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 A B S T R A C T

X-ray images are vital in medical diagnostics, but their effectiveness is limited without clinical context. 
Radiologists often find chest X-rays insufficient for diagnosing underlying diseases, necessitating the integration 
of structured clinical features with radiology reports.

To address this, we introduce DALL-M, a novel framework that enhances clinical datasets by generating 
contextual synthetic data. DALL-M augments structured patient data, including vital signs (e.g., heart rate, 
oxygen saturation), radiology findings (e.g., lesion presence), and demographic factors. It integrates this 
tabular data with contextual knowledge extracted from radiology reports and domain-specific resources (e.g., 
Radiopaedia, Wikipedia), ensuring clinical consistency and reliability.

DALL-M follows a three-phase process: (i) clinical context storage, (ii) expert query generation, and 
(iii) context-aware feature augmentation. Using large language models (LLMs), it generates both contextual 
synthetic values for existing clinical features and entirely new, clinically relevant features.

Applied to 799 cases from the MIMIC-IV dataset, DALL-M expanded the original 9 clinical features to 91. 
Empirical validation with machine learning models – including Decision Trees, Random Forests, XGBoost, and 
TabNET – demonstrated a 16.5% improvement in F1 score and a 25% increase in Precision and Recall.

DALL-M bridges an important gap in clinical data augmentation by preserving data integrity while 
enhancing predictive modeling in healthcare. Our results show that integrating LLM-generated synthetic 
features significantly improves model performance, making DALL-M a scalable and practical approach for 
AI-driven medical diagnostics.
1. Introduction

Data augmentation is a fundamental technique in deep learning 
designed to enhance the diversity and robustness of training datasets. In 
image processing, techniques such as translation, rotation, scaling, and 
flipping introduce new patterns and variations, helping models gener-
alize to unseen data. Similarly, in natural language processing (NLP), 
methods like word masking, substitution, and reordering improve a 
model’s ability to capture contextual relationships. However, augment-
ing structured tabular data in clinical settings – such as patient vitals, 
laboratory values, and imaging-derived features – presents unique chal-
lenges [1,2]. Unlike conventional augmentation techniques, medical 
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data requires preserving the relationships between features (e.g., en-
suring consistency between oxygen saturation and respiratory rate) to 
maintain clinical validity. Our approach ensures these relationships 
remain intact by integrating structured patient data with contextual 
information from radiology reports and trusted clinical knowledge 
bases.

Clinical tabular data is highly structured and context-sensitive. Each 
data point, such as patient demographics, medical conditions, or test 
results, forms part of a more extensive, interdependent system. Mod-
ifying these features without preserving their inherent relationships 
can introduce inconsistencies that compromise clinical validity. [3,4]. 
For instance, if a patient’s blood pressure is altered without adjusting 
https://doi.org/10.1016/j.compbiomed.2025.110022
Received 6 October 2024; Received in revised form 20 February 2025; Accepted 11
vailable online 1 April 2025 
010-4825/© 2025 The Authors. Published by Elsevier Ltd. This is an open access ar
 March 2025

ticle under the CC BY license ( http://creativecommons.org/licenses/by/4.0/ ). 

https://www.elsevier.com/locate/compbiomed
https://www.elsevier.com/locate/compbiomed
https://orcid.org/0000-0002-3352-6899
https://orcid.org/0000-0002-8826-5163
https://orcid.org/0000-0002-0982-3404
https://orcid.org/0000-0001-5441-4637
https://github.com/ChihchengHsieh/DALL-M
https://github.com/ChihchengHsieh/DALL-M
https://github.com/ChihchengHsieh/DALL-M
https://github.com/ChihchengHsieh/DALL-M
https://github.com/ChihchengHsieh/DALL-M
https://github.com/ChihchengHsieh/DALL-M
https://github.com/ChihchengHsieh/DALL-M
https://github.com/ChihchengHsieh/DALL-M
https://github.com/ChihchengHsieh/DALL-M
https://github.com/ChihchengHsieh/DALL-M
https://github.com/ChihchengHsieh/DALL-M
https://github.com/ChihchengHsieh/DALL-M
https://github.com/ChihchengHsieh/DALL-M
https://github.com/ChihchengHsieh/DALL-M
https://github.com/ChihchengHsieh/DALL-M
https://github.com/ChihchengHsieh/DALL-M
https://github.com/ChihchengHsieh/DALL-M
https://github.com/ChihchengHsieh/DALL-M
https://github.com/ChihchengHsieh/DALL-M
https://github.com/ChihchengHsieh/DALL-M
https://github.com/ChihchengHsieh/DALL-M
https://github.com/ChihchengHsieh/DALL-M
https://github.com/ChihchengHsieh/DALL-M
https://github.com/ChihchengHsieh/DALL-M
https://github.com/ChihchengHsieh/DALL-M
https://github.com/ChihchengHsieh/DALL-M
https://github.com/ChihchengHsieh/DALL-M
https://github.com/ChihchengHsieh/DALL-M
https://github.com/ChihchengHsieh/DALL-M
https://github.com/ChihchengHsieh/DALL-M
https://github.com/ChihchengHsieh/DALL-M
https://github.com/ChihchengHsieh/DALL-M
https://github.com/ChihchengHsieh/DALL-M
https://github.com/ChihchengHsieh/DALL-M
https://github.com/ChihchengHsieh/DALL-M
https://github.com/ChihchengHsieh/DALL-M
https://github.com/ChihchengHsieh/DALL-M
https://github.com/ChihchengHsieh/DALL-M
https://github.com/ChihchengHsieh/DALL-M
https://github.com/ChihchengHsieh/DALL-M
mailto:catarina.pintomoreira@uts.edu.au
https://doi.org/10.1016/j.compbiomed.2025.110022
https://doi.org/10.1016/j.compbiomed.2025.110022
http://crossmark.crossref.org/dialog/?doi=10.1016/j.compbiomed.2025.110022&domain=pdf
http://creativecommons.org/licenses/by/4.0/


C. Hsieh et al. Computers in Biology and Medicine 190 (2025) 110022 
related factors such as age or comorbidities, the dataset may no longer 
align with real-world medical patterns. Such discrepancies can mislead 
machine learning models, resulting in incorrect risk assessments or 
inaccurate diagnostic predictions [5,6].

Unlike traditional augmentation methods that introduce random-
ness, our proposed framework ensures that newly generated data main-
tains medical integrity, preserving the logical and clinical consistency 
of real patient data. This is achieved through domain-aware augmen-
tation techniques that incorporate structured medical knowledge.

1.1. Research gap

Traditional augmentation methods, such as random shuffling or 
noise injection, often disrupt the complex relationships between clinical 
features, undermining the predictive power of machine learning mod-
els. This is especially problematic in healthcare, where patient safety 
and diagnostic accuracy are paramount. Introducing noise into clinical 
metrics – like blood pressure or glucose levels – may simulate patholog-
ical conditions that do not exist, resulting in misleading patterns during 
model training. Such distortions pose significant risks, potentially lead-
ing to diagnostic errors or inappropriate treatment recommendations, 
directly affecting patient outcomes.

Moreover, conventional augmentation methods fail to capture the 
interdependencies between medical features. For instance, artificially 
increasing a patient’s heart rate without adjusting oxygen saturation or 
respiratory rate can introduce clinically implausible cases. Similarly, 
duplicating data through synthetic oversampling does not add new 
knowledge, whereas DALL-M derives medically valid features from 
clinical context using LLMs and retrieval-augmented knowledge.

Despite the availability of large medical datasets such as the UK 
Biobank [7], clinical practice often involves working with smaller, less 
diverse datasets. The high cost of collecting and curating medical data 
exacerbates this issue, limiting many institutions’ ability to develop 
robust deep learning models. Deep learning thrives on vast amounts of 
diverse data, and when clinical datasets are limited in size or variety, 
the ability to train models effectively is hindered. These limitations 
highlight a critical gap in how we approach data augmentation for 
clinical tabular data.

There is an urgent need for novel data augmentation techniques 
that can preserve the integrity and context of clinical datasets while 
enabling advanced machine learning models, even in data-constrained 
environments.

1.2. Proposed approach

To address these challenges, we propose a novel data augmen-
tation framework that leverages the reasoning capabilities of Large 
Language Models (LLMs). While LLMs are traditionally applied in 
natural language tasks, their ability to infer patterns across struc-
tured, heterogeneous data makes them promising candidates for clinical 
data augmentation. LLMs can be fine-tuned to understand domain-
specific knowledge, enabling them to generate new data points that are 
logically consistent with existing clinical information.

In this context, we define ‘‘inferable’’ features as those that maintain 
the relationships between clinical variables, adhering to established 
medical knowledge and logic. For example, an LLM trained on clinical 
data can infer additional symptoms or disease progressions that align 
with a patient’s existing conditions, generating new features that re-
spect clinical constraints. However, fine-tuning LLMs for clinical tasks 
is challenging: the computational demands, potential biases inherited 
from pre-trained models, and the costs of frequent updates present 
significant obstacles.

Our approach mitigates these concerns by anchoring the LLM out-
puts to trusted clinical sources (such as Radiopedia) and rigorously 
validating the generated data through a classification task and expert 
reviews. This ensures that the augmented data is clinically valid and 
useful for downstream machine learning applications.
2 
1.3. Contributions

This paper addresses the key research question: How can Large 
Language Models effectively augment clinical datasets with inferable, con-
textually relevant features while preserving clinical integrity? We answer 
this by introducing a novel framework for structured data augmen-
tation, named DALL-M, which generates clinically coherent features 
through a three-phase process: clinical context storage, expert query 
generation, and context-aware feature augmentation.

Our contributions are as follows:
1. Novel framework for contextually relevant augmentation 
(DALL-M): We introduce a framework that leverages LLMs to 
generate new clinical features, overcoming the limitations of 
traditional methods such as random shuffling or noise injection. 
Unlike these conventional methods, DALL-M ensures that the 
newly generated features are logically consistent with existing 
clinical data, maintaining data integrity.

2. Empirical validation of LLM-generated values for clinical 
features: We present empirical evidence that DALL-M can gen-
erate clinically relevant and contextually accurate values for 
existing clinical features using LLMs. This validation shows that 
LLMs can synthesize patient-specific values that are statistically 
similar to real clinical data, thereby preserving the integrity 
and trustworthiness of the augmented dataset. By comparing 
LLM-generated values to ground-truth clinical measurements, 
we demonstrate that DALL-M outperforms traditional augmen-
tation methods, which often introduce unrealistic or clinically 
inconsistent patterns.

3. Integration of LLM-augmented datasets with machine learn-
ing models: We demonstrate how DALL-M enhances the perfor-
mance of various machine learning models, including Decision 
Trees, Random Forests, XGBoost, and TabNET. By showing how 
contextually augmented features improve model robustness and 
accuracy, we address the challenge of applying deep learning to 
limited clinical data.

4. Anchoring to trusted clinical sources: To mitigate the risk of 
hallucinations – where models generate fabricated or inaccurate 
clinical data – we anchor the LLM to trusted sources like Ra-
diopaedia. This ensures the generated features are grounded in 
verified medical knowledge, safeguarding the clinical validity of 
the augmented data.

Our approach enhances model performance while preserving
patient-centric data relationships by ensuring that the LLM-augmented 
clinical features are inferable, contextually relevant, and grounded in 
clinical logic. This method bridges the gap between limited clinical data 
and the need for robust machine learning models, offering a reliable, 
scalable solution for clinical data augmentation.

2. Related work

The augmentation of tabular data plays a crucial role in improving 
the robustness and generalizability of machine learning models, partic-
ularly in clinical applications where data availability is often limited. 
Traditional data augmentation methods for structured datasets have 
primarily relied on retrieval-based or generation-based approaches, 
each with distinct advantages and limitations. While retrieval-based 
techniques enrich datasets by incorporating external information, they 
are constrained by data availability and scalability issues. Conversely, 
generation-based methods leverage probabilistic models and deep
learning to synthesize new data points but often struggle with over-
fitting and maintaining data integrity. In this section, we review con-
ventional tabular data augmentation techniques, highlight their lim-
itations, and position our proposed framework, DALL-M, within the 
broader landscape of machine learning-driven clinical data augmenta-
tion.
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2.1. Conventional approaches to tabular data augmentation (TDA)

Conventional tabular data augmentation (TDA) can be roughly 
classified into retrieval-based or generation-based approaches [8]. The 
first category enhances the original table with realistic data sourced 
from table pools, while the second generates synthetic data without 
relying on external sources. Generation-based methods leverage gener-
ative models such as BERT [9], T5 [10], large language models like 
ChatGPT [11] and LLaMA [12], as well as deep learning architec-
tures including variational autoencoders (VAE) [13], GANs [14], and 
diffusion models [15].

Retrieval-based approaches can be further divided into four main 
subcategories. The first is entity-based augmentation at the row
level [16,17], which includes statistical [16,18,19], knowledge base-
based [20–24], graph-based [25–27], and pre-trained language model 
(PLM)-based [28,29] techniques. The second subcategory, schema aug-
mentation at the column level, involves value-based [30,31], semantic-
based [32–36], and structure-based [27,37,38] joins. The third subcat-
egory, cell completion at the cell level, uses attribute name [22,25,39], 
entity ID or name [22], and cell value [22,25,28,40,41] comple-
tion methods. Finally, table integration at the table level consists of 
compositional [22,25,39] and direct [42,43] integration strategies.

Generation-based approaches are categorized into four sub-classes. 
Record generation techniques can be either distribution-preserving
[44–49] or designed for class-imbalance correction [50–53]. Feature 
construction techniques are further classified into explicit [54–56] 
and implicit [57,58] approaches. Cell imputation strategies involve 
statistical methods [59,60] or deep learning-based methods such as 
VAEs [13], GANs [14], and diffusion models [15]. Lastly, table syn-
thesis aims to generate entire synthetic tables [61]. 

Despite the advancements in TDA, limitations persist. Retrieval-
based methods extract related tables from table pools to perform data 
augmentation, enriching the original table with real external data. 
However, this approach depends on the availability of relevant informa-
tion and requires preprocessing and indexing a potentially vast number 
of tables, raising scalability concerns. Additionally, the scarcity of la-
beled data in large-scale table pools suggests self-supervised approaches 
as a promising future direction. Furthermore, retrieval-based methods 
struggle with robust generalization. On the other hand, generation-
based TDA synthesizes artificial data specifically for augmentation. Un-
like retrieval-based strategies, these approaches do not require external 
data sources, eliminating preprocessing and indexing overhead. How-
ever, generation-based methods are often over-parameterized, leading 
to overfitting when working with small tables. Additionally, they lack 
interpretability and may produce hallucinated outputs, reducing the 
reliability of the generated data.

Our approach falls within the generation-based category, sharing 
similar concerns. However, the novelty of DALL-M lies in its context-
aware feature generation, which leverages retrieval-augmented gener-
ation (RAG) techniques to enhance the clinical validity of synthetic 
data. Unlike conventional generation-based approaches that rely solely 
on statistical distributions or deep generative models, DALL-M incorpo-
rates structured domain knowledge from trusted clinical sources such as 
Radiopaedia and Wikipedia to inform and constrain the augmentation 
process.

DALL-M explicitly models the dependencies between clinical fea-
tures, ensuring that generated synthetic data maintains medical con-
sistency, such as heart rate variations remaining aligned with oxygen 
saturation and respiratory rate. This distinguishes our framework from 
traditional generative models, which often introduce inconsistencies by 
treating features independently. Another key advancement is DALL-M’s 
ability to generate entirely new, clinically relevant features guided by 
expert-informed query generation. Instead of augmenting datasets with 
random perturbations, our method synthesizes additional patient at-
tributes, enriching the dataset while preserving its interpretability. This 
mitigates the hallucination risk associated with large language models 
3 
by anchoring feature generation to validated medical knowledge.
Additionally, DALL-M is specifically designed for tabular data in 

clinical settings, where structured dependencies must be maintained. 
Many existing generative approaches focus on image and text data, 
making direct adaptation to clinical tabular datasets challenging. By 
integrating domain-specific retrieval, structured query generation, and 
feature augmentation, our method ensures that synthetic data is both 
realistic and clinically meaningful.

2.2. LLM-based approaches for data augmentation

Medical Large Language Models (Med-LLMs) are increasingly used 
in clinical workflows for tasks such as improving medical knowledge 
understanding, enhancing diagnostic accuracy, and providing person-
alized treatment recommendations. These capabilities contribute to 
precise decision-making, better patient care, and improved treatment 
outcomes. Several Med-LLMs, including ChiMed-GPT [62], Medical-
GPT [63], HuatuoGPT-II [64], and ChatMed [65], have gained signif-
icant attention in biomedical research. Existing studies can be catego-
rized into two main areas [1]: current Med-LLMs in the medical field 
and their role in supporting clinical and patient treatment.

Several existing Med-LLM methodologies have emerged. HuatuoGPT
[64] utilizes reinforcement learning to align LLMs with real-world data. 
ClinicalT5 [66] adapts general LLMs for clinical text by pre-training on 
MIMIC-III data. ClinicalGPT [67] integrates medical records, domain-
specific knowledge, and multi-round consultations. ChiMed-GPT [62] 
trains on domain-specific knowledge, while BioGPT [68] enhances 
biomedical text generation capabilities. Other models such as Pub-
MedBERT [40], GatorTron [69], and Med-PaLM [70] focus on various 
aspects of clinical data processing, including electronic health records 
and multimodal medical analysis.

Despite the broad applications of Med-LLMs, this study proposes 
utilizing them in a novel way. Previous studies such as GReaT [2], 
HALO [3], and TEMED-LLM [4] have explored Med-LLMs for tabular 
data, but none have specifically tackled clinical data augmentation. 
DALL-M fills this gap by addressing how to generate realistic clinical 
features and infer new attributes. Our methodology integrates domain 
experts in evaluating generated features, ensuring that synthetic clinical 
features are meaningful and valuable for machine learning applications 
in medical diagnostics.

Table  1 provides a comparative overview of existing LLM-based 
approaches for medical data augmentation, highlighting their key focus 
areas, limitations, and how DALL-M addresses these gaps by generating 
new clinically relevant features and enhancing tabular data integration.

In summary, DALL-M pioneers LLM-driven tabular data augmen-
tation by combining retrieval-augmented contextualization, structured 
knowledge integration, and expert-guided feature generation—
capabilities absent in prior methods. Unlike traditional augmenta-
tion techniques that rely on random permutations or noise injection, 
DALL-M ensures clinical validity by dynamically retrieving and synthe-
sizing multi-source medical knowledge (e.g., Radiopaedia, Wikipedia). 
It generates entirely new, context-aware clinical features, bridging the 
gap between text-based LLMs and structured data augmentation. By 
incorporating expert-driven constraints, DALL-M mitigates biases, hal-
lucinations, and inconsistencies, leading to more interpretable, reliable, 
and clinically relevant synthetic data, ultimately improving AI-driven 
healthcare predictions and decision-making. 

3. DALL-M: Data augmentation with LLMs

The proposed framework, DALL-M, aims to enhance clinical datasets 
by generating new, contextually relevant features using LLMs. The 
framework consists of three key stages: (1) Clinical Context Extraction 
and Storage, (2) Expert Input Queries and Prompt Generation, and (3) 
Context-Aware Feature Augmentation. Together, these stages form a 
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Table 1
Summary of LLM-based approaches for data augmentation.
 Approach Key Focus Limitations Role of DALL-M  
 ChiMed-GPT [62], 
MedicalGPT [63], 
HuatuoGPT-II [64], 
ChatMed [65]

Adapt general-domain LLMs for clinical 
tasks

Primarily focused on text-based 
reasoning (e.g., question answer tasks)

Leverages LLMs in a novel way to enrich tabular
data with new features and synthetic values

 

 Harness large-scale medical text corpora Less attention to generating entirely new 
clinical features

Goes beyond question-answering by creating 
entirely new features relevant to specific radiology 
contexts

 

 Provide domain-specific responses 
(e.g., diagnoses)

Limited exploration of tabular data Focuses on text and tabular data  

 ClinicalT5 [66] Fine-tuned T5 for clinical text tasks 
(e.g., summarizing patient records)

Focus on generating or refining 
text-based outputs, not specialized in 
augmenting structured (tabular) clinical 
data with new features

DALL-M introduces a three-phase pipeline that 
leverages multiple data sources to create 
augmented tabular data

 

 Shows improved performance in typical 
NLP tasks such as entity recognition, 
summarization

Does not explore advanced context 
integration (e.g., from multiple sources 
like Radiopaedia, Wikipedia)

Adds clinically relevant features rather than just 
refining text

 

 ClinicalGPT [67] Integrates various info sources (medical 
records, domain knowledge, dialogues)

Emphasis on multi-round consultations 
and EHR text retrieval

DALL-M not only consolidates domain knowledge 
from multiple sources but also generates new, 
context-aware tabular features

 

 Enables context-rich responses in 
interactive clinical settings

No explicit mechanism for structured 
tabular feature augmentation or 
generation of new features

Uses a retrieval-augmented pipeline to ensure 
alignment of new features with established clinical 
knowledge

 

 BioGPT [68] 
PubMedBERT [40] 
GatorTron [69]

Domain-trained LLMs Specialized for textual data (biomedical 
corpora, EHR text) with minimal focus 
on synthetic feature generation in 
numerical or tabular formats

DALL-M embeds new numeric or categorical 
features into existing tabular records, preserving 
consistency and context

 

 Enhanced accuracy in medical text 
classification, knowledge extraction, etc

Do not address missing data or new 
feature creation in a robust 
data-augmentation setting

Addresses missing data scenarios and introduces 
novel features (e.g., additional vital stats, symptom 
descriptors)

 

 Med-PaLM [70] 
MedAlpaca [41] 
LLaVA-Med [71]

Employ large-scale domain adaptation of 
general LLMs

Focus primarily on question-answer or 
generative tasks (report summarization, 
explanations)

DALL-M explicitly tackles the augmentation of
tabular clinical data with entirely new features 
(not just text or imaging commentary)

 

 Incorporate specialized medical data Limited exploration of how to augment
structured, tabular clinical data with 
newly inferred features

Uses multi-modal and multi-source knowledge 
(X-rays + textual reports + Radiopaedia +
Wikipedia) for robust feature generation

 
 Provide multi-modal understanding 

(images + text)
 

 TDA (Noise 
Injections, Data 
Permut.)

Simple to implement for numeric data Often breaks clinical consistency 
(random noise can create medically 
implausible combinations)

DALL-M preserves clinical logic by integrating 
domain knowledge from multiple sources and 
structured expert queries

 

 Can increase dataset size quickly for ML 
model training

Does not leverage domain knowledge to 
ensure realism or generate completely 
new features

-Ensures newly generated or augmented features 
remain medically plausible

 

 
DALL-M ( Our 
approach)

Generates synthetic, context-relevant 
numeric values for missing data

Requires advanced retrieval-augmented 
methods and curated knowledge sources

Fills the gap of systematically augmenting tabular 
data with both realistic values for existing columns 
and entirely new clinically relevant features

 

 Creates entirely new features based on 
domain knowledge and retrieval 
augmented LLM queries

Dependent on LLM frameworks 
(e.g., GPT-4) for best performance, 
which can be computationally expensive

Provides robust, context-aware augmentation that 
improves downstream ML performance and 
addresses missing data issues

 

 Integrates multiple data sources 
(e.g., Radiopaedia, Wikipedia) and 
expert inputs

Ethical and privacy guidelines for 
synthetic data must be carefully 
observed

 

 Demonstrates efficacy across multiple 
ML models (e.g., XGBoost, TabNet)

 

comprehensive data augmentation workflow, ranging from the extrac-
tion of clinical context to the generation of enhanced features, all while 
leveraging the analytical capabilities of LLMs. These stages are illus-
trated in Fig.  1. The following sections provide detailed descriptions 
of each phase. To improve clarity, we introduce a running example 
throughout this section:

Consider a patient whose chest X-ray shows evidence of pleural 
effusion. The initial dataset only contains three clinical features for 
this patient: age (65 years old), temperature (38.2 ◦C), and oxygen 
saturation (92%). Our goal is to augment this patient’s clinical data 
by generating additional relevant features while preserving medical 
integrity. DALL-M will first extract medical knowledge about pleural 
effusion (Phase I), use expert-informed queries to retrieve textual 
contents related to the patient’s clinical context (Phase II), and 
4 
finally generate new synthetic and clinically meaningful features 
(Phase III).

3.1. Phase I: Clinical context extraction and storage

The primary objective of this phase is the extraction and struc-
tured storage of clinically relevant context and patient-specific medical 
history. Beginning with a particular patient case, the pipeline system-
atically builds a comprehensive knowledge repository that encapsu-
lates detailed clinical information about the patient’s conditions. In 
this context, ‘‘conditions’’ refer specifically to lesions identified via 
ground truth labels from the REFLACX dataset [72], a well-established 
radiological dataset that provides expert-annotated lesion labels as 
a foundation for subsequent knowledge extraction. A lesion in this 
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Fig. 1. Overview of the DALL-M framework for generating clinically relevant features using Large Language Models. The process consists of three main phases: (I) Clinical Context 
Extraction and Storage, where patient-specific contexts and clinical relationships are captured and stored; (II) Expert Input Queries and Prompt Generation, where medical experts 
provide contextual queries to guide the LLM; and (III) Context-Aware Clinical Feature Augmentation, where new features are generated in alignment with the clinical context, ensuring 
that the augmented data remains consistent and clinically valid.
context is an abnormality found in the X-ray, for instance, a lung 
nodule.

The process begins by leveraging these lesion labels to query two au-
thoritative and distinct online resources: Radiopaedia [73] and
Wikipedia [74]. Radiopaedia, a leading online platform dedicated to 
radiology, provides a robust collection of peer-reviewed radiological 
cases, detailed articles, and reference materials, all aimed at enhancing 
clinical knowledge and decision-making in radiology. Wikipedia, on the 
other hand, is a vast, freely accessible encyclopedia that covers a wide 
range of topics, offering a more general contextual understanding that 
can complement specialized medical knowledge. Both resources are 
queried to establish a broad and detailed clinical foundation for each 
patient case, ensuring coverage of both domain-specific and general 
knowledge relevant to the identified lesions.

We employ the Retrieval Augmented Generation (RAG) framework 
to systematically process and organize this information. RAG is a 
hybrid methodology that integrates traditional information retrieval 
techniques with the generative power of LLMs. The framework com-
prises two components: a retriever model and a generator model. 
The retriever model is responsible for identifying and extracting rel-
evant documents from external sources (in this case, Radiopaedia and 
Wikipedia) based on the lesion labels. These documents are then passed 
to the generator model, which processes the retrieved information 
and generates semantically coherent, contextually enriched text that 
aligns with the clinical requirements of the task. The integration of 
real-time information retrieval with LLMs ensures that the generated 
responses are not only accurate but also context-aware, providing a 
comprehensive clinical picture tailored to the patient’s case.

The output of the RAG process is then stored in a structured format 
to enable efficient querying and retrieval. After evaluating multiple 
database architectures, including relational and graph-based models, 
we determined that Neo4j (specifically utilizing its vector index ca-
pabilities) provides optimal performance for this task. Neo4j, a native 
graph database, is well-suited for capturing complex relationships be-
tween clinical entities, such as lesions, symptoms, and patient char-
acteristics. The addition of vector indexing enhances this by enabling 
efficient similarity-based retrieval, ensuring semantically related infor-
mation is easily accessible for subsequent phases. This configuration 
was meticulously applied to each of the five lesion labels extracted 
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from the REFLACX dataset, yielding a domain-specific clinical knowl-
edge graph that stores relevant clinical context and ensures rapid and 
accurate retrieval for downstream analysis.

One of the key advantages of using a RAG approach is that it an-
chors LLM responses to authoritative medical sources (e.g., Radiopae-
dia, Wikipedia). Unlike free-form LLM text generation, this grounding 
mechanism significantly reduces hallucinations, as all generated fea-
tures and values are derived from verified medical knowledge. This 
ensures that synthetic data remains clinically coherent and minimally 
prone to incorrect or misleading outputs.

Running Example (Phase I): The patient’s X-ray is labeled with 
a lesion ‘‘pleural effusion’’. Our system retrieves detailed medical 
descriptions, causes, symptoms, and diagnostic indicators of pleural 
effusion from Radiopaedia and Wikipedia. This information is stored 
in a structured Neo4j database for later use. Key findings include: 
(1) Common causes such as heart failure and infection, (2) Typical 
symptoms like shortness of breath and chest pain, and (3) Diagnostic 
indicators such as blunting of the costophrenic angle.
To summarize, Phase I takes a specific clinical query (e.g., ‘‘pleu-

ral effusion’’), retrieves the primary documents related to that query 
from Radiopaedia and Wikipedia and stores them in a database. This 
structured storage provides a strong foundation for clinical knowledge 
that will be used in later stages for data augmentation and feature 
generation.

3.2. Phase II: Expert input queries and prompt generation

After having the database populated with documents related to 
the user query, Phase II generates clinically relevant, contextually 
rich domain knowledge that mirrors radiologists’ diagnostic process 
when assessing X-rays. To ensure medical validity, we consulted two 
board-certified radiologists, each with 8 to 15 years of experience 
in diagnostic imaging and chest X-ray interpretation. We conducted 
structured interviews with expert radiologists to understand the critical 
clinical questions that arise during their diagnostic workflow when 
they are presented with an X-ray. They aimed to distil their expertise 
into focused queries guiding subsequent data augmentation and feature 
generation.
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Expert Queries
Through these interviews, we transcribed and analyzed expert re-

sponses using thematic coding to extract common diagnostic reasoning 
patterns. This enabled us to systematically derive a structured query 
framework, ensuring that each lesion type is assessed through a stan-
dardized set of clinically relevant questions. These questions form a 
structured framework to guide data retrieval and augmentation, ensur-
ing the clinical insights generated are comprehensive and aligned with 
radiological best practices.

To automate the application of these queries, we implemented a dy-
namic template-based approach where lesion-specific terms (e.g., ‘‘at-
electasis’’ or ‘‘pleural effusion’’) are automatically inserted into pre-
defined question formats. This ensures consistency and scalability in 
applying the expert queries across different patient cases.

General Clinical Domain Knowledge:

– What are the most common symptoms associated with {lesion}?
– What are the potential causes of {lesion}?

These questions help establish a broad understanding of the le-
sion, providing a general clinical overview that can be applied 
across various cases. A lesion in this context is an abnormality 
found in the X-ray, for instance, a lung nodule.
Observational Analysis:

– What are the patient’s symptoms that are relevant for {lesion}?
This ensures that the patient’s subjective experience is integrated 
into the clinical assessment, enriching the context of the diagno-
sis.
Physical Examination and Imaging:

– What are the relevant clinical signs for the etiological diagnosis 
of {lesion}?

– What are the relevant clinical characteristics for the etiological 
diagnosis of {lesion}?

These queries capture the objective clinical observations and 
imaging findings that radiologists rely on to characterize and 
diagnose a lesion.
Laboratory Data:

– What are the relevant laboratory data for the etiological 
diagnosis of {lesion}

These questions allow for integrating laboratory results and addi-
tional imaging tests into the diagnostic process.
Patient Characteristics:

– What is the patient’s personal, relevant history for the etio-
logical diagnosis of {lesion}

These questions contextualize the clinical findings within the 
patient’s broader medical history and demographic profile.

These structured queries serve as inputs to our Retrieval-Augmented 
Generation framework, which retrieves relevant clinical information 
from Radiopaedia and Wikipedia. This approach ensures that the aug-
mentation process is informed by domain knowledge, dynamically 
adapting to different lesions while maintaining consistency with radio-
logical best practices.

Prompt Generation and Clinical Information Retrieval
Given these structured questions, the next step is to construct 

prompts that effectively query the contextual clinical database built in 
Phase I. Each question is translated into a prompt designed to elicit 
detailed responses from the LLMs through the RAG approach.

To achieve this, we apply a RAG process in the same two-step 
approach outlined in Phase I, wherein the retriever model identifies the 
most relevant documents from the domain-specific vector database, and 
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the generator model synthesizes contextually enriched responses from 
the retrieved material. This approach ensures the generated outputs are 
grounded in authoritative clinical knowledge, tailored to the patient’s 
specific case, and aligned with expert radiological practices.

The output of this phase is an Augmented Clinical Knowledge (ACK) 
corpus, a curated collection of clinical insights that corresponds to the 
answers to the expert queries. The ACK captures information about 
the patient’s condition, including detailed explanations of the lesions, 
potential symptoms, and patient-specific factors (such as comorbidities 
or risk factors like obesity) that could influence the presentation of 
the lesion. This corpus enriches the clinical context for each patient 
case and provides critical input for the next phase, where new clinical 
features will be generated based on this augmented knowledge. This 
ensures that the subsequent data augmentation and feature genera-
tion processes are clinically meaningful and grounded in real-world 
radiological expertise.

Running Example (Phase II): For pleural effusion, the expert 
queries retrieve information such as: (1) Symptoms: Shortness of 
breath, chest pain, cough; (2) Possible causes: Heart failure, pneu-
monia, malignancy; (3) Relevant clinical features: Decreased breath 
sounds, dullness to percussion, jugular venous distension. These 
findings are stored in a structured format and fed into the next 
phase.

3.3. Phase III: Context-aware feature augmentation

The primary objectives of this phase are twofold: (1) to identify 
and generate new clinically relevant features and (2) to assign mean-
ingful values to these newly identified features. This process builds 
on the Augmented Clinical Knowledge corpus developed in Phase II, 
extracting novel clinical features that are contextually aligned with 
the patient’s condition. Extracting such features from unstructured 
textual data presents challenges, even with advanced techniques like 
named entity recognition, as medical text often includes nuanced and 
domain-specific terminology that is difficult to capture in its entirety.

To address these challenges, we leverage LLMs equipped with few-
shot learning capabilities, allowing them to identify relevant features 
even with minimal labeled examples. The LLM can discern 𝑛 distinct 
features by examining the documents generated in Phase II, each 
feature representing a clinically important aspect of the patient’s con-
dition. These features are not merely repetitions of existing variables 
but represent new data dimensions that provide deeper insights into 
the patient’s health status.

However, the mere identification of relevant clinical features is 
insufficient for a comprehensive augmentation of the clinical dataset. 
Each feature must be populated with corresponding values to ensure 
its practical utility. To achieve this, we revisit the RAG framework, 
crafting prompts that utilize multiple critical sources of information:

1. Prior contextual knowledge derived from the ACK corpus in 
Phase II provides a comprehensive understanding of the patient’s 
condition.

2. Newly identified clinical features, ensuring that the values 
generated directly relate to the novel attributes extracted in this 
phase.

3. The domain knowledge database established in Phase I
serves as a reference for validated medical information related 
to the lesion and patient.

4. The patient’s radiology report and demographic details offer 
personalized data for generating patient-specific feature values.

By integrating these four sources of information, we generate pre-
cise and contextually relevant values for the newly identified features. 
For example, if a new feature related to lesion morphology is identified, 
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values would be generated based on both the clinical descriptions in 
the radiology report and the broader domain knowledge available in 
the ACK corpus.

When processed by the LLM within the RAG framework, these 
prompts return a comprehensive list of features and their correspond-
ing values. These results are then integrated into the original clini-
cal dataset, culminating in an enriched and context-aware augmented 
dataset. This enriched dataset not only contains new clinically relevant 
features but also ensures that each feature is accompanied by accu-
rate, personalized values, enhancing the dataset’s utility for subsequent 
analyses or predictive modeling.

Running Example (Phase III): DALL-M identifies that pleural 
effusion is commonly associated with the following new features: 
(1) Jugular Venous Distension (Yes/No), (2) Breath Sounds (Nor-
mal/Decreased/Absent), and (3) Chest Pain Severity (Mild/
Moderate/Severe). The LLM assigns values based on the patient’s 
known attributes. Given that the patient is 65 years old, has a 
temperature of 38.2 ◦C, and an oxygen saturation of 92%, DALL-
M predicts: Jugular Venous Distension = Yes, Breath Sounds = 
Decreased, and Chest Pain Severity = Moderate. These features are 
added to the dataset, enriching the patient’s clinical profile.

For more details, please refer to Appendix Figs.  A.7 and A.6, where 
we outline how each component of the prompt interacts with the 
available data sources to yield high-quality, contextually appropriate 
results and present the general structure of our prompt formulation 
process and the methodology for assigning values.

While expert input refines the selection of clinically relevant
queries, it is important to emphasize that DALL-M does not depend 
solely on expert-designed prompting for consistency. Instead, its ro-
bustness is achieved through a structured, three-phase pipeline, where 
(i) retrieval-augmented context processing ensures factual grounding, 
and (ii) structured augmentation maintains logical consistency. Even 
without expert-driven prompt engineering, the system retrieves and 
synthesizes clinically coherent information, demonstrating that perfor-
mance improvements are inherent to its design rather than reliant on 
manual tuning.

4. Experimental setup

This section details the experimental setup used to evaluate the 
effectiveness of the DALL-M framework. We describe the datasets uti-
lized, the clinical features selected for evaluation, and the specific 
hypotheses tested through a series of experiments.

4.1. Dataset

In this work, we utilize instances from the MIMIC-IV dataset [75], 
comprising radiographs, radiology reports from chest X-rays, and clin-
ical data. We gathered 799 patient cases from these datasets, with 
each instance accompanied by corresponding ground-truth information 
on clinical features, facilitating the evaluation of the generated syn-
thetic data. The labels used for evaluation in Section 5.2 are extracted 
from the REFLACX dataset [72], annotated by five radiologists. In 
the dataset, we have the following clinical features: (1) tempera-
ture (in Fahrenheit degrees), (2) heartrate (beats rate per minute), 
(3) resprate (breaths rate per minute), (4) o2sat (peripheral oxygen 
saturation as a percentage), (5) sbp, dbp (systolic and diastolic blood 
pressure, respectively, measured in millimeters of mercury (mmHg)). 
Additionally, the dataset incorporates ground truth labels indicating the 
presence/absence of lesions within the chest X-ray images of patients. 
We selected five distinct lesions for consideration: atelectasis, consolida-
tion, enlarged cardiac silhouette, pleural effusion, and pleural abnormality. 
The rationale behind selecting these specific lesions stem from their 
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prevalence as the most frequently occurring conditions within the 
REFLACX dataset [72].

Although MIMIC-IV [75] contains over 40,000 patients, we curated 
a subset of 799 cases by ensuring that each sample contained all 
necessary modalities and labels for the study. The inclusion criteria 
required the presence of MIMIC-IV DICOM images, hospital module 
data (gender, age), emergency department triage features (such as vital 
signs), REFLACX lesion bounding box labels, and CheXpert labels [76]. 
This intersection resulted in a final dataset of 799 cases.

Additionally, while the five selected lesion classes are not perfectly 
balanced, we employed measures to mitigate potential biases, including 
data augmentation techniques and evaluation using Precision, Recall, 
and F1-score to ensure a fair assessment of model performance.

4.2. Experiments

This section outlines the experiments designed to evaluate the pro-
posed DALL-M framework. These experiments aim to validate two key 
hypotheses central to the framework’s ability to generate contextual 
values for existing features and extend its knowledge to create new
clinically relevant features.

• Hypothesis 1: LLMs are capable of providing sufficient con-
textual information to generate accurate, patient-specific values 
for existing clinical features when provided with clinical patient 
reports.

• Hypothesis 2: LLMs can extend their knowledge to create en-
tirely new clinically relevant features and their respective values, 
enhancing the original dataset.

To validate these hypotheses, we designed a series of experiments, 
each tailored to evaluate specific aspects of the LLMs’ capabilities.

Validating Hypothesis 1: Can LLMs Generate Contextual Values 
for Existing Features? (see Section 5.1)

The first hypothesis explores whether LLMs can effectively generate 
values for existing clinical features based on available patient data. 
To test this, we conducted an experiment where we compared LLM-
generated values with those produced by traditional methods, specif-
ically Gaussian-based permutation techniques. No noise was added to 
image data. By comparing the outputs, we can assess whether LLMs 
are a reliable tool for generating patient-specific values that accurately 
reflect the clinical context.

Validating Hypothesis 2: Can LLMs Extend Their Knowledge to 
Generate New Features?

Once we validate that LLMs can generate accurate values for ex-
isting features, we move on to the second hypothesis, which explores 
whether LLMs can extend their knowledge to create new clinically 
relevant features and generate their values. This requires a more so-
phisticated experiment design, which we carried out in the following 
stages:

• Stage 1: Analyzing the Quality of Information Retrieval (see
Section 5.2). The first step in validating Hypothesis 2 involves 
understanding what data sources contribute to generating high-
quality, contextually relevant information. To do this, we used 
data from two complementary sources: Wikipedia and Radiopae-
dia. We tested which of these sources (Wikipedia, Radiopedia 
or both) give the LLM access to a more comprehensive clini-
cal knowledge base, allowing it to generate better answers for 
both general and specialized queries (see Phase I in Fig.  1). 
Other sources, such as medical textbooks and clinical databases 
(e.g., UpToDate, PubMed, and professional guidelines), contain 
high-quality expert-reviewed content. However, their integration 
into our framework is limited by copyright and access restrictions, 
preventing their direct use in automated retrieval pipelines.
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• Stage 2: Generating Prompts for New Feature Generation (see
Section 5.3). After understanding which data sources lead to 
better information retrieval, the next step was to design prompts 
that guide the LLM in generating new clinical features. Based 
on a set of questions given to radiologists, these prompts are 
tailored to retrieve information from Radiopedia and Wikipedia 
and to extract novel features from the LLM answers. This extends 
the LLM’s understanding beyond existing features, allowing it to 
synthesize entirely new, contextually relevant features from the 
knowledge it has gained in Stage 1 (see Phase II in Fig.  1). In 
this stage, we designed retrieval-specific prompts that guide the 
LLM in generating context-aware features. Unlike approaches that 
fine-tune prompts through systematic training, we employed a 
trial-and-error method to iteratively refine the prompts based on 
observed model behavior.

• Stage 3: Populating the Generated Features with new Feature 
Values (see Section 5.3). After identifying new features, we used 
the RAG framework to generate accurate values for each feature 
using the contextual knowledge established in previous phases. 
The RAG framework first retrieves relevant information from the 
Augmented Clinical Knowledge corpus, and then the generator 
model synthesizes this information to produce clinically coher-
ent values. These generated values are then integrated into the 
original dataset, creating a richer, contextually enhanced dataset 
that aligns with the patient’s clinical profile and is ready for 
downstream analysis.

• Stage 4: Evaluating the Effectiveness of the Newly Generated 
Features (see Section 5.3). We carried out a comprehensive set of 
experiments to evaluate the new features generated by the LLMs. 
First, we augmented the dataset with the newly generated fea-
tures and tested their impact on several machine learning models, 
including Decision Trees, Random Forest, XGBoost, and TabNet. 
The models were evaluated using metrics such as accuracy and 
AUC to determine the added value provided by the new features. 
We also performed an ablation study to further investigate the 
contribution of the Augmented Clinical Knowledge from Phase II. 
By isolating the ACK’s influence on the LLM’s ability to generate 
valuable features, we assessed its critical role in the feature-
generation process. Finally, we conducted a feature importance 
analysis to identify which of the newly generated features had 
the greatest relevance to clinical outcomes. These findings were 
subsequently reviewed by medical experts to ensure the clinical 
validity and relevance of the generated features. In evaluating the 
effectiveness of the newly generated features, we initially report 
accuracy and AUC as general performance indicators. However, 
we recognize that in clinical applications, false negatives are 
particularly concerning, as missing relevant clinical information 
could impact diagnosis and treatment decisions. To address this, 
our results emphasize precision and recall, as they provide a 
more meaningful assessment of feature validity. Precision ensures 
that newly generated features are clinically relevant, while recall 
minimizes the risk of missing critical information. This dual focus 
allows us to balance overall model performance with medical 
reliability.

4.3. Parameters and model setup

In our experiments, no fine-tuning was performed, as we leveraged 
a Retrieval-Augmented Generation approach that directly incorporates 
medical sources, eliminating the need for model-specific adaptation. 
Since each LLM has its own internal mechanisms for interpreting 
queries, there is no standardized method for prompt formulation. To 
ensure a fair evaluation, we used a consistent query formulation across 
all models without modifying LLM-specific prompt structures, prevent-
ing biases in prompt optimization and ensuring that each model’s 
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response reflects its native ability to retrieve and synthesize clini-
cal knowledge. Additionally, we set the LLM temperature to 0.1 to 
prioritize deterministic and clinically consistent outputs, as higher tem-
peratures (e.g., 0.7 or above) occasionally led to clinically implausible 
outputs, such as symptoms unrelated to the patient’s condition. Given 
the sensitive nature of medical data augmentation, this choice was 
guided by preliminary tests, clinical requirements, and consistency 
considerations, ensuring that generated outputs align closely with re-
trieved domain-specific knowledge from Radiopaedia and the patient 
context.

In the downstream evaluation of our augmented dataset, we em-
ployed default parameters for each machine learning model to en-
sure consistency and reproducibility. For Decision Trees and Random 
Forests, we used default settings, with Decision Trees having a max-
imum depth of 10 and Random Forests consisting of 100 trees, both 
utilizing the Gini impurity function for node splitting. XGBoost was 
configured with a learning rate of 0.01, a max depth of 6, and 100 
estimators, using the binary:logistic setting to accommodate the binary 
nature of our classification tasks. For the TabNet model, we leveraged 
the PyTorch implementation from Dreamquark AI with its preset pa-
rameters, including an optimizer learning rate of 0.02, a batch size 
of 1024, and a decision dimension of 8 with 2 steps in the decision 
process.

All experiments used high-performance computational resources, 
including NVIDIA 4090 24 GB GPUs and Intel i9-13900K CPUs. These 
setups allowed for efficient training and testing of the machine learning 
models and rapid processing of the large datasets required for the 
experiments.

4.4. Downstream task parameters

In the downstream evaluation of our augmented dataset, we em-
ployed default parameters for each machine learning model to en-
sure consistency and reproducibility. For Decision Trees and Random 
Forests, default settings were applied, Decision Trees having a maxi-
mum depth of 10 and Random Forests consisting of 100 trees, both 
using the Gini impurity function for node splitting. For XGBoost, default 
parameters included a learning rate of 0.01, a max depth of 6, and 
100 estimators, with the model set to ‘binary:logistic’ to accommodate 
the binary nature of our classification tasks. For the TabNet model, we 
used the PyTorch implementation from Dreamquark AI with its preset 
parameters. These include an optimizer learning rate of 0.02, a batch 
size of 1024, and a decision dimension of 8 with 2 steps in the decision 
process. 

5. Results

5.1. Experiment I: Can LLMs generate contextual values for existing fea-
tures

This experiment evaluated the potential of LLMs to accurately 
generate synthetic values for pre-existing clinical features within the 
MIMIC-IV dataset. The criticality of this task cannot be overstated, 
given the propensity of LLMs to produce ‘‘hallucinations’’ or inaccura-
cies that, within a medical context, could lead to significant ramifica-
tions for patient care. To mitigate these risks and ensure the generation 
of clinically relevant values, we employed a structured approach in-
volving generating a prompt (Fig.  2). We set the temperature parameter 
to 0.1 and applied eight clinical features from the MIMIC-IV dataset 
(oxygen saturation, temperature, gender, age, heart rate, o2sat, systolic 
(sbp), and diastolic blood pressure (dbp)) to 799 patient cases.

We analyzed the capabilities of different types of LLMs to generate 
clinically relevant synthetic data. We tested nine different LLMs ranging 
from medical domain-specific models (such as BioGPT [68], Clinical-
BERT [77], BioClinicalBERT [78], and Medtiron [79]) to more general 
models (Mistral [80], Zehyr [81], Llama2 [82], GPT-3.5, and GPT-4). 
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Fig. 2. Example of a prompt used in Experiment I for generating feature values for Oxygen Saturation (%).
Table 2
Mean Square Error for normalized clinical features.
 Model Temperature Heartrate Resprate o2sat sbp dbp Mean  
 BioGPT [68] 6.124 1.733 108.269 7.799 3.628 1.836 21.565 
 ClinicalBERT [77] 5.623 2.663 22.880 2.298 6.086 1.443 6.832  
 BioClinicalBERT [78] 4.204 1.578 7.230 1.466 5.007 1.661 3.524  
 Mistral [80] 3.635 1.920 5.842 7.824 2.284 3.056 4.093  
 Zephyr [81] 2.144 1.541 3.060 4.146 1.770 1.700 2.393  
 Llama2 [82] 1.318 1.559 2.617 2.387 1.494 3.741 2.186  
 Meditron [79] 2.420 2.057 4.858 6.359 2.205 4.071 3.662  
 GPT-3.5 1.325 1.308 1.159 3.403 1.264 2.338 1.799  
 GPT-4 1.966 1.344 1.298 1.722 1.251 1.705 1.548  
 MMTF (supervised) 0.003 0.008 0.040 0.009 0.006 0.013 0.013  
 Gaussian (baseline) 2.074 2.085 2.027 1.987 2.092 1.934 2.033  
Fig.  2 presents an example of a prompt to generate values for existing 
features based on the patient’s clinical context.

To quantify the deviation of LLM-generated values from actual 
clinical data, we employed the Mean Squared Error (MSE) metric, com-
paring the generated values against the ground truth for each feature. 
We use this metric to indicate the LLM’s accuracy and reliability in 
synthesizing clinical data.

We used a simple Gaussian distribution to generate clinical agnostic 
feature values as a baseline. To compare the performance of LLM-
generated clinical feature values with a multimodal approach, we 
implemented a Multimodal Transformer (MMTF) inspired by ViT [83]. 
The MMTF was trained using chest X-ray images and corresponding 
structured clinical features from the MIMIC-IV dataset. The model was 
optimized using a cross-entropy loss function and fine-tuned over 200 
epochs with an Adam optimizer (learning rate = 0.0001). Evaluation 
was conducted using the same Mean Squared Error metric applied to 
LLM-generated values, ensuring a direct comparison between methods.

The experiment was structured to run each query through the 
multimodal vision transformer, mirroring the approach taken with 
the LLMs to ensure comparability. Table  2 reports the results using 
MIMIC-IV, where GPT-4 provides the best performance using mean 
MSE (i.e., average overall features). 

5.2. Experiment II: Analyzing the quality of information retrieval

In Experiment II, we evaluated the effectiveness of information 
retrieval and data storage mechanisms by comparing LLMs’ perfor-
mance using data from Radiopaedia and Wikipedia. The experiment 
focused on two main aspects: the information sources and the data 
representation types.

Using the best LLM from Experiment I, GPT-4, we conducted queries 
using three configurations: Wikipedia alone, Radiopaedia alone, and 
combined. Due to the high costs of using GPT-4, we limited our 
experiments to a single query: ‘‘Atelectasis’’. The following conditions 
were tested: (a) all documents from the first result page of Wikipedia 
9 
(approximately 10 documents); (b) all documents from the first result 
page of Radiopaedia (approximately 20 documents); (c) the top result 
from Wikipedia (1 document); (d) the top result from Radiopaedia (1 
document); and (e) all documents from the first result pages of both 
Wikipedia and Radiopaedia (approximately 30 documents total). For 
each setting, we tested three types of data representation: NetworkX, 
Neo4j Vector databases, and Neo4j Graph databases. The goal was to 
retrieve information for the domain questions outlined in Phase II: (1) 
What is Atelectasis?, (2) What are the symptoms of Atelectasis?, (3) 
What can cause Atelectasis?, (4) What clinical features do radiologists 
need for diagnosing Atelectasis?, and (5) What are the radiographic 
features of Atelectasis? 

The most effective retrieval configuration was determined by com-
paring different data sources (Wikipedia, Radiopaedia, or both)
and storage methods (NetworkX, Neo4j Vector, and Neo4j Graph
databases). The assessment was based on the completeness, accu-
racy, and contextual relevance of the retrieved information in an-
swering domain-specific questions (e.g., symptoms, causes, and radio-
graphic features of atelectasis). The best-performing setup, using both 
Wikipedia and Radiopaedia stored in a Neo4j Vector database, provided 
the most comprehensive and clinically meaningful responses.

Our experiments show that the best data representation is the 
Neo4jVector (see Table  3 for an example of LLM outputs). This is 
due to its ability to capture and retrieve semantic relationships within 
high-dimensional data efficiently. The Neo4j Vector database outper-
formed other methods by providing more contextually relevant and 
accurate responses to the domain questions. Its advanced indexing 
and search capabilities allowed for better integration of diverse in-
formation sources, ultimately enhancing the LLM’s ability to generate 
high-quality, clinically relevant features. This demonstrates that lever-
aging a combination of broad and specialized knowledge stored in a 
semantically rich vector format significantly improves the performance 
of the LLM in clinical data augmentation tasks.
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Table 3
GPT-4 Responses based on Wikipedia and Radiopaedia: Synthesis of information retrieved from the top search results for query ‘‘Atelectasis’’. The highlighted 
terms indicate areas where additional clinical context was retrieved to guide the feature generation process. While these terms alone do not directly translate 
into new features, they help DALL-M retrieve relevant medical knowledge, which is then used to synthesize new, context-aware features.
 Question LLM Answer  
 Networkx
 1 Atelectasis is a condition in which small areas of the lung collapse due to adjacent compression, passive atelectasis, or dependent atelectasis. 

It is usually seen on chest X-rays as small volume linear shadows and CT is often helpful to determine the cause or confirm that there is no 
proximal obstruction.

 

 2 Atelectasis is usually asymptomatic, but some people may experience shortness of breath, chest pain, and coughing  
 3  Atelectasis can be caused by adjacent compression, passive atelectasis, and dependent atelectasis  
 4 Radiologists need to look for small areas of collapsed lung, small volume linear shadows, and adjacent compression on chest X-rays to 

diagnose Atelectasis. CT scans may also be helpful to determine the cause or confirm that there is no proximal obstruction
 

 5 Atelectasis is usually seen on chest X-rays as small volume linear shadows  
 Neo4jVector
 1 Atelectasis is the collapse or closure of a lung resulting in reduced or absent gas exchange. It is usually unilateral, affecting part or all of 

one lung. It is a condition where the alveoli are deflated down to little or no volume. It can be caused by normal exhalation or various 
medical conditions. Atelectasis is not synonymous with a pneumothorax, although a pneumothorax can cause atelectasis. It can occur as a
post-operative complication or as a result of surfactant deficiency. It is a common finding in chest X-rays and other radiological studies. The 
most common cause is post-surgical atelectasis, which develops in 75%–90% of people undergoing general anesthesia for a surgical 
procedure. Other causes include pulmonary tuberculosis, obstruction of the airway, poor surfactant spreading, and compression of the 
lung by a space-occupying lesion. Clinically significant atelectasis is visible on chest X-ray and may require further imaging or bronchoscopy 
for diagnosis. Treatment involves managing the underlying cause

 

 2 The symptoms of Atelectasis may include cough (not prominent), chest pain (not common), breathing difficulty (fast and shallow), low 
oxygen saturation, pleural effusion (transudate type), cyanosis (late sign), and increased heart rate. However, it is important to note that 
atelectasis can also be asymptomatic

 

 3 Atelectasis can be caused by various factors, including post-surgical complications, surfactant deficiency, pulmonary tuberculosis,
blockage of the airway, compression from external factors, poor surfactant spreading, and certain risk factors such as type of surgery,
obesity, high oxygen, and presence of chronic obstructive pulmonary disease or asthma. It can also occur due to passive atelectasis or 
adhesive atelectasis

 

 4 Radiologists need to look for small volume linear shadows on chest X-rays, usually peripherally or at the lung bases, to diagnose atelectasis. 
They can also use CT scans to accurately depict the involved lung and determine the cause. Additionally, the presence of the crow feet sign, 
which appears as linear bands radiating from a mass into adjacent lung tissue, can be a characteristic feature of round atelectasis. The clinical 
presentation of atelectasis can vary depending on the extent and speed of development, but common symptoms include breathlessness,
cough, and diminished breath sounds. The underlying causes of atelectasis can include adjacent compression, passive atelectasis, and 
dependent atelectasis. Treatment involves managing the underlying cause and promoting deeper breathing if hypoventilation is the cause.

 

 5 Radiographic features of atelectasis include small volume linear shadows on chest X-rays, usually peripherally or at the lung bases. The 
underlying cause may also be visible. CT chest allows for a more accurate depiction of the involved lung and can help determine the cause. 
Round atelectasis can be seen on CT as linear bands radiating from a mass into adjacent lung tissue, resembling the feet of a crow. 
Atelectasis can also be classified based on underlying mechanism (resorptive, passive, compressive, cicatrization, adhesive, gravity dependent) 
or morphology (linear, round, lung, lobar, segmental, subsegmental). The radiographic features vary depending on the type and mechanism of 
atelectasis.

 

 Neo4jGraph
 1 Atelectasis is a condition where part or all of one lung collapses or closes, resulting in reduced or absent gas exchange. It can be caused by 

normal exhalation or various medical conditions. The alveoli, which are small air sacs in the lungs, become deflated down to little or no 
volume. Atelectasis is also known as a collapsed lung.

 

 2 I’m sorry, but I don’t have the information to answer your question. It would be best to consult a medical professional for accurate 
information on the symptoms of Atelectasis

 

 3 There are several factors that can cause atelectasis. Some common causes include blockage of the airways due to mucus, a foreign object, 
or a tumor, as well as lung diseases such as chronic obstructive pulmonary disease (COPD) or pneumonia. Additionally, certain medical 
procedures, such as anesthesia or prolonged bed rest, can also contribute to the development of atelectasis. It is important to consult with a 
healthcare professional for a proper diagnosis and treatment plan.

 

 4 To diagnose Atelectasis, radiologists typically look for certain clinical features. These may include signs such as lung collapse, airway 
obstruction, and reduced lung volume. Additionally, they may also consider the presence of symptoms such as shortness of breath,
coughing, and chest pain. By evaluating these clinical features, radiologists can make an accurate diagnosis of Atelectasis

 

 5 I’m sorry, but I don’t have the information to answer your question about the radiographic features of Atelectasis.  
5.3. Experiment III: Evaluating the effectiveness of the newly generated 
features

Building on the initial assessment of LLMs to generate realistic 
values for existing clinical features, this experiment evaluates DALL-
M’s capability to create new, clinically relevant features to enhance 
the dataset comprehensively. This investigation involved processing 799
patient case data points, originally comprising only eight features, to 
include new features and their corresponding synthetic values, as estab-
lished in Experiment I. We termed this method Augmented, containing 
78 features. Furthermore, we consulted medical experts to leverage 
clinical expertise and enrich the dataset. They reviewed the newly gen-
erated features and recommended including specific clinical features 
based on their professional experience. The subsequent generation of 
values, denoted as Augmented with Expert Input, yielded 91 features.

To rigorously assess the contribution of these augmented features to 
the dataset, three distinct analytical approaches were employed: (1) We 
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evaluated the augmented dataset using various ML models, including 
Decision Trees, Random Forest, XGBoost, and TabNet. This analysis 
used metrics such as accuracy and area under the curve (AUC); (2) An 
ablation study was conducted to discern the impact of incorporating 
ACK into the prompt generation phase on the overall effectiveness of 
the augmentation process; (3) The ML models employed underwent a 
feature importance analysis. Our medical experts then reviewed the 
results to validate the clinical relevance of the identified features. 

We documented the outcomes in Table  4. In the table, The ‘‘#Rel. 
Features’’ column in Table  3 represents the number of features that 
were found to be important for each machine learning method. We 
measured feature importance across the generated and original fea-
tures, and this column reflects how many features significantly con-
tributed to the predictive performance of each algorithm. An example 
of feature importance distribution for Decision Trees, Random Forests, 
and XGBoost is presented in Fig.  3 and TabNet in Fig.  4, with expert 
commentary on the identified features’ clinical validity discussed in
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Table 4
Performance of different feature sets on REFLACX dataset [72] using CheXpert [76] labels as groundtruth. The bold values represent the 
best-performing models, while the underlined values correspond to the second-best. (#Rel. F. = Relevant Features)
 Feature set Model Accuracy AUC Precision F-1 Recall P-value #Rel. F. 
 DecisionTree 0.6676 0.5666 0.367 0.3591 0.352 0.3021 0  
 RandomForest 0.7484 0.554 0.6091 0.2285 0.1408 0 0  
 XGBoost 0.7108 0.5389 0.3953 0.2411 0.1735 0 8  
 

Original 
# feat: 8

TabNet 0.6568 0.5250 0.3117 0.2743 0.2449 0.5000 6  
 DecisionTree 0.7319 0.6124 0.4935 0.4139 0.3582 0.0222 6  
 RandomForest 0.7749 0.6089 0.7067 0.3752 0.2561 0 3  
 XGBoost 0.7865 0.6687 0.6508 0.5093 0.4184 0.0001 49  
 

Augmented # 
feat: 78

TabNet 0.7027 0.5856 0.4231 0.375 0.3367 0.0293 22  
 DecisionTree 0.7246 0.6244 0.4767 0.4413 0.4112 0.2322 5  
 RandomForest 0.7811 0.6177 0.7362 0.3953 0.2704 0 4  
 XGBoost 0.7838 0.6636 0.6452 0.5000 0.4082 0.0002 56  
 

Augmented with 
Expert input # 
feat: 91 TabNet 0.7243 0.6232 0.4762 0.4396 0.4082 0.3974 43  

 DecisionTree 0.7127 0.6182 0.4549 0.4349 0.4173 0.6686 1  
 RandomForest 0.7705 0.6174 0.6483 0.4022 0.2918 0 1  
 XGBoost 0.7486 0.6365 0.5342 0.4561 0.398 0.4082 47  
 

Ablation
No Prior Knowledge 
# feat: 91 TabNet 0.6541 0.5754 0.3636 0.3846 0.4082 0.6799 59  
Fig. 3. Example of feature importance distribution for enlarged cardiac silhouette using Decision Trees, Random Forests and XGBoost.
DALL-M synthesized 70 new clinical features, later expanded to 
91 after expert input. These features include lesion-specific attributes 
(e.g., pleural effusion severity, nodule shape descriptors), comorbidity 
indicators (e.g., history of chronic obstructive pulmonary disease), and 
additional symptom-related variables inferred from radiology reports. 
In the Appendix, Table  B.5 provides a detailed breakdown of these 
synthesized features.

Fig.  5 presents the Pearson correlation coefficients between the 
feature importance scores of four machine learning models (XGBoost, 
Random Forest, Decision Tree, and TabNet) and the clinical evaluations 
provided by radiologists. Each panel corresponds to a specific condition 
– Atelectasis, Consolidation, and Enlarged Cardiac
Silhouette – with separate plots for features rated as high relevance 
(left column) and low relevance (right column). The bars represent 
the average correlation with two clinical assessment criteria: clinical 
plausibility and clinical relevance for the set of features that were 
ranked least and highly important by two radiologists.

6. Discussion

Our experiments with the DALL-M framework highlight the accu-
racy of LLMs in generating synthetic clinical values and creating new 
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clinically relevant features. The precision of models like GPT-4 and 
the enhancements from integrating expert insights are key focuses. We 
examine the impact of these advancements on predictive modeling, 
clinical decision-making, and patient care and contemplate the future 
role of AI in healthcare. The main contributions are as follows:

(1) LLMs Can Generate Clinically Relevant Synthetic Values: 
Experiment I demonstrates the potential of LLMs, particularly GPT-
3.5 and GPT-4, to accurately generate synthetic values for existing 
clinical features. Using structured prompts, our evaluation through MSE 
suggests the models’ ability to produce values close to real clinical data, 
with GPT-4 showing the best performance among LLMs.

(2) Multimodal Approaches Offer Further Improvements: Inte-
grating LLMs with other data modalities, such as images, could enhance 
the accuracy and relevance of generated clinical feature values. Al-
though we explored this only in Experiment I, further research could 
incorporate these models in Phase III.

(3) General LLMs perform better than Domain-Specific ones: 
Experiment I shows that general LLMs outperform domain-specific 
LLMs in generating synthetic clinical values. This may be due to several 
factors: (i) general LLMs are trained on a vast and diverse dataset, 
including ample medical literature, which may surpass the performance 
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Fig. 4. Example of feature importance distribution for enlarged cardiac silhouette using TabNet.
of models trained on narrower datasets, and (ii) general LLMs are 
updated regularly, leading to up-to-date information.

(4) DALL-M Improves Model Performance Despite the Complex-
ity of Clinical Data: Experiment III demonstrates DALL-M’s ability to 
augment existing datasets with synthetic values and expand them with 
entirely new, clinically relevant features. Without medical expert input, 
DALL-M extended the eight original features to 78 features, signifi-
cantly enhancing model performance. Despite the inherent challenges 
of working with sparse and highly structured clinical tabular data, 
our results show a 25 percentage point increase in Precision and 
Recall for XGBoost and a 16.5 percentage point improvement in 
F1-score. These gains highlight the potential of DALL-M in addressing 
baseline performance limitations, particularly in real-world medical 
datasets that are often incomplete or imbalanced. While Accuracy is 
a widely used metric, it can be misleading in medical datasets with 
class imbalances. In contrast, Precision, Recall, and F1-score are more 
clinically relevant, as they directly address the trade-off between false 
positives and false negatives. High Recall is crucial to avoid missing 
critical cases, while high Precision reduces unnecessary interventions, 
making these metrics more suitable for evaluating medical diagnostic 
tasks. Additionally, data augmentation with expert input generated 
13 additional features, totaling 91 features, leading to a further 3% 
increase in Precision for Random Forests. These findings emphasize the 
practical benefits of context-aware feature augmentation in improving 
predictive modeling in healthcare. XGBoost consistently outperformed 
other models across most metrics, reaffirming the well-established 
effectiveness of tree-based models in handling tabular data [84,85].

(5) Ablation studies confirm - Augmented Clinical Knowledge 
is vital: The ablation study further confirms that DALL-M’s effective-
ness is a result of its structured augmentation pipeline rather than 
reliance on expert-crafted prompts. While expert input refines the 
prompting process, its role is to enhance retrieval efficiency rather 
than inject external knowledge. The system’s ability to generate high-
quality synthetic values and new features primarily derives from its 
retrieval-augmented framework, which anchors responses in trusted 
medical sources. This ensures that clinical consistency is achieved 
by design, independent of manual adjustments to prompts. As shown 
in Table  4, the absence of augmented clinical knowledge results in 
a notable performance decline across all models. This underscores 
the role of augmented clinical knowledge in enhancing the ability of 
LLMs to produce reliable and precise synthetic values. Nevertheless, 
our approach requires ethical scrutiny for future iterations, to ensure 
accuracy, transparency, and mitigate biases [86–88].

(6) DALL-M Excels when Compared with Traditional Clinical 
Data Augmentation Methods: Traditional augmentation techniques 
– such as SMOTE, GANs, and Gaussian noise injection – primarily 
manipulate existing data without introducing new, clinically meaning-
ful information. SMOTE interpolates between existing samples, failing 
to enrich datasets with novel insights. GAN-based approaches gener-
ate synthetic data but often lack interpretability and can introduce 
artifacts. Gaussian perturbation methods inject randomness, risking 
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implausible clinical relationships. DALL-M surpasses these methods 
by generating entirely new, context-aware features grounded in ver-
ified medical knowledge through RAG. This ensures medical consis-
tency, interpretability, and enhanced predictive power. By integrating 
expert-driven contextualization with advanced AI techniques, DALL-
M fundamentally redefines how clinical datasets are enriched, moving 
beyond simple augmentation to intelligent knowledge-driven feature 
expansion.

(7) Alignment of Machine Learning Models with Radiologists’ 
Clinical Assessments: The correlation analysis indicates that Random 
Forest aligns most closely with radiologists’ assessments of clinical 
relevance, particularly for high-relevance features in Consolidation 
and Enlarged Cardiac Silhouette. This suggests that Random Forest 
effectively identifies diagnostically significant features, likely due to 
its ensemble approach, which enhances robustness and reduces over-
fitting. In contrast, TabNet tends to overestimate feature importance, 
especially for Enlarged Cardiac Silhouette, resulting in weaker cor-
relations with radiologists’ evaluations. This overestimation suggests 
that TabNet may capture broader patterns but struggles to differentiate 
between clinically critical features and less relevant ones, highlighting 
the importance of aligning machine learning feature selection with 
expert clinical judgment for improved interpretability and diagnostic 
support. 

7. Challenges, limitations and future work

The DALL-M framework shows promise for enhancing clinical data, 
but faces several key challenges that need addressing.

While our results demonstrate the effectiveness of DALL-M, several 
challenges must be acknowledged for real-world deployment. First, 
LLM-generated data must maintain clinical consistency, as synthetic 
values may not always align with real-world patient distributions. 
Second, bias propagation remains a concern—LLMs trained on imbal-
anced medical datasets may reinforce existing disparities, leading to 
skewed predictions. Third, unlike real patient records, synthetic data 
lacks direct ground truth validation, making rigorous quality control 
essential. Additionally, the use of LLMs in clinical augmentation raises 
regulatory and ethical challenges, particularly regarding compliance 
with GDPR, and medical AI guidelines. Finally, LLMs may introduce 
hallucinations, where fabricated correlations or features could mislead 
predictive models if not carefully filtered. Future research should ex-
plore hybrid methods that combine LLM augmentation with domain 
expert validation to mitigate these risks.

The choice between specialized and general-purpose language mod-
els presents another dilemma. While GPT-4 currently outperforms 
medical-specific models, its effectiveness in specialized medical sub-
fields remains uncertain. Additionally, the high computational costs 
of running advanced models like GPT-4 create practical barriers to 
widespread clinical adoption. Ethical considerations also loom large. 
Though we use synthetic data to protect patient privacy, we must 
carefully monitor for potential biases and prevent misuse of gener-
ated clinical information. Moving forward, addressing these challenges 



C. Hsieh et al. Computers in Biology and Medicine 190 (2025) 110022 
Fig. 5. Correlation of machine learning models with Radiologists’ clinical scores for high and low relevance features.
while maintaining strict ethical guidelines will be crucial for successful 
clinical implementation.

For future work, we aim to explore bias mitigation strategies to 
ensure fairness and reliability in synthetic data generation. Techniques 
such as adversarial debiasing, reweighting methods, and fairness-aware 
augmentation will be investigated to address potential disparities in-
troduced by LLM-generated clinical data. Additionally, we plan to 
expand DALL-M’s capabilities by integrating multimodal clinical data, 
including radiology images and electronic health records (EHRs). By 
leveraging multimodal fusion techniques, we can enhance the contex-
tual depth of synthetic feature generation, improving its alignment with 
real-world medical scenarios.
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8. Conclusion

This study proposes two distinct strategies for augmenting clinical 
datasets. The first approach addresses the issue of missing values by 
generating realistic synthetic values using trained LLMs and multimodal 
transformers for supervised learning. This method ensures the dataset is 
complete and robust, allowing machine learning models to learn more 
effectively.

The second approach focuses on generating clinically relevant fea-
tures by leveraging the combined power of LLMs and medical experts’ 
domain knowledge. This method goes beyond simply filling in gaps; it 
creates new, valuable data points that enhance the overall quality of 
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the dataset. By incorporating expert insights, we ensure the generated 
features are statistically sound and clinically meaningful.

Our results demonstrate that using the augmented dataset signif-
icantly improves model performance across various machine learning 
models. The features identified through our augmentation strategies are 
validated as clinically relevant, showing potential to enhance diagnos-
tic accuracy and patient care. To the best of our knowledge, DALL-M 
is the only method capable of generating new context-aware features 
in tabular data. This capability is particularly impactful in fields where 
data is scarce, as it can significantly enhance the quality and quantity of 
available data, leading to better model performance and more informed 
decision-making.
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Appendix A. Prompt for synthetic clinical feature value genera-
tion

Fig.  A.7 illustrates a concrete example of the final prompt used in 
the Synthetic Clinical Feature Value Generation Module. This prompt 
leverages the patient’s clinical report, extracted contextual informa-
tion, and the expert knowledge synthesized in the Augmented Clinical 
KnowledgeModule to generate clinically relevant synthetic values for 
various features. The LLM is instructed to take on the role of an 
experienced radiologist, using its domain-specific knowledge to make 
predictions for specific clinical features such as ‘‘breathing difficulty’’ 
or ‘‘pleural effusion’’.

The prompt begins by providing the patient’s detailed report, in-
cluding radiological findings and clinical impressions. Next, it outlines 
the relevant prior knowledge regarding the condition (in this case, 
atelectasis), covering its symptoms, potential causes, and diagnostic 
criteria. The LLM is then asked to assess whether the patient’s clin-
ical presentation aligns with known patterns of atelectasis and other 
relevant conditions.

The final section of the prompt structures the LLM’s responses by 
using a template with binary feature values (e.g., True/False) accom-
panied by a rationale. This ensures that the generated values are not 
only accurate but also explainable, with each prediction supported by 
clinical reasoning. For example, the LLM might indicate ‘‘breathing 
difficulty: True, because the patient’s report mentions fast and shallow 
breathing, which is a typical symptom of atelectasis’’.

This structured and context-aware prompt enables the LLM to gen-
erate patient-specific values for existing features and introduce new 
clinically relevant features, enhancing the overall quality of the dataset 
for downstream analyses and machine learning applications.

Appendix B. Augmented feature list

A comprehensive list of the 70 new features generated by DALL-M 
is provided, including their clinical category, average relevance score, 
and novelty assessment as determined by radiologists. 

Data availability

The DALL-M source code is publicly available at: https://github.
com/ChihchengHsieh/DALL-M.
Fig. A.6. General template of the prompt used in the Synthetic Clinical Feature Value Generation Module with 𝑛 new features generated by the Augmented Clinical Knowledge 
Module. For a concrete example, please refer to Appendix Fig.  A.7.

https://github.com/ChihchengHsieh/DALL-M
https://github.com/ChihchengHsieh/DALL-M
https://github.com/ChihchengHsieh/DALL-M


C. Hsieh et al.

Fig. A.7. Concrete example of the prompt used in the Synthetic Clinical Feature Value Generation Module after the Augmented Clinical Knowledge Module generated new features.
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Table B.5
List of all features identified by DALL-M.
 Augmented features
 Abdominal liquid Fungal and mineral exposure Pleural thickening  
 Abdominal pain on right superior quadrant Gender Pneumonia  
 Age Heart failure Pneumothorax  
 Anesthesia Heart rate Positional chest pain  
 Asymptomatic Hiatal hernia Pulmonary tuberculosis  
 Back pain High bone density Pulsus paradoxus  
 Bone fractures High heart beat intensity Radiation to the trapezius ridge  
 Breathing difficulty Hypertensive crisis Relief of pain by bending forward  
 Cardiac tamponade Hypoxemia Relief of pain by inspiration  
 Chest Pain Impaired gas exchange Respiratory failure  
 Chronic obstructive pulmonary disease Impaired left ventricular function Respiratory rate  
 Congestive heart failure Increased jugular venous pressure Shortness of breath  
 Cough Increased microvascular permeability Small volume linear shadows  
 Decreased alertness Interstitial lung disease Smoking  
 Diaphoresis Left precordial pleuritic chest pain Specific electrocardiogram changes 
 Diastolic blood pressure (mmHg) Leg swelling Spirometry (FVC)  
 Dimension of the jugular vein Lip cyanosis Sudden onset of sharp chest pain  
 Distant heart sounds Low heart beat intensity Sweating  
 Dry cough Lung collapsed Systolic blood pressure (mmHg)  
 Dyspnea Neck pain Temperature  
 Electrical alternans on ekg Oxygen saturation (%) Venous pressure  
 Fatigue Pain in the shoulders Volume overload  
 Fever Palpitations Weakness  
 Fluid around the heart Pericardial effusion Wheezing  
 Friction rub Plaques Worsening of pain by inspiration  
 Frothy sputum Pleural effusion Worsening of pain by lying down  
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