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Abstract—This paper presents TriAID, a clinical decision-
support framework for identifying follow-up imaging recom-
mendations from chest radiography studies. The proposed system
combines structured report-derived features with pathology proba-
bility outputs generated by the MedRAX computer vision model to
predict follow-up imaging categories. A One-vs-Rest (OvR) multi-
label classification approach is employed to classify radiology
report information into recommendation categories including
X-ray, CT, or no follow-up. The model is trained on 26,797
chest radiography studies paired with corresponding clinical
reports extracted from the publicly available ReXGradient-160K
dataset. A pre-processing pipeline was developed to identify follow-
up recommendations from radiologist findings and impressions,
enabling construction of a structured training dataset. Multiple
feature extraction and classification strategies were evaluated to
determine an effective modelling approach. The resulting model
achieves a micro-averaged precision of 78.56%, recall of 82.29%,
and F1-score of 80.38%. The proposed framework is intended to
assist clinical workflows by providing structured follow-up rec-
ommendation predictions while maintaining interpretability. The
system is designed as a supportive tool for clinical environments
and is not intended to replace professional medical judgment.

I. INTRODUCTION

Chest radiography remains one of the most frequently
performed diagnostic imaging procedures and plays a central
role in the evaluation of cardiopulmonary disease. Radiology
reports generated from these studies often include recommen-
dations for follow-up imaging to monitor disease progression,
clarify uncertain findings, or evaluate treatment response.
Accurate identification of these recommendations is important
for ensuring appropriate patient management and continuity of
care.

Recent advances in machine learning have demonstrated
strong performance in medical image analysis and radiology
report interpretation. However, much of the existing work has
focused primarily on diagnostic classification or automated
report generation. Comparatively less attention has been
directed toward identifying and structuring follow-up imaging
recommendations within radiology documentation.

This work presents TriAID, a multimodal clinical decision-
support framework designed to identify follow-up imaging
recommendations associated with chest radiography studies.

The proposed system integrates structured report-derived
features with pathology probability estimates produced by
a computer vision model, enabling prediction of follow-up
imaging categories through a multi-label classification approach.
In addition to the predictive model, the system is integrated
into an application framework that enables structured access
to recommendations and supporting clinical context.

By framing follow-up imaging recommendation as a struc-
tured multi-label prediction task, the proposed approach aims
to support consistency in recommendation identification while
maintaining interpretability and practical applicability within
clinical workflows.

A. Motivation

Although chest radiography is widely used in clinical
practice, follow-up imaging recommendations contained within
radiology reports may vary across institutions and practitioners.
This variability is particularly evident in cases involving subtle
findings or uncertain diagnoses, such as suspected pneumonia
or indeterminate thoracic abnormalities [1], [2]. Differences in
interpretation, reporting style, and institutional practices may
contribute to inconsistency in follow-up guidance.

Prior studies have examined the outcomes and diagnostic
value of follow-up imaging recommendations derived from
radiographic findings [2], [3]. These studies highlight both the
importance of follow-up imaging in clinical decision-making
and the challenges associated with determining appropriate
follow-up strategies.

In practice, follow-up decisions frequently depend on
multiple factors, including imaging interpretation, patient
demographics, clinical indications, and physician judgment. As
a result, identifying and structuring follow-up recommendations
within radiology reports can be complex.

While artificial intelligence methods have been widely
applied to diagnostic imaging tasks, comparatively limited work
has focused on extracting and standardizing follow-up imaging
recommendations from radiology documentation. Developing
a structured and data-driven approach for identifying these
recommendations may support improved consistency in clinical



workflows and assist practitioners in reviewing radiology report
information.

B. Related Works

Machine learning has been widely applied within radiology
research, particularly in areas such as abnormality detection,
image classification, and automated report generation. In
the context of chest radiography, numerous studies have
demonstrated strong performance in identifying pathological
findings using deep learning models trained on large-scale
medical imaging datasets [4].

More recently, multimodal frameworks have been developed
to integrate imaging data with structured clinical information in
order to support more comprehensive medical reasoning. One
such example is the MedRAX framework, which combines ra-
diographic features with structured metadata to enhance clinical
interpretation capabilities [5]. These approaches demonstrate
the potential of multimodal models for improving radiology-
related prediction tasks.

Despite these advances, most existing systems emphasize
diagnostic classification or report interpretation rather than
the identification of follow-up imaging recommendations.
Radiology literature has documented variability in follow-up
imaging practices across institutions and patient populations
[3], [6]. However, relatively limited research has formalized
follow-up recommendation identification as a machine learning
prediction task.

The present work addresses this gap by explicitly modeling
follow-up imaging recommendation as a structured multi-label
classification problem. By integrating structured clinical fea-
tures with image-derived pathology probabilities, the proposed
system aims to support identification of follow-up imaging
recommendations within radiology reports while maintaining
compatibility with practical clinical workflows.

C. Problem Definition

We formulate follow-up imaging recommendation as a
structured multi-label classification problem. Given structured
patient metadata derived from chest radiography encounters,
including demographic attributes and clinical notes, the objec-
tive is to predict one or more clinically appropriate follow-up
imaging categories.

Let X ∈ Rd denote the structured feature representation
extracted from patient data, and let y ∈ {0, 1}k represent
the vector of follow-up recommendation labels across k
possible categories. The goal is to learn a mapping function
f : X → y that produces consistent, interpretable, and clinically
meaningful recommendations.

Building upon the MedRAX framework [5], [7], we integrate
domain-informed pre-processing with an OvR classification
strategy to generate multi-label predictions. Unlike prior
radiographic reasoning systems that emphasize diagnosis or
report generation, our formulation targets standardized follow-
up recommendation aligned with clinical workflow constraints.
The model produces multi-label outputs accompanied by

calibrated probability estimates and confidence scores, enabling
transparent assessment of recommendation strength.

Additionally, LLM functionality is incorporated to provide
contextual explanatory reasoning alongside quantitative pre-
dictions. This structured yet interpretable framework supports
reproducibility, systematic evaluation, and practical integration
into clinical decision-support systems.

II. METHODOLOGY

This section describes the dataset, preprocessing procedures,
model development process, and evaluation methodology used
to construct the proposed follow-up recommendation system.

A. Data

Data Source
To ensure compliance with ethical and privacy considerations

within the medical domain, publicly available de-identified
datasets were explored. The dataset selected for this study was
ReXGradient-160K, which contains approximately 160,000
chest radiography studies paired with corresponding radiologi-
cal reports [8]. These reports originate from 109,487 unique
de-identified patients across three U.S. health systems and 79
medical sites, collected between March 2004 and September
2024.

The radiological reports are provided in structured CSV
format, where each report is pre-parsed from original radiology
documentation and associated with its corresponding imaging
study. Each study contains at least one radiographic image,
with multiple images representing distinct anatomical views
rather than repeated acquisitions.

Selected Features
From the structured report data, several attributes were

identified as particularly relevant for follow-up recommendation
modeling. The following features were selected as primary
inputs for model training:

• Patient age (ranging from 0 to 90 years, with a mean of
45.77)

• Patient sex (F, O, M)
• Clinical indication, consisting of a short textual description

summarizing the patient’s presenting symptoms
Although the dataset also contained Findings and Impression

fields, these were excluded from the training features after
preliminary experimentation indicated that their inclusion
degraded model performance. Additional dataset attributes were
omitted in order to focus on clinically interpretable features.
The construction of the target variable is described in the
following subsection.

B. Model Training and Architecture

Pre-processing Techniques
The original ReXGradient-160K dataset did not explicitly

contain a column indicating recommended follow-up imaging.
However, follow-up recommendations are frequently described
within the Findings and Impression sections of radiology



reports. Consequently, a preprocessing pipeline was developed
to extract these recommendations from the textual reports.

A Python-based parsing script was implemented to identify
common vocabulary patterns, sentence structures, and semantic
indicators associated with follow-up imaging recommendations.
When a recommendation was detected, the relevant sentence
was stored in a FollowUpEvidence column, while the extracted
recommendation category was recorded in a FollowUpTests
column. The latter served as the target variable for model
training.

Following this extraction process, the effective dataset size
was reduced from 160,000 studies to 26,849 observations
containing identifiable follow-up recommendations.

The extracted recommendations included follow-up imaging
modalities such as X-ray, CT, ultrasound, and MRI, as well as
cases where no follow-up imaging was recommended. In some
instances, multiple imaging modalities were recommended
simultaneously, although no cases were observed where more
than two modalities were recommended together.

Subsequent preprocessing steps were applied to the selected
features. Patient age values were converted from string-based
representations (e.g., “45Y” for 45 years or “32W” for
32 weeks) into numerical values expressed in years. The
categorical sex variable was encoded using one-hot encoding.
Clinical indication text was transformed into numerical features
using Term Frequency–Inverse Document Frequency (TF–IDF)
vectorization with both unigram and bigram representations,
enabling capture of contextual patterns within the free-text
descriptions [9].

During preprocessing, a single observation with missing age
information was removed, resulting in 26,848 observations.

The distribution of follow-up recommendation classes exhib-
ited substantial imbalance. After filtering and preprocessing,
four primary recommendation categories were retained:

TABLE I
FINAL FEATURE COLUMN CLASS SPLIT

Classes No Follow-Up X-Ray CT X-Ray + CT
Values in Class 22,002 2731 1893 172

The original dataset contained nine distinct recommendation
classes, including ultrasound and MRI modalities. However,
these classes contained extremely small numbers of observa-
tions (24 ultrasound, 20 MRI, and seven additional combined
categories). Due to insufficient sample size for effective model
training, these classes were excluded from the dataset.

Following this filtering process, the final dataset consisted
of 26,797 observations.

A train–validation–test split of 60/20/20 was employed. This
partitioning was selected to balance training data availability
with reliable model evaluation while mitigating the risk
of overfitting, consistent with common dataset partitioning
practices for moderately sized datasets [10]. Class imbalance
was intentionally preserved to reflect the underlying distribution
of real-world radiology recommendations.

In addition to the structured report features, the associated
radiographic images were processed using the MedRAX
framework to generate probabilities for 18 pathology classes
[5]. These probabilities were incorporated as additional feature
columns within the model input representation.

Baseline Models Tested
Two baseline models were evaluated to assess suitable

classification architectures for the task.
The first model employed an OvR strategy implemented

using the scikit-learn library. OvR classification constructs
an independent binary classifier for each label, distinguishing
that label from all other classes [11]. This approach provides
computational efficiency while maintaining a high level of
interpretability, which is particularly desirable in medical
decision-support systems.

In the present setting, three independent classifiers were
trained corresponding to the labels X-ray, CT, and No Follow-
Up. The combined recommendation class X-ray + CT was
modeled implicitly through multi-label prediction, allowing
both relevant classifiers to activate simultaneously.

The second baseline model evaluated was a Random Forest
classifier implemented using scikit-learn [12]. Random Forest
models employ ensemble averaging across multiple decision
trees and are often effective for heterogeneous feature spaces.
However, their interpretability is typically lower than that of
linear classification models.

The micro-average results of the baseline models are
presented in Table II.

TABLE II
BASELINE MODEL MICRO AVERAGE METRIC COMPARISON

Model Precision Recall F1
One-vs-Rest 98% 99% 98%
Random Forest 87% 80% 83%

These experiments used baseline configurations without
hyperparameter optimization or class-specific probability thresh-
olds. Given the substantially stronger performance and greater
interpretability of the OvR approach, this architecture was
selected for subsequent development.

An additional CatBoost-based model was briefly explored to
evaluate potential improvements from gradient-boosted decision
trees. However, due to project time constraints, this model was
not fully evaluated and therefore is not included in the final
analysis.

Chosen Model and Configurations
Following baseline evaluation, the OvR classifier was further

refined through threshold tuning and configuration adjustments.
Model optimization focused primarily on maximizing the F1-
score, which balances precision and recall.

Because the classifier produces independent probability
estimates for each label, class-specific probability thresholds
were introduced to determine whether a recommendation
should be issued. Three primary recommendation buckets were
defined: X-ray, CT, and No Follow-Up. As previously noted,



simultaneous recommendations for X-ray and CT arise naturally
through multi-label prediction rather than through a separate
classification category.

The final probability thresholds selected for each recommen-
dation bucket were:

• X-ray: 20%
• CT: 20%
• No Follow-Up: 40%

These thresholds were determined through empirical exper-
imentation across multiple configurations of the OvR model.
Initial optimization focused on maximizing recall, as false
negatives—cases where follow-up imaging is recommended
but not identified by the model—represent a particularly
undesirable outcome in clinical settings. However, balancing
recall with precision ultimately produced more reliable and
interpretable recommendations.

Architecture

The overall system architecture consists of three primary
layers: a Training Layer, a Model Layer, and an Application
Layer, as illustrated in Figure 1.

The Training Layer is responsible for model development
and retraining when necessary. This layer incorporates the
data sources described previously and performs preprocessing,
feature extraction, and model optimization.

The Model Layer contains the trained OvR classifier and
associated feature processing components. Structured clinical
report features are combined with pathology probability outputs
generated by the MedRAX framework from chest radiography
images. These combined features are used as inputs to the
classification model to generate follow-up imaging recommen-
dations.

Predicted recommendations are subsequently transmitted to
the Application Layer, where they can be viewed through a
user interface and optionally stored within a database for future
retrieval. Storing previously computed recommendations allows
the system to avoid recomputation when the same radiography
study is accessed again.

The Application Layer also includes a conversational as-
sistant designed to provide contextual explanations for model
outputs. This component utilizes a retrieval-augmented gen-
eration (RAG) approach in which text embeddings gener-
ated using the HuggingFace sentence_transformers
all-MiniLM-L6-v2 model are used to retrieve relevant
clinical guidance from American College of Radiology (ACR)
resources [13], [14]. Retrieved context is then provided to a
language model via the DeepSeek API to generate explanatory
responses [15].

This assistant component is designed to provide supple-
mentary contextual information and is not intended to replace
clinical expertise. The primary focus of evaluation in this
work remains the predictive performance of the follow-up
recommendation model.

C. Evaluation Method

Model performance was evaluated primarily using micro
average metrics focusing on recall and F1-score. These metrics
were selected due to their suitability for imbalanced clas-
sification problems and their relevance to clinical decision-
support systems, where both detection capability and prediction
reliability are important.

Micro averaging was utilized as it aggregates the contri-
butions of all classes before computing the metric, more
specifically, the total number of true positives, false positives,
and false negatives across all classes are summed and the
metric is computed once using these global totals [16]. This
approach effectively gives equal weight to each individual
observation, meaning that classes with more samples contribute
more strongly to the final metric, thus making it the metric
of choice when imbalanced datasets are necessary for training
[16].

Model configurations were compared by adjusting feature
inputs and probability thresholds within the OvR classification
framework. Quantitative evaluation was conducted using the
held-out validation and test datasets.

In addition to quantitative metrics, preliminary qualitative
inspection of model predictions was performed during devel-
opment. Selected samples were manually reviewed to verify
whether predictions appeared clinically plausible based on the
corresponding imaging findings and patient indications. While
this exploratory process helped identify potential configuration
issues during development, it was not used as a formal
evaluation metric due to its subjective nature.

III. RESULTS

The performance of the proposed follow-up recommendation
model was evaluated using standard classification metrics,
including precision, recall, and F1-score. Because the task
is formulated as a multi-label classification problem, perfor-
mance was assessed using micro-averaged, macro-averaged,
and weighted-averaged metrics to provide a comprehensive
evaluation of model behavior across classes.

Table III presents the per-class performance of the model
after applying the selected decision thresholds.

TABLE III
PER-CLASS CLASSIFICATION PERFORMANCE

Class Precision Recall F1-score Support
X-ray 38.94% 56.97% 46.26% 581
CT 36.36% 45.41% 40.39% 414
None 91.48% 89.09% 90.27% 4409

Overall model performance is summarized using aggregated
evaluation metrics. The model achieved a micro-averaged
precision of 78.56%, recall of 82.29%, and F1-score of
80.38%. Macro-averaged performance values were lower, with
a precision of 55.59%, recall of 63.82%, and F1-score of
58.97%. Weighted averages yielded a precision of 81.61%,
recall of 82.20%, and F1-score of 81.72%.



Fig. 1. TriAID Model and Application Architecture

The difference between micro-averaged and macro-averaged
metrics reflects the class imbalance present in the dataset, where
the majority of samples correspond to cases without follow-
up imaging recommendations. Micro-averaging aggregates
predictions across all samples and therefore reflects overall
system performance, whereas macro-averaging assigns equal
weight to each class regardless of frequency [16].

An additional factor to consider is the aforementioned
thresholding, which affects the variance within the report values
as it is an additional hyperparameter that required tuning. Each
bucket was tuned to the final probability thresholds mentioned
in the Chosen Model and Configurations subsection of the
Methodology section.

Despite these challenges, the model demonstrates the ability
to identify follow-up imaging recommendations with moderate
accuracy while maintaining strong performance in distin-
guishing cases without follow-up recommendations. These
results suggest that the proposed approach may provide useful
structured signals for supporting clinical review of radiology
reports.

The following figures is are example radiographs, with Table
IV being the associated simplified clinical report inputs for
each, along with the follow-up recommendations, confidence

and reasoning evidence generated by the model reported in
Table V.

Fig. 2. Sample radiograph 1



Fig. 3. Sample radiograph 2

TABLE IV
SAMPLE STRUCTURED CLINICAL REPORTS

Sample Patient Age Patient Sex Indication
Radiograph 1 69 y.o. F respiratory failure
Radiograph 2 73 y.o. F short of breath

TABLE V
SAMPLE FOLLOW-UP RECOMMENDATIONS

Sample Recommendation Confidence
Radiograph 1 CT Chest 62%
Radiograph 2 Chest X-Ray (PA + Lateral) 80%

Evidence (MedRAX findings)
Radiograph 1 Fibrosis, nodule, mass, pleural thickening, emphysema
Radiograph 2 Hernia, lung opacity, mass, infiltration, fibrosis

The above are two examples of successful recommendations
by the model architecture, matching that of the associated labels.
The confidence level is generated from the OvR classifier as
its probability that the label is true, and the evidence is what
the MedRAX classifier found as potential physical indicators
based solely off the provided radiographs.

IV. DISCUSSION

A. Potential Inaccuracies in Indication Modelling

While self-developed pre-processing techniques, as men-
tioned in the Methodology section, enable structured representa-
tion of clinical indication, variability in free-text documentation
introduces potential noise into the feature space. Differences in
physician writing style, terminology specificity, and contextual
omission may reduce semantic consistency across samples. Con-
sequently, indication-derived embeddings may not uniformly
reflect the true diagnostic intent.

Although domain-adapted text recognition programs improve
contextual understanding, they remain sensitive to distributional

shifts. This limitation may propagate uncertainty into down-
stream classification outputs. Future work may incorporate
controlled vocabulary mapping or ontology-constrained pre-
processing to mitigate semantic variability.

B. Notable Implementation Challenges

Several technical constraints were encountered during system
development. Notably, MedRAX compatibility required implicit
rescaling of input images to 8-bit resolution, as otherwise
images not matching this resolution are silently setting all 18
pathology classes as 100% missing, thereby not attempting
to classify anything and rejecting the image. This undocu-
mented pre-processing requirement introduced an additional
normalization step to ensure consistent inference behaviour.

Data accession and pre-processing consistency also required
careful validation. Ensuring reproducible train–test separation
from a single source dataset was critical to prevent data
leakage and preserve structured evaluation integrity. These
implementation details, while not algorithmically central, were
essential for maintaining system reliability.

C. Additional System Components

Although the core contribution centers on multi-label follow-
up recommendation modeling, the system is embedded within
a deployable application, first mentioned in the Methodology
section.

Web Application and User Interface
A lightweight web interface enables structured data sub-

mission and clear visualization of recommendation outputs,
including calibrated probability scores and confidence metrics.
The system incorporates secure authentication mechanisms
and structured storage of patient-level records for future ref-
erence and auditability. This design prioritizes interpretability,
traceability, and seamless integration within clinical workflow
environments.

Conversational Assistant
An integrated large language model (LLM) component

provides supplementary explanatory context for model pre-
dictions. While not directly influencing classification outputs,
the LLM enhances usability by translating structured outputs
into clinician-readable reasoning summaries.

Database Layer
A persistent storage layer supports logging of inputs, pre-

dictions, and confidence distributions, enabling reproducibility,
auditability, and potential future calibration analysis.

Collectively, these components support practical deployment
while preserving separation between the research-centered
predictive model and auxiliary system features.

V. CONCLUSION

This work introduced TriAID, a structured decision-support
framework for automated chest radiograph follow-up recom-
mendation. By combining multi-label probabilistic modeling



with contextual large language model augmentation, the system
bridges radiographic interpretation and actionable clinical
guidance.

TriAID is designed to support physician decision making and
enhance patient outcomes by providing structured, interpretable
follow up recommendations.

Its modular architecture enables integration with schedul-
ing systems and multidisciplinary communication workflows,
supporting efficient coordination across care teams. Future
development will focus on broader validation, improved cali-
bration, and responsible deployment.

Furthermore, additional studies using de-identified images
and reports from medical institutions would be of benefit to
further assessing the model, along with responsible deployment
and testing of the solution in a clinical setting.

Overall, TriAID represents a scalable and clinically aligned
intelligent support tool, advancing artificial intelligence toward
structured, interpretable, and workflow-compatible healthcare
decision support.
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