classical405

linear-chain conditional random field (CCRF), which406

compartmentalizes the prediction into transition and407

emission probabilities (Lafferty et al., 2001).408

4.4. Neural Conditional Random Field 409

Thirdly, we can replace our feature-engineered CRF 410

with a neural version. We highlight all architecture 411

options we consider. 412

For sentence i, we construct three different embed- 413

dings using (frozen) BioClinicalBERT: past, current, 414

and future sentence embeddings. Past and future 415

may either be derived from just sentence i − 1 or 416

i+ 1, or may have all prior or all future context. We 417

consider embedding with CLS, component-wise max 418

per token, or average token embedding. Each of these 419

embeddings is optionally projected through a shared 420

linear layer to a lower-dimensional space. These three 421

context vectors are then stacked, and a self-attention 422

mechanism may be applied to facilitate interactions. 423

To prevent the loss of direct signal from the current 424

sentence, we concatenate this attention vector with 425

the original “now” embedding. If we don’t apply the 426

attention mechanism, then we just concatenate all 427

three vectors. This combined representation is then 428

passed through an MLP to produce emissions for a 429

linear-chain CRF. 430

We created a validation set using 30% of the train- 431

ing data and performed hyperparameter tuning over 432

the main architectural features (see Appendix A for 433

details). The best configuration was: proj dim = 434

(no projection), attn dim = 256, mlp dim = 128, 435

dropout = 0.6, weight decay = 0.05, giving it just 436

over 700,000 parameters. This also utilizes CLS em- 437

beddings and full past and future history. 438

5. Evaluations 439

We evaluate models trained and tested on Duke data, 440

their robustness under reduced training data, and 441

their generalization to MIMIC-IV with and without 442

retraining. Across all experiments, the task is binary 443
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Figure 4: Macro F1 on the Duke Health System test set across different thresholds.

sentence-level classification: determining whether a444

sentence describes head CT findings. AUROC and445

Macro F1 use per-sentence probabilities (model out-446

puts or CRF marginals), while hard predictions use a447

0.5 threshold for logistic-regression models and MAP448

decoding for CRFs.449

5.1. Performance on Duke Dataset450

As seen in Figure 4, our three modeling approaches451

achieve substantially higher Macro F1 than the state-452

of-the-art model and Small Language Models.453

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-454

form nearly equally in terms of AUROC (Table 1).455

5.2. Required Training Data456

We ask the question of how much data our classical457

models need to perform well to establish how accessi-458

ble they are to use over a pre-trained language model.459

We fix the test set and sample a proportion p of the460

training set reports and display the test accuracy av- 461

eraged across random seeds in the plot. 462

Figure 5 shows that the autoregressive logistic 463

regression model consistently outperforms all other 464

modeling approaches. Notably, the CRF models 465

underperformed all other modeling approaches with 466

limited data, possibly because of poorly calibrated 467

transition probabilities. Additionally, even with just 468

25% of the training data, the classical modeling ap- 469

proaches perform nearly as well. This shows that 470

these approaches are accessible to use with only a 471

small amount of labeled data. Feature engineering 472

provides clear benefits in the low-data regime, yet 473

hinders performance once more training data is avail- 474

able (see Appendix A). 475

5.3. Generalizability to MIMIC-IV 476

Motivated by the need for models that remain re- 477

liable under distributional shift, we next assess ex- 478

ternal generalization. We fix our model weights and 479

evaluate the models (trained on the Duke Health Sys- 480

tem dataset) on the 300 reports derived from MIMIC- 481

IV notes described previously (Johnson et al., 2023; 482

Goldberger et al., 2000). 483

Given that MIMIC-IV does not contain the bun- 484

dled, multi-scan reports that motivate our task, we 485

evaluate our models in three different ways: (1) test- 486

ing on individual reports directly, (2) combining mul- 487

tiple reports by simple concatenation, and (3) con- 488

structing synthetic bundled reports using rules-based 489

reasoning to extract and reorganize sections to em- 490

ulate how they may appear jointly in practice. See 491
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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 joint492

reports were constructed.493

Model Indiv. Concat Bundled

Meta-LogReg 0.912 0.901 0.937
CCRF 0.965 0.977 0.956
Neural CRF 0.903± 0.009 0.893± 0.012 0.897± 0.016
SOTA 0.850± 0.022 0.861± 0.020 0.886± 0.016

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 in494

Table 2—individual reports, simple concatenations,495

and more complex rule-based bundles—our methods496

remain robust. This demonstrates that our models497

perform consistently, independent of report structure.498

In all cases, our context-aware approaches outper-499

form the prior state-of-the-art.500

5.4. Training on MIMIC-IV501

Because our goal is not only to demonstrate gener-502

alizability of interpretable modeling approaches but503

also to show that these architectures remain reliable504

Table 3: Training and testing on the created MIMIC
Bundled Reports (10% Train, 90% Test),
averaged across train–test splits.

Model Mean ± Std (AUROC)

Classical CRF 0.977± 0.002
Meta-LogReg 0.974± 0.005
Neural CRF 0.931± 0.011
SOTA 0.951± 0.003

and effective when trained on a small amount of 505

institution-specific data, we additionally train each 506

model using only 10% of the available MIMIC-IV 507

bundled reports. 508

As shown in Table 3, the classical models again 509

have superb discrimination capability even with 510

training on a small fraction of the labeled reports. 511

They also achieve AUROCs above 0.97 with ex- 512

tremely small variance across splits, indicating that 513

these models are not only accurate but also stable 514

under limited supervision. 515

This mirrors the behavior we observe on the Duke 516

Health System dataset and highlights a practical ad- 517

vantage: institutions can train reliable, lightweight 518

filters using only a modest number of locally labeled 519

reports, without requiring large corpora, resource- 520
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intensive fine-tuning, or on-premise LLM deploy-521

ments.522

6. Discussion523

Our results clearly show that carefully engineered524

classical models achieve stellar performance on525

anatomical region classification in unstructured radi-526

ology reports. Our autoregressive logistic-regression527

model is novel in sequence labeling and performs com-528

parably to the classical CRF on held-out reports from529

the same institution. Importantly, it offers practical530

advantages: it operates at the sentence level—making531

individual predictions directly interpretable—and it532

yields straightforward per-sentence probability esti-533

mates. It is globally optimal at each step and can534

consider context arbitrarily ahead or behind. No-535

tably, limiting the context window to earlier sentences536

allows for live integration into clinical dictation envi-537

ronments.538

With just 20−25% of the training data, both clas-539

sical models perform essentially just as well as they540

do with all the data. This is significant because it541

shows that these approaches remain practical without542

demanding large amounts of annotation time. Addi-543

tionally, they are vastly superior to using small pre-544

trained language models, or even bigger ones. How-545

ever, this is not strictly required because our models546

generalize to mixed MIMIC-IV radiology reports with547

up to 0.977 AUROC.548

In contrast, our Neural CRF performed well on549

the Duke test set, but both it and the SOTA model550

failed to generalize when their weights were applied551

to MIMIC, each dropping by roughly 0.1 AUROC.552

This motivates considering why simpler models be-553

haved differently. Theoretical and empirical results554

show that interpretable models often match or exceed555

the performance of more complex methods on tabular556

datasets (Rudin et al., 2024; Semenova et al., 2023).557

This makes it plausible that converting clinical text558

into a tabular representation preserved the essential559

predictive structure. When this structure is retained,560

the problem effectively becomes tabular—and in that561

domain, simple interpretable models are known to562

perform exceptionally well.563

6.1. Limitations and Future Work564

Although our models perform well on the given task,565

we only sought to extract information from one566

anatomical region. However, all of our methods ex-567

tend naturally to multiclass settings. In most down- 568

stream tasks, the primary goal remains isolating one 569

anatomical region with minimal false inclusions. 570

While we test our models on data from two dif- 571

ferent institutions, with reports from different time 572

periods, publicly available datasets like MIMIC-IV 573

have processed radiology reports without the unstruc- 574

tured and bundled issues we described. Although 575

we attempted to inject information from individual 576

MIMIC reports to form a multi-anatomy report with 577

variable formatting, it may not fully capture the dis- 578

tributional characteristics of naturally occurring clin- 579

ical text. Even so, these single-scan and synthetic- 580

merge results are encouraging, implying that our ear- 581

lier architectures trained on large datasets could gen- 582

eralize across institutions with great performance. 583

In addition to training these architectures on larger 584

and more general datasets, one could incorporate a 585

human-in-the-loop correction mechanism to improve 586

labeling consistency. For example, if a clinician over- 587

rides the predicted label of a specific sentence, both 588

the conditional random field (CRF) and the autore- 589

gressive logistic regression (MetaLogReg) models can 590

be modified to condition future predictions on the 591

known label. However, we view these extensions as 592

complementary rather than central to the work: our 593

primary contribution is providing a reliable filtering 594

mechanism that enables downstream labeling and fu- 595

ture model development. 596

While large language models are powerful, deploy- 597

ing them on protected clinical text is often limited 598

by institutional privacy requirements and the cost 599

of maintaining secure, on-premise models. When an 600

institution has access to such a system, it could be 601

used to pseudolabel a modest number of reports, af- 602

ter which a lightweight model can be trained and 603

deployed efficiently. In this sense, LLM-assisted la- 604

beling and classical approaches are complementary: 605

LLMs generate labels when available, while classical 606

models yield inexpensive and deployable inference. 607

7. Conclusion 608

Our work demonstrates that simple, interpretable, 609

and data-efficient classical sequence models can ro- 610

bustly filter unstructured radiology reports to pre- 611

serve anatomy-specific content. The approach is com- 612

putationally lightweight, generalizes across institu- 613

tions, and integrates naturally into both real-time 614

clinical workflows as well as to obtain clean training 615

data for image-to-text models. 616
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Hamon, Aurélie Névéol, and Pierre Zweigenbaum, 674

editors, Proceedings of the Seventh International 675

Workshop on Health Text Mining and Informa- 676

tion Analysis, pages 17–27, Austin, TX, Novem- 677

ber 2016. Association for Computational Linguis- 678

tics. doi: 10.18653/v1/W16-6103. URL https: 679

//aclanthology.org/W16-6103/. 680

Rachel Lea Draelos, David Dov, Maciej A. 681

Mazurowski, Joseph Y. Lo, Ricardo Henao, Ge- 682

offrey D. Rubin, and Lawrence Carin. Machine- 683

learning-based multiple abnormality prediction 684

with large-scale chest computed tomography vol- 685

umes. Medical Image Analysis, 67:101857, Jan- 686

uary 2021. ISSN 1361-8415. doi: 10.1016/j.media. 687

2020.101857. URL http://dx.doi.org/10.1016/ 688

j.media.2020.101857. 689

A. Goldberger, L. Amaral, L. Glass, J. Hausdorff, 690

P. C. Ivanov, R. Mark, and H. E. Stanley. Phys- 691

iobank, physiotoolkit, and physionet: Components 692

of a new research resource for complex physio- 693

logic signals. Circulation, 101(23):e215–e220, 2000. 694

RRID:SCR 007345. 695

Alex Graves and Jürgen Schmidhuber. Framewise 696

phoneme classification with bidirectional LSTM 697

and other neural network architectures. Neural 698

Networks, 18(5-6):602–610, jun 2005. doi: 10.1016/ 699

j.neunet.2005.06.042. 700

M.A. Hearst, S.T. Dumais, E. Osuna, J. Platt, and 701

B. Scholkopf. Support vector machines. IEEE In- 702

telligent Systems and their Applications, 13(4):18– 703

28, 1998. doi: 10.1109/5254.708428. 704

Danqing Hu, Bing Liu, Xiaofeng Zhu, Xudong Lu, 705

and Nan Wu. Zero-shot information extraction 706

from radiological reports using chatgpt. Interna- 707

tional Journal of Medical Informatics, 183:105321, 708

10

https://arxiv.org/abs/1904.03323
https://arxiv.org/abs/1904.03323
https://arxiv.org/abs/1904.03323
https://arxiv.org/abs/2309.16609
https://arxiv.org/abs/2309.16609
https://arxiv.org/abs/2309.16609
https://arxiv.org/abs/2409.06857
https://aclanthology.org/2020.emnlp-main.727
https://aclanthology.org/2020.emnlp-main.727
https://aclanthology.org/2020.emnlp-main.727
https://aclanthology.org/W16-6103/
https://aclanthology.org/W16-6103/
https://aclanthology.org/W16-6103/
http://dx.doi.org/10.1016/j.media.2020.101857
http://dx.doi.org/10.1016/j.media.2020.101857
http://dx.doi.org/10.1016/j.media.2020.101857


Context-Aware Filtering of Radiology Reports

March 2024. ISSN 1386-5056. doi: 10.1016/j.709

ijmedinf.2023.105321. URL http://dx.doi.org/710

10.1016/j.ijmedinf.2023.105321.711

Edward J Hu, Yelong Shen, Phillip Wallis, Zeyuan712

Allen-Zhu, Yuanzhi Li, SheanWang, LuWang, and713

Weizhu Chen. LoRA: Low-rank adaptation of large714

language models. In International Conference on715

Learning Representations, 2022. URL https://716

openreview.net/forum?id=nZeVKeeFYf9.717

Lei Huang, Weijiang Yu, Weitao Ma, Weihong Zhong,718

Zhangyin Feng, Haotian Wang, Qianglong Chen,719

Weihua Peng, Xiaocheng Feng, Bing Qin, and720

Ting Liu. A survey on hallucination in large lan-721

guage models: Principles, taxonomy, challenges,722

and open questions. ACM Transactions on Infor-723

mation Systems, 43(2):1–55, January 2025. ISSN724

1558-2868. doi: 10.1145/3703155. URL http:725

//dx.doi.org/10.1145/3703155.726

Jeremy Irvin, Pranav Rajpurkar, Michael Ko, Yi-727

fan Yu, Silviana Ciurea-Ilcus, Chris Chute, Hen-728

rik Marklund, Behzad Haghgoo, Robyn Ball,729

Katie Shpanskaya, Jayne Seekins, David A. Mong,730

Safwan S. Halabi, Jesse K. Sandberg, Ricky731

Jones, David B. Larson, Curtis P. Langlotz,732

Bhavik N. Patel, Matthew P. Lungren, and An-733

drew Y. Ng. Chexpert: a large chest radiograph734

dataset with uncertainty labels and expert com-735

parison. In Proceedings of the Thirty-Third AAAI736

Conference on Artificial Intelligence and Thirty-737

First Innovative Applications of Artificial Intel-738

ligence Conference and Ninth AAAI Symposium739

on Educational Advances in Artificial Intelligence,740

AAAI’19/IAAI’19/EAAI’19. AAAI Press, 2019.741

ISBN 978-1-57735-809-1. doi: 10.1609/aaai.v33i01.742

3301590. URL https://doi.org/10.1609/aaai.743

v33i01.3301590.744

Saahil Jain, Ashwin Agrawal, Adriel Saporta,745

Steven QH Truong, Du Nguyen Duong, Tan746

Bui, Pierre Chambon, Matthew P. Lungren, An-747

drew Y. Ng, Curtis P. Langlotz, and Pranav748

Rajpurkar. Radgraph: Extracting clinical enti-749

ties and relations from radiology reports (version750

1.0.0), 2021a. URL https://doi.org/10.13026/751

hm87-5p47. RRID:SCR 007345.752

Saahil Jain, Akshay Smit, Andrew Y. Ng, and Pranav753

Rajpurkar. Effect of radiology report labeler qual-754

ity on deep learning models for chest x-ray inter-755

pretation, 2021b. URL https://arxiv.org/abs/ 756

2104.00793. 757

Albert Q. Jiang, Alexandre Sablayrolles, Arthur 758

Mensch, Chris Bamford, Devendra Singh Chap- 759

lot, Diego de las Casas, Florian Bressand, Gi- 760

anna Lengyel, Guillaume Lample, Lucile Saulnier, 761

Lélio Renard Lavaud, Marie-Anne Lachaux, Pierre 762

Stock, Teven Le Scao, Thibaut Lavril, Thomas 763

Wang, Timothée Lacroix, and William El Sayed. 764

Mistral 7b, 2023. URL https://arxiv.org/abs/ 765

2310.06825. 766

A. Johnson, T. Pollard, S. Horng, L. A. Celi, 767

and R. Mark. Mimic-iv-note: Deidentified 768

free-text clinical notes (version 2.2), 2023. 769

URL https://doi.org/10.13026/1n74-ne17. 770

RRID:SCR 007345. 771

Yanis Labrak, Adrien Bazoge, Emmanuel Morin, 772

Pierre-Antoine Gourraud, Mickael Rouvier, and 773

Richard Dufour. BioMistral: A collection of 774

open-source pretrained large language models for 775

medical domains. In Lun-Wei Ku, Andre Mar- 776

tins, and Vivek Srikumar, editors, Findings of 777

the Association for Computational Linguistics: 778

ACL 2024, pages 5848–5864, Bangkok, Thai- 779

land, August 2024. Association for Computational 780

Linguistics. doi: 10.18653/v1/2024.findings-acl. 781

348. URL https://aclanthology.org/2024. 782

findings-acl.348/. 783

John D. Lafferty, Andrew McCallum, and Fernando 784

C. N. Pereira. Conditional random fields: Prob- 785

abilistic models for segmenting and labeling se- 786

quence data. In Proceedings of the Eighteenth 787

International Conference on Machine Learning, 788

ICML ’01, pages 282–289, San Francisco, CA, 789

USA, 2001. Morgan Kaufmann Publishers Inc. 790

ISBN 1-55860-778-1. URL http://dl.acm.org/ 791

citation.cfm?id=645530.655813. 792

Zhengliang Liu, Tianyang Zhong, Yiwei Li, Yutong 793

Zhang, Yi Pan, Zihao Zhao, Peixin Dong, Chao 794

Cao, Yuxiao Liu, Peng Shu, Yaonai Wei, Zihao Wu, 795

Chong Ma, Jiaqi Wang, Sheng Wang, Mengyue 796

Zhou, Zuowei Jiang, Chunlin Li, Jason Holmes, 797

Shaochen Xu, Lu Zhang, Haixing Dai, Kai Zhang, 798

Lin Zhao, Yuanhao Chen, Xu Liu, Peilong Wang, 799

Pingkun Yan, Jun Liu, Bao Ge, Lichao Sun, Da- 800

jiang Zhu, Xiang Li, Wei Liu, Xiaoyan Cai, Xintao 801

Hu, Xi Jiang, Shu Zhang, Xin Zhang, Tuo Zhang, 802

11

http://dx.doi.org/10.1016/j.ijmedinf.2023.105321
http://dx.doi.org/10.1016/j.ijmedinf.2023.105321
http://dx.doi.org/10.1016/j.ijmedinf.2023.105321
https://openreview.net/forum?id=nZeVKeeFYf9
https://openreview.net/forum?id=nZeVKeeFYf9
https://openreview.net/forum?id=nZeVKeeFYf9
http://dx.doi.org/10.1145/3703155
http://dx.doi.org/10.1145/3703155
http://dx.doi.org/10.1145/3703155
https://doi.org/10.1609/aaai.v33i01.3301590
https://doi.org/10.1609/aaai.v33i01.3301590
https://doi.org/10.1609/aaai.v33i01.3301590
https://doi.org/10.13026/hm87-5p47
https://doi.org/10.13026/hm87-5p47
https://doi.org/10.13026/hm87-5p47
https://arxiv.org/abs/2104.00793
https://arxiv.org/abs/2104.00793
https://arxiv.org/abs/2104.00793
https://arxiv.org/abs/2310.06825
https://arxiv.org/abs/2310.06825
https://arxiv.org/abs/2310.06825
https://doi.org/10.13026/1n74-ne17
https://aclanthology.org/2024.findings-acl.348/
https://aclanthology.org/2024.findings-acl.348/
https://aclanthology.org/2024.findings-acl.348/
http://dl.acm.org/citation.cfm?id=645530.655813
http://dl.acm.org/citation.cfm?id=645530.655813
http://dl.acm.org/citation.cfm?id=645530.655813


Context-Aware Filtering of Radiology Reports

Shijie Zhao, Quanzheng Li, Hongtu Zhu, Ding-803

gang Shen, and Tianming Liu. Evaluating large804

language models for radiology natural language805

processing, 2023. URL https://arxiv.org/abs/806

2307.13693.807

Zhengliang Liu, Yiwei Li, Peng Shu, Aoxiao Zhong,808

Hanqi Jiang, Yi Pan, Longtao Yang, Chao Ju,809

Zihao Wu, Chong Ma, Cheng Chen, Sekeun810

Kim, Haixing Dai, Lin Zhao, Lichao Sun, Da-811

jiang Zhu, Jun Liu, Wei Liu, Dinggang Shen,812

Quanzheng Li, Tianming Liu, and Xiang Li.813

Radiology-gpt: A large language model for radi-814

ology. Meta-Radiology, 3(2):100153, 2025. ISSN815

2950-1628. doi: https://doi.org/10.1016/j.metrad.816

2025.100153. URL https://www.sciencedirect.817

com/science/article/pii/S2950162825000219.818

Pranav Manjunath, Brian Lerner, and Timothy W819

Dunn. Trust Your Neighbors: Multimodal Pa-820

tient Retrieval for TBI Prognosis. working pa-821

per or preprint, September 2025. URL https:822

//hal.science/hal-05285969.823

Michael Moor, Qian Huang, Shirley Wu, Michihiro824

Yasunaga, Yash Dalmia, Jure Leskovec, Cyril Za-825

kka, Eduardo Pontes Reis, and Pranav Rajpurkar.826

Med-flamingo: a multimodal medical few-shot827

learner. 225:353–367, 10 Dec 2023. URL https:828

//proceedings.mlr.press/v225/moor23a.html.829

Dang Nguyen, Chacha Chen, He He, and Chen-830

hao Tan. Pragmatic radiology report genera-831

tion. 225:385–402, 10 Dec 2023. URL https://832

proceedings.mlr.press/v225/nguyen23a.html.833

Daichi Nishigaki, Yuki Suzuki, Takuma Wataya,834

Kazuyuki Kita, Kenta Yamagata, Junya Sato,835

Shoichiro Kido, and Noboru Tomiyama. Bert-836

based transfer learning in sentence-level anatomic837

classification of free-text radiology reports. Radiol-838

ogy: Artificial Intelligence, 5(2):e220097, feb 2023.839

doi: 10.1148/ryai.220097.840

Sophie Ostmeier, Justin Xu, Zhihong Chen, Maya841

Varma, Louis Blankemeier, Christian Bluethgen,842

Arne Edward Michalson Md, Michael Moseley,843

Curtis Langlotz, Akshay S Chaudhari, and Jean-844

Benoit Delbrouck. Green: Generative radiology845

report evaluation and error notation. In Find-846

ings of the Association for Computational Linguis-847

tics: EMNLP 2024, page 374–390. Association for848

Computational Linguistics, 2024. doi: 10.18653/849

v1/2024.findings-emnlp.21. URL http://dx.doi. 850

org/10.18653/v1/2024.findings-emnlp.21. 851

Daniel Reichenpfader, Jonas Knupp, André Sander, 852
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Appendix A. Appendix949

A.1. LoRA950

In addition to employing the state-of-the-art architec-951

ture described by Nishigaki et al. (2023), we also ex-952

plore parameter-efficient finetuning using LoRA (Hu953

et al., 2022). The results with this approach on the954

Duke Health System dataset test set are shown in955

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 LoRA-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).

956

A.2. Feature Engineering957

We also consider augmenting the bag-of-words958

(BOW) embeddings with additional feature engineer-959

ing. Many of these capture global structure of the960

report outside of just the current sentence.961

1. Sentence position flag (Sent Num ≤ 3)962

2. spine earlier, facial bones earlier indica-963

tors964

3. Each word × spine earlier965

4. Each word × facial bones earlier966

5. (Optional) Each word × Prior 1967

6. Top ℓ = 300 most frequent word × word pairs968

(1) is intended to detect the header, (2) and (3),969

and extensions are to detect any header informa-970

tion (if in the report), or mention of specific regions971

that would tend to reveal the presence of information972

about a specific scan. Interaction terms in (3), (4), 973

(5), and (6) seek to give clarity to ambiguous words. 974

However, we find that these additional features are 975

not required to achieve strong performance, so we 976

omit them in our main experiments for simplicity. 977

Although models trained with them place substan- 978

tial weight on these engineered features, they do not 979

yield measurable performance gains, as demonstrated 980

later in this section. 981

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- 982

data regime, using just 5% of the training reports. 983

As shown in the Table 5 and Table 6, feature en- 984

gineering led to a substantial improvement in perfor- 985

mance—particularly for the classical CRF, which was 986

otherwise unstable on minority-class examples. For 987

the MetaLogReg model, gains were more modest but 988

still noticeable. 989

Without feature engineering, the CRF struggled to 990

recall non-brain sentences (15.5% recall for class 0), 991

whereas feature engineering improved this to 41.7%. 992

The MetaLogReg model already performed well with- 993

out features, but still saw an increase in precision and 994

recall for both classes with their inclusion. 995

However, as shown in Figure 6 and Figure 7, the 996

benefits of feature engineering disappear once the 997

model is trained on at least half of the labeled data. 998

At p = 0.5 and above, both MetaLogReg and CRF 999

perform nearly identically with or without engineered 1000

features. This suggests that while domain-informed 1001

features are helpful in low-data regimes, they are ulti- 1002

mately unnecessary for models trained on more sub- 1003

stantial datasets. 1004

Following Occam’s razor, we ran all of our classical 1005

model experiments in the main text without these 1006

additional features. However, just because there exist 1007

equally good models that can choose between all the 1008

features and the restricted feature set does not mean 1009
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Figure 6: (a) With Feature Engineering Figure 7: (b) Without Feature Engineering

that the six categories of features we proposed adding1010

were not useful to a good model.1011

For completeness, we also show in Figure 8 how1012

the feature-engineered models would perform on the1013

MIMIC-IV test data. Here, the two classical ap-1014

proaches use feature engineering and perform worse1015

than they did without feature engineering in Table 2.1016

This shows that the feature engineering (which did1017

not impact performance on the Duke Health Sys-1018

tem dataset) did not generalize sufficiently well to1019

MIMIC-IV reports. Despite this fact, however, they1020

still outperform our NeuralCRF, the state-of-the-art1021

model, and pre-trained language models.1022

A.3. Need for Prior Features1023

One of the defining features of our novel autoregres-1024

sive logistic regression approach is the aggregation of1025

prior predictions. In this section, we study how the1026

size of our context window (which we restrict to only1027

earlier sentences to allow for applications in stream-1028

ing) impacts model performance. Likewise, we will1029

also explore the impact of the aggregation function1030

used to summarize the context window.1031

First, we establish that some form of aggregation1032

is needed. To do this, we train MetaLogReg with-1033

out any prior features and display the results below1034

in Figure 9. Notably, for the first time, autoregres-1035

sive logistic regression is severely underperforming1036

the classical conditional random field. Compared to1037

the results in Figure 7, we see that the model without1038

prior information is strictly worse at differentiating1039

between the classes.1040

Figure 8: AUC for all models on MIMIC-IV synthet-
ically merged reports.
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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-1041

text window size k, where only predictions from the1042

k previous sentences are considered. We constrain1043

the model to use past-only context to allow deploy-1044

ment in real-time or streaming settings. As shown in1045

Table 7, performance improves notably when moving1046

from k=1 (AUC 0.9902) to k=3 (AUC 0.9971), but1047

plateaus thereafter. This suggests that modest con-1048

text is sufficient for most sentences, and that large1049

windows yield diminishing returns.1050

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 the1051

importance of each aggregation function at k = 3.1052

The model computes the average, maximum, and1053

minimum of prior probabilities across the context1054

window. Removing any one of these has minimal1055

effect to no effect, indicating mild redundancy. Re- 1056

moving all of them also does not affect model perfor- 1057

mance. Thus, while the choice of aggregation func- 1058

tions can be simplified with minimal performance 1059

loss, maintaining a reasonably sized context window 1060

remains important. 1061

A.4. Feature Importances 1062

To better understand what drives the predictions of 1063

our autoregressive logistic regression model, we ex- 1064

amine the most influential features by inspecting the 1065

learned coefficients. Since our model is linear and ad- 1066

ditive in its input features, the magnitude and sign 1067

of each coefficient provide a direct measure of its im- 1068

pact on the output probability. This interpretability 1069

is one of the primary advantages of our approach over 1070

more complex models. 1071

We compare two variants of MetaLogReg: one 1072

trained with domain-informed feature engineering, 1073

and one trained without it (relying only on word to- 1074

kens and prior predictions). 1075

Despite achieving similar overall performance, the 1076

MetaLogReg models trained with and without fea- 1077

ture engineering rely on substantially different sets 1078

of features. Among the top 25 features ranked by 1079

absolute coefficient magnitude, only 7 features over- 1080

lap between the two models—including intracranial, 1081

brain, head, globe, and certain prior-based predic- 1082

tions. This low overlap (Jaccard index ≈ 0.16) re- 1083

flects a sharp shift in what the model considers most 1084

predictive once structured, domain-informed features 1085

are introduced. This has many interesting impacts 1086

on interpretability (Rudin et al., 2024). 1087

A.5. Hyperparameter Tuning 1088

Many of the models we evaluated require minimal 1089

hyperparameter tuning. The small language mod- 1090

els are used in a zero- or few-shot setting with no 1091

trainable parameters. The two classical models in- 1092

volved only a single regularization parameter. For 1093

fine-tuning BERT with a linear classification head, 1094

we used Adam without weight decay, so as not to 1095

impose strong regularization that could disrupt the 1096

initialization inherited from the pre-trained weights. 1097

The only model with a substantial hyperparameter 1098

space was the Neural CRF, for which we conducted 1099

a grid search; the explored ranges and selected con- 1100

figuration are summarized in Table 10. 1101

16



Context-Aware Filtering of Radiology Reports

Table 8: Top 25 Features by Absolute Coefficient
Magnitude (MetaLogReg with Feature En-
gineering)

Rank Feature Coefficient

1 intracranial 1.9359
2 Prior 123on Max 1.8694
3 SentNumLEQ3 1.7594
4 Prior 1 Prediction 1.7300
5 spine earlier -1.6949
6 Facial Bones earlier -1.6472
7 spine earlier x FacialBones 1.6210
8 acute x intracranial 1.3583
9 Prior 123on Min 1.3087
10 acute x fracture -1.2211
11 face -1.2086
12 Prior 123on Max x FacialBones -1.1795
13 globe -1.1643
14 brain 1.1609
15 Prior 123on Avg 1.1176
16 Prior 2 Prediction 1.0333
17 normal x paranasal 1.0262
18 cervical -0.9898
19 gas 0.9606
20 normal x paranasal x FacialBones 0.9481
21 head 0.9399
22 Prior 3 Prediction 0.9317
23 frontal x left 0.9043
24 measuring 0.9015
25 frontal 0.8833

Table 9: Top 25 Features by Absolute Coefficient
Magnitude (MetaLogReg without Feature
Engineering)

Rank Feature Coefficient

1 intracranial 3.2557
2 brain 2.3872
3 Prior 123on Min 2.3538
4 head 2.2441
5 deid block reports 1.8397
6 cervical -1.7497
7 recesses -1.7090
8 facial -1.6994
9 globe -1.5468
10 cranium 1.5402
11 appreciated -1.5289
12 nondisplaced 1.5284
13 Prior 1 Prediction 1.5277
14 extraaxial 1.5126
15 performed 1.5077
16 electronically -1.5012
17 concur -1.5012
18 comparison 1.4228
19 abnormalities 1.4148
20 spine -1.3936
21 subluxation -1.3434
22 joints -1.2308
23 calvarium 1.2227
24 nasal -1.2188
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 fixed (5e-4) 5e-4
Weight decay (L2) {0.005, 0.01, 0.05, 0.1} 0.05
Dropout {0.1, 0.2, 0.4, 0.5, 0.6} 0.6
Projection dim (dproj) {128, 256, 384, 512, 768} 768 (no projection)
Attention used {True, False} True
Attention dim (dattn) {32, 64, 128, 256} 256
Concat w/ attention fixed (true) True
Value bottleneck fixed (false) False
MLP interaction fixed (true) True
MLP output dim {32, 64, 128} 128

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

A.6. Additional Baselines1102

We additionally train a logistic regression model on1103

the bag-of-words embeddings and a gradient-boosted1104

decision tree classifier to provide common tabular-1105

data baselines. These models allow us to assess how1106

much predictive signal is captured by simple, context-1107

free classifiers and how much value the additional1108

past prediction features add. The results can be ob-1109

served in Figure 10.1110

A.7. Performance on Challenging Report1111

To motivate the varying generalizability of models1112

and the need to be robust to out-of-distribution sam-1113

ples, we consider a radiology report that contains in-1114

formation: CT brain, face, C-spine, chest, abdomen,1115

and pelvis, and bony pelvis.1116

Our neural model provided substantially worse per-1117

formance than our classical models, with even the1118

best seed still only scoring 63%.1119

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

Model Accuracy (%)

Classical CRF 87.06
MetaLogReg 84.71
Neural CRF (avg over 100 seeds) 35.49

A.8. Statistical Results 1120

To obtain statistically robust comparisons between 1121

models, we compute 95% confidence intervals (CIs) 1122

for each model’s AUC as well as for the pairwise dif- 1123

ferences in AUC (AUC) between model pairs. Un- 1124

like sentence-level bootstrap procedures—which vio- 1125

late independence because sentences within a report 1126

are correlated—we resample entire reports. 1127

We additionally modify the synthetic bundling pro- 1128

cedure so that each original report appears in exactly 1129

one bundled report, ensuring that all bundled sam- 1130

ples are independent. Under this setup, only a single 1131

CI for the pairwise differences overlaps with zero; im- 1132

portantly, none of the comparisons between our three 1133

modeling approaches and the SOTA baseline include 1134

zero. 1135

Across models trained on the Duke Health System 1136

dataset, the Classical CRF achieves the highest AUC 1137

(0.9565), followed closely by MetaLogReg (0.9266). 1138

The AUC confidence intervals show that both classi- 1139

cal models significantly outperform the SOTA base- 1140

line and the Neural CRF, with intervals that do not 1141

include zero. 1142
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Model AUC (95% CI) ∆AUC vs Meta LogReg (95% CI) ∆AUC 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 ∆AUC 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.

A.9. Example Radiology Reports1143

We created an example radiology report to show what1144

most radiology reports look like in the Duke Health1145

System dataset.1146

Radiology Report Example:1147

EXAM: Noncontrast CT head, CT facial1148

bones without contrast, noncontrast CT1149

cervical spine1150

INDICATION: Patient fell.1151

TECHNIQUE: Axial images through the1152

head, facial bones and cervical spine were1153

acquired without contrast. Dose modula-1154

tion performed with AEC or manually ad-1155

justed parameters based on patient size.1156

CONTRAST DOSE: none administered.1157

COMPARISON: Prior head CT and sinus1158

CT from [[DATES]].1159

FINDINGS: The calvarium is intact without1160

fracture. No subgaleal collections. Cerebral1161

sulci and ventricles are prominent consistent1162

with diffuse parenchymal volume loss. No1163

midline shift. No acute hemorrhage. Patchy1164

periventricular hypodensity consistent with1165

chronic microvascular disease. Right orbital1166

soft tissue swelling is present with overly-1167

ing air locules suggesting open laceration.1168

There is a depressed fracture of the ante-1169

rior wall of the right maxillary sinus measur-1170

ing approximately 4–5 mm in displacement.1171

Additional fracture noted involving poste-1172

rior wall with trace hemorrhage within the1173

maxillary sinus. Inferior orbital wall shows1174

linear fracture without significant displace-1175

ment. The right globe is intact. Minimal1176

fluid in right ethmoid air cells. Frontal si-1177

nuses are underdeveloped. No abnormality1178

in the sphenoid sinus. Mastoid air cells are1179

well aerated. Mild reversal of cervical lor- 1180

dosis centered at C3-C4. Vertebral body 1181

heights preserved. There is mild anterolis- 1182

thesis at C4 on C5. No acute fracture. Se- 1183

vere uncovertebral and facet hypertrophy 1184

noted from C2 through C7. Greatest nar- 1185

rowing at C5-C6 and C6-C7 due to disc os- 1186

teophyte complexes. Right neural foramen 1187

at C4-C5 appears nearly obliterated. Mild 1188

canal narrowing at C6-C7 is observed. No 1189

abnormal prevertebral soft tissue. Limited 1190

view of lung apices is unremarkable. Small 1191

reactive lymph nodes are present bilaterally. 1192

Airways grossly normal. 1193

IMPRESSION: 1. No evidence of acute 1194

intracranial abnormality. 2. Acute dis- 1195

placed fracture of right anterior and pos- 1196

terior maxillary sinus walls with associated 1197

hemorrhage and orbital floor involvement. 1198

3. Soft tissue injury consistent with right 1199

orbital trauma. 4. Chronic multilevel 1200

degenerative changes of the cervical spine 1201

with severe right neural foraminal narrow- 1202

ing at C4-C5, no acute fracture identified. 1203

Results were preliminarily discussed with 1204

[[Provider]] in ED by [[Radiologist]] ([[Ven- 1205

dor]]) at 12:47 AM on [[DATE]]. Electron- 1206

ically Signed by: [[Radiologist]] at [[Hos- 1207

pital]] Radiology Department Electronically 1208

Signed on: [[DATE]] 7:38 AM 1209

A.10. Creating Synthetic Bundled Reports 1210

To evaluate generalization on longer, mixed-anatomy 1211

inputs, we constructed 400 concatenated reports and 1212

400 synthetic bundled reports using 300 single-scan 1213

reports from MIMIC-IV: 100 brain-related, 100 face- 1214

related, and 100 spine-related. We evaluated models 1215
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on these synthetic reports in addition to testing on1216

the original reports, as shown in Table 2.1217

For concatenation, we combine a brain report with1218

either nothing, a face report, a spine report, or both.1219

In this setting, we preserve all content from each1220

source report — nothing is excluded or modified.1221

For bundling, the goal is to create a joint report1222

that retains the original structure by merging the rel-1223

evant sections from each source report. However, we1224

cannot do this for all sections — particularly back-1225

ground sections like history or indication — as doing1226

so would introduce conflicting or redundant patient1227

information. To avoid this, we focus on three clini-1228

cally meaningful sections: EXAMINATION, FIND-1229

INGS, and IMPRESSIONS. For each bundled report,1230

we extract these sections from the component reports1231

and merge them within-section. For example, all1232

FINDINGS from the individual reports are concate-1233

nated into a single FINDINGS section in the bundled1234

report. This approach preserves all the important1235

content from anatomical regions while avoiding arti-1236

facts in merging.1237

In total, we generated 400 bundled reports across1238

the four combinations described, preserving sentence-1239

level labels from their source reports to enable evalu-1240

ation of anatomical region filtering within a realistic1241

multi-exam structure.1242

An example of what a synthetically merged bun-1243

dled report could look like is shown below.1244

Representative Example of Merged Bundled1245

Report:1246

EXAMINATION: CT HEAD WITHOUT1247

CONTRAST CT FACIAL BONES AND1248

SINUSES WITHOUT CONTRAST CT1249

CERVICAL SPINE WITHOUT CON-1250

TRAST1251

FINDINGS: The patient has a history of1252

right-sided craniotomy with metallic surgi-1253

cal clips visualized along the right supracli-1254

noid internal carotid artery. There is no1255

acute intracranial hemorrhage, edema, or1256

mass effect. Ventricular size and sulcal pat-1257

tern are within normal limits. A small re-1258

gion of encephalomalacia is again seen in the1259

right frontal lobe, stable compared to previ-1260

ous imaging. Basilar cisterns are preserved.1261

No midline shift. The skull is intact without1262

acute calvarial fracture.1263

The paranasal sinuses demonstrate mild1264

mucosal thickening in the ethmoid and sphe-1265

noid sinuses. There are several tiny reten- 1266

tion cysts noted in the maxillary sinuses. 1267

The right nasal bone is fractured with mild 1268

lateral displacement and surrounding soft 1269

tissue swelling. The orbits are symmetric 1270

and intact. Extraocular muscles and intra- 1271

and extraconal fat planes are preserved. 1272

Within the cervical spine, vertebral align- 1273

ment is normal. No acute fracture is iden- 1274

tified. Degenerative disc changes are most 1275

notable at C5–C6, with narrowing of the 1276

disc space and anterior osteophyte forma- 1277

tion. The spinal canal and neural foramina 1278

are patent throughout. A small focus of cal- 1279

cification is noted along the nuchal ligament. 1280

There is no prevertebral soft tissue swelling. 1281

The upper airway is unremarkable. 1282

Visualized portions of the lung apices are 1283

clear. The thyroid gland appears within 1284

normal limits. 1285

IMPRESSION: 1286

No acute intracranial process. Stable post- 1287

surgical findings following right craniotomy. 1288

Right nasal bone fracture with mild dis- 1289

placement and adjacent soft tissue swelling. 1290

Mild chronic sinus disease without evidence 1291

of acute sinusitis. 1292

Multilevel cervical spondylosis, most pro- 1293

nounced at C5–C6. No acute fracture or 1294

canal stenosis. 1295

A.11. Small Large Language Models 1296

We cast sentence-level anatomy filtering as a con- 1297

strained next-token prediction task. For each sen- 1298

tence, we build a fresh prompt that includes (i) a 1299

short instruction with few-shot examples, (ii) the en- 1300

tire report as context, and (iii) the current sentence 1301

to classify, ending with Answer:. We then compute 1302

probabilities for the verbalizers “yes” (brain) vs “no” 1303

(not brain) and a score where a threshold yields the 1304

binary label. Each sentence is evaluated indepen- 1305

dently (no cross-sentence memory), but the model 1306

can still use full-report context to disambiguate vague 1307

sentences. 1308

We evaluated instruction-tuned and biomedical 1309

7B models, including Qwen 2.5-7B Instruct, Qwen 1310

1.5-7B Chat, and BioMistral-7B (Jiang et al., 2023; 1311

Labrak et al., 2024; Team et al., 2025; Bai et al., 1312
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2023). While models in the 7B parameter range, such1313

as those we evaluate, may be classified as either small1314

or large depending on context, we refer to them as1315

small language models (SLMs) to distinguish them1316

from frontier-scale LLMs with more than hundreds1317

of billions of parameters. As discussed by Chen and1318

Varoquaux (2025), the definition of ”small” remains1319

fluid in the literature.1320

Qwen 2.5-7B was the strongest small language1321

model: Maximum Macro-F1 = 0.88 and AUC =1322

0.9716 on our test set. Qwen 1.5-7B lagged substan-1323

tially: Macro-F1 ≈ 0.50.1324

BioMistral-7B is an open-source biomedical large1325

language model built upon the Mistral 7B-Instruct1326

architecture and further pre-trained on PubMed Cen-1327

tral to imbue it with domain-specific knowledge.1328

However, it only achieved AUC = 0.8096 and Macro-1329

F1 of 0.6828 under the same setup.1330

Generally, when we remove report context and feed1331

only the sentence, AUC drops by up to 0.05, high-1332

lighting the importance of context.1333

Below, we present an illustrative sketch of this con-1334

versational setup, followed by representative prompt1335

variants that we considered during development.1336

Representative Prompt:1337

You are a medical AI assistant. For each1338

sentence from a radiology report, respond1339

with only one word: yes if the content is1340

from a brain or head CT scan, and no if1341

it is from any other type of CT scan (such1342

as facial bones, spine, neck, sinuses, etc).1343

Respond only with that one word.1344

Example of a brain CT report:1345

Sentence: EXAM: Head CT1346

yes1347

Sentence: INDICATION: Auditory and hal-1348

lucinations. Confusion.1349

yes1350

Sentence: There is generalized atrophy with1351

changes of chronic white matter microvascu-1352

lar disease.1353

yes1354

Sentence: No intracranial hemorrhage or1355

signs of an acute infarction.1356

yes1357

Sentence: Ventricles and CSF spaces: There1358

is no evidence of obstructive hydrocephalus.1359

yes1360

Sentence: The paranasal sinuses are clear.1361

yes1362

Sentence: IMPRESSION: Atrophy and 1363

chronic white matter changes. 1364

yes 1365

Now, I will paste the entire radiology report, 1366

and then specify one sentence from it for you 1367

to classify. 1368

Conversation-style application: 1369

You are a medical AI assistant... [SYSTEM- 1370

STR above] 1371

Full report: [All sentences concatenated into 1372

one string] 1373

Sentence: [Current sentence to classify] 1374

With the full report as context, answer ’yes’ 1375

or ’no’: Is this sentence brain-related? An- 1376

swer: 1377

We include several alternative prompt variants be- 1378

low. While some emphasize direct classification, oth- 1379

ers provide contrastive examples across scan types. 1380

Additional Prompts: 1381

You are a medical AI assistant. For each 1382

sentence from a radiology report, respond 1383

with only one word: 1384

brain if the sentence refers to findings from 1385

a brain or head CT scan, and not brain 1386

if it refers to any other type of CT scan 1387

(e.g., facial bones, spine, neck, or sinuses). 1388

Respond only with brain or not brain. 1389

1390

Example sentences from a brain CT scan: 1391

Sentence: EXAM: Head CT 1392

brain 1393

Sentence: The ventricles are symmetric 1394

and midline. 1395

brain 1396

Sentence: There is no acute hemorrhage or 1397

mass effect. 1398

brain 1399

Sentence: Paranasal sinuses are clear. 1400

brain 1401

Sentence: IMPRESSION: Mild cerebral 1402

atrophy, no acute findings. 1403

brain 1404

1405

Classify each following sentence as brain or 1406

not brain. 1407
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Classify each sentence from a radiology re-1408

port with only one word: brain if it de-1409

scribes findings from a brain or head CT1410

scan, or not brain for any other type of1411

scan. Only respond with brain or not1412

brain.1413

You are a medical AI assistant. For each1414

sentence, respond with only one word:1415

brain if it is from a head CT scan, not1416

brain otherwise.1417

1418

Example from a brain CT:1419

Sentence: INDICATION: Confusion and1420

memory loss.1421

brain1422

Sentence: There is age-appropriate volume1423

loss.1424

brain1425

Sentence: Old infarct in left frontal lobe.1426

brain1427

1428

Example from a facial CT:1429

Sentence: Bony orbits are intact.1430

not brain1431

Sentence: Mild mucosal thickening in1432

maxillary sinus.1433

not brain1434

Sentence: Mandible is unremarkable.1435

not brain1436

1437

Classify each following sentence as brain or1438

not brain.1439
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