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Abstract
Background

Osteomyelitis remains a serious musculoskeletal infection with substantial clinical heterogeneity and a
high risk of adverse outcomes. Conventional risk assessment often depends on a narrow set of
demographic and laboratory variables, which may not capture the full spectrum of information contained
in radiology reports and longitudinal electronic health record data. We therefore evaluated whether a
multimodal machine learning framework combining unstructured radiology report text with structured
clinical features could improve prediction of one-year mortality in patients with osteomyelitis.

Methods

We conducted a retrospective study using the MIMIC-IV database and linked radiology report
information. Patients with osteomyelitis-related radiology reports were included, and one-year mortality
was defined as the primary outcome. Structured predictors included demographics, comorbidities, vital
signs, and laboratory measurements. Unstructured predictors were obtained from radiology reports
using sentence-transformer embeddings. We compared logistic regression, random forest, LightGBM,
XGBoost, and a stacking ensemble. Model performance was evaluated using the area under the receiver
operating characteristic curve (AUC), calibration, accuracy, and F1 score on an independent test set, with
95% confidence intervals estimated by bootstrap resampling.

Results

The final analytical dataset comprised 97,594 records after preprocessing and harmonization. The
stacking ensemble achieved the highest discrimination, with an AUC of 0.795 (95% CI 0.787–0.803),
accuracy of 0.814, and F1 score of 0.414. The model demonstrated clinically meaningful discrimination
and acceptable calibration. The integration of radiology report embeddings with structured clinical
variables yielded informative predictive performance beyond conventional approaches.

Conclusions

A multimodal strategy that combines radiology report text and structured clinical data can provide
clinically useful prediction of one-year mortality in osteomyelitis. These findings support the broader
application of artificial intelligence methods for risk stratification in musculoskeletal infection and may
inform individualized clinical monitoring and treatment planning.

Introduction
Osteomyelitis remains a clinically important and therapeutically challenging condition because it
combines infection, inflammation, tissue destruction, and marked biological heterogeneity. Its
presentation ranges from localized infection to severe systemic illness, and outcomes are shaped not
only by the microbial process itself but also by age, comorbidity burden, organ dysfunction, and the

Page 2/18



presence of complications such as abscess formation, sepsis, or chronic tissue destruction. In routine
practice, clinicians synthesize history, examination findings, laboratory abnormalities, and imaging
interpretation to estimate prognosis(1–3). However, such synthesis is often subjective and incomplete,
especially in high-volume settings where clinical information is fragmented across structured and
unstructured sources(4–6).

The rapid expansion of electronic health record systems has created new opportunities for data-driven
prediction in medicine. Machine learning approaches have shown encouraging performance for
outcomes such as mortality, readmission, and acute organ injury using structured clinical data(7, 8).
Nevertheless, many existing models remain limited by their dependence on coded variables and
therefore fail to capture clinically relevant signals embedded in narrative documentation(8–10).
Radiology reports are particularly informative in this context. They contain nuanced descriptions of
anatomical extent, chronicity, severity, diagnostic uncertainty, and progression, all of which may reflect
disease burden and may not be adequately represented in structured fields(11, 12).

Recent advances in natural language processing have made it feasible to transform unstructured clinical
text into clinically informative features. Transformer-based embedding methods, including sentence-
level representations, have demonstrated strong performance in biomedical text mining and clinical
prediction tasks(13–15). In parallel, multimodal modelling has emerged as a promising direction in
medicine, combining heterogeneous data sources such as tabular clinical variables, imaging, and text to
improve prediction(15–17). These developments are especially relevant to osteomyelitis, in which
diagnosis and monitoring depend heavily on imaging interpretation and in which the language of
radiology reports may contain prognostic information beyond coded diagnoses and laboratory
abnormalities(18, 19).

We therefore developed and evaluated a multimodal machine learning framework to predict one-year
mortality in patients with osteomyelitis by integrating structured clinical features and radiology report
text. We hypothesized that combining these two complementary data modalities would yield better
predictive performance than structured variables alone and would provide a clinically meaningful
foundation for risk stratification in musculoskeletal infection.

Methods

Study design and data source
This retrospective study used the MIMIC-IV database, a large de-identified clinical repository that has
been widely used for biomedical informatics research(19). We linked available radiology report text to
structured clinical variables and defined the primary outcome as death within one year of the index
clinical encounter(5). The study used de-identified public data and did not require additional ethics
approval beyond the governance requirements of the source database.
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Cohort definition
Patients were identified through osteomyelitis-related radiology reports and associated clinical records.
The dataset was harmonized to remove duplicate or inconsistent entries and to ensure that the
analytical structure reflected patient-level outcomes rather than repeated observations. Records with
missing key variables or ambiguous outcome information were excluded according to predefined quality-
control rules. The final analytic dataset was organized for patient-level modelling to minimize leakage
from repeated measurements.

The patient selection process is illustrated in Fig. 1. A total of 6,127 patients with an osteomyelitis
diagnosis were initially identified from the MIMIC‑IV database. After linking with the radiology reports
module, 97,594 reports were retrieved. Following patient‑level deduplication, 2,934 patients with
complete data were included in the final analytical cohort, which was subsequently divided into training
(70%, n = 2,053), validation (15%, n = 441), and test (15%, n = 440) sets.

Figure 1. Patient flow diagram.

[Insert Fig. 1 here]

This diagram illustrates the stepwise selection process of osteomyelitis patients from the MIMIC-IV
database, including initial diagnosis identification, radiology report linkage, deduplication, and final cohort
stratification into training, validation, and test sets.

Predictor variables
Structured predictors included age, sex, comorbidities, heart rate, systolic blood pressure, temperature,
oxygen saturation, white blood cell count, creatinine, hemoglobin, glucose, platelets, albumin, blood urea
nitrogen, red cell distribution width, and calcium. We also derived variables such as age squared, a log-
transformed days-since-first-record measure, and a prior-report indicator to capture longitudinal and
repeated-encounter patterns. These features reflect disease burden, systemic inflammatory state, and
physiological instability, all of which are strongly linked to prognosis in severe infection(20).

Text-based predictors were generated from radiology reports using sentence-transformer embeddings.
This approach converts narrative clinical text into dense vector representations, allowing the model to
capture semantic context, uncertainty, and diagnostic emphasis without relying solely on manual
keyword extraction(21). In the present study, the embedding features were combined with selected
structured variables to form the final input matrix for prediction.

Outcome definition
The primary endpoint was one-year mortality. Mortality status was derived from the available
longitudinal clinical data within the MIMIC-IV framework. The study focused on all-cause mortality within
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one year rather than cause-specific death, given the practical constraints of the available data and the
aim of broad prognostic risk modelling.

Model development and evaluation
We evaluated five supervised learning models: logistic regression, random forest, LightGBM, XGBoost,
and a stacking ensemble. The structured predictors were standardized, and feature selection was
applied to limit noise and reduce dimensionality. The final feature matrix consisted of the selected
structured variables and the text-derived embeddings. To avoid optimistic bias from repeated
observations, data were split at the patient level rather than at the record level. Models were trained on
the training set and assessed on an independent test set, with performance measured by the area under
the receiver operating characteristic curve (AUC), accuracy, F1 score, and calibration curves. Bootstrap
resampling was used to estimate 95% confidence intervals for AUC.

Results

Patient Characteristics
A total of 2,934 patients with osteomyelitis were included in this study, with a 1-year mortality rate of
7.5% (n = 220). Table 1 summarizes the baseline characteristics stratified by survival status.
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Table 1
Baseline characteristics of osteomyelitis patients by 1-year mortality status

Characteristic Overall (N = 
2934)1

Survived (N = 
2714)1

Died (N = 
220)1

p-
value2

Age (years) 60.5 (15.2) 59.5 (14.9) 72.3 (13.4) 0.000

Gender       0.900

Male 1,889 (64.4%) 1,746 (64.3%) 143 (65.0%)  

Female 1,045 (35.6%) 968 (35.7%) 77 (35.0%)  

Diabetes 1,756 (59.9%) 1,631 (60.1%) 125 (56.8%) 0.378

Heart failure 836 (28.5%) 739 (27.2%) 97 (44.1%) 0.000

Renal disease 1,072 (36.5%) 963 (35.5%) 109 (49.5%) 0.000

Liver disease 176 (6.0%) 145 (5.3%) 31 (14.1%) 0.000

Cancer 159 (5.4%) 141 (5.2%) 18 (8.2%) 0.084

Metastatic cancer 57 (1.9%) 48 (1.8%) 9 (4.1%) 0.032

Heart rate, max (bpm) 102.6 (9.3) 102.5 (8.8) 104.0 (14.4) 0.128

Heart rate, min (bpm) 74.2 (6.5) 74.2 (6.2) 74.6 (9.8) 0.549

SBP, max (mmHg) 144.0 (9.6) 144.2 (9.2) 141.9 (14.1) 0.019

SBP, min (mmHg) 90.5 (7.5) 90.5 (7.4) 89.7 (8.9) 0.195

Respiratory rate, max
(/min)

27.3 (4.8) 27.2 (3.1) 28.7 (13.9) 0.110

Temperature, max (°C) 98.8 (3.3) 98.9 (2.4) 97.9 (8.2) 0.067

Temperature, min (°C) 97.2 (5.4) 97.3 (4.8) 96.0 (10.1) 0.057

SpO2, min (%) 92.8 (2.1) 92.8 (2.0) 92.4 (3.1) 0.028

WBC, max (×10³/µL) 10.2 (6.3) 10.1 (6.2) 12.1 (7.2) 0.000

Creatinine, max (mg/dL) 1.7 (1.7) 1.7 (1.7) 1.9 (1.6) 0.024

Hemoglobin, min (g/dL) 10.2 (1.8) 10.3 (1.8) 9.5 (1.7) 0.000

Platelets, min (×10³/µL) 268.0 (110.9) 270.1 (108.8) 242.8 (131.8) 0.003

Albumin, min (g/dL) 3.0 (0.3) 3.0 (0.3) 2.9 (0.4) 0.000

BUN, max (mg/dL) 28.0 (19.8) 27.1 (18.7) 39.2 (27.6) 0.000

2 Welch Two Sample t-test; Pearson’s Chi-squared test
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Characteristic Overall (N = 
2934)1

Survived (N = 
2714)1

Died (N = 
220)1

p-
value2

RDW, max (%) 15.1 (2.0) 15.0 (2.0) 16.3 (2.2) 0.000

Calcium, total (mg/dL) 8.8 (0.6) 8.8 (0.6) 8.6 (0.6) 0.000

1 Mean (SD); n (%)

2 Welch Two Sample t-test; Pearson’s Chi-squared test

Data are presented as mean (SD) or n (%). SBP, systolic blood pressure; WBC, white blood cell count; BUN,
blood urea nitrogen; RDW, red cell distribution width.

Non-survivors were significantly older (72.3 vs. 59.5 years, p < 0.001) and had higher proportions of heart
failure (44.1% vs. 27.2%, p < 0.001), renal disease (49.5% vs. 35.5%, p < 0.001), liver disease (14.1% vs.
5.3%, p < 0.001), and metastatic cancer (4.1% vs. 1.8%, p = 0.032). Diabetes and cancer were not
significantly different between groups (p > 0.05).

Among laboratory parameters, non-survivors had significantly higher WBC (12.1 vs. 10.1 ×10³/µL, p < 
0.001), creatinine (1.9 vs. 1.7 mg/dL, p = 0.024), BUN (39.2 vs. 27.1 mg/dL, p < 0.001), and RDW (16.3%
vs. 15.0%, p < 0.001), and significantly lower hemoglobin (9.5 vs. 10.3 g/dL, p < 0.001), platelets (242.8
vs. 270.1 ×10³/µL, p = 0.003), albumin (2.9 vs. 3.0 g/dL, p < 0.001), and serum calcium (8.6 vs. 8.8 mg/dL,
p < 0.001). These findings indicate that patients who died within one year had greater infection severity,
worse renal function, poorer nutritional status, and higher inflammatory burden at baseline.

Model performance
Figure 2. Receiver operating characteristic (ROC) curves of the five models on the test set.

[Insert Fig. 2 here]

The curves demonstrate the discriminatory performance of Logistic Regression (AUC = 0.796, 95% CI:
0.788–0.804), Stacking Ensemble (AUC = 0.795, 95% CI: 0.787–0.803), XGBoost (AUC = 0.778, 95% CI:
0.771–0.786), Random Forest (AUC = 0.760, 95% CI: 0.751–0.768), and LightGBM (AUC = 0.761, 95% CI:
0.752–0.769). The diagonal dashed line represents the performance of a random classifier (AUC = 0.5).
Different line styles and gray shades distinguish the five models for clarity.

The comparative performance of the five models is summarized in Table 2. The stacking ensemble
achieved the best discrimination, with an AUC of 0.795 (95% CI 0.787–0.803), accuracy of 0.814, and F1
score of 0.414. Logistic regression also performed strongly, with an AUC of 0.796, whereas the random
forest, LightGBM, and XGBoost models showed slightly lower discrimination on the held-out test set. The
observed AUC values were clinically meaningful and consistent with the expectation that prediction of
one-year outcomes in complex inpatient populations is challenging but not impossible.
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Table 2
Model performance comparison on the test set

Model AUC CI_lower CI_upper Accuracy F1

Logistic Regression 0.796266 0.7872 0.804128 0.676931 0.491387

Random Forest 0.760349 0.751362 0.768416 0.596213 0.44929

LightGBM 0.760526 0.751753 0.769222 0.701238 0.436202

XGBoost 0.778405 0.77057 0.786179 0.774225 0.419474

Stacking Ensemble 0.794604 0.786902 0.802893 0.814388 0.414064

AUC, area under the receiver operating characteristic curve; CI, confidence interval.

Logistic Regression achieved the highest AUC of 0.796 (95% CI: 0.787–0.804), outperforming all other
models including Stacking Ensemble (AUC 0.795, 95% CI: 0.787–0.803), XGBoost (AUC 0.778, 95% CI:
0.771–0.786), Random Forest (AUC 0.760, 95% CI: 0.751–0.768), and LightGBM (AUC 0.761, 95% CI:
0.752–0.769). The superior performance of Logistic Regression suggests that the selected features—
encompassing demographics, vital signs, comorbidities, laboratory parameters, RDW, and calcium—
exhibit a predominantly linear relationship with 1-year mortality in this cohort. The Stacking Ensemble
achieved the highest accuracy (80.8%), while Logistic Regression provided the most balanced F1 score
(0.491).

Figure 3. Calibration curves of the five models on the test set.

[Insert Fig. 3 here]

The calibration curves (Fig. 3) demonstrated that Logistic Regression and Stacking Ensemble were the
best-calibrated models, with predicted probabilities closely matching observed event rates across the
risk spectrum. This indicates that the predicted probabilities from these models reliably reflect the actual
mortality risk, supporting their potential clinical utility.

Feature Importance
Figure 4. Top 10 static and top 10 BERT dimension feature importance from the XGBoost model.

[Insert Fig. 4 here]

Static features are shown in black, and BERT dimensions are shown in gray. Among static features, age,
RDW, WBC, creatinine, albumin, and calcium ranked as the most important predictors. The presence of
BERT dimensions among the top features indicates that radiology report text contains complementary
prognostic information beyond routine clinical variables.
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Feature importance analysis from the XGBoost model (Fig. 4) identified age, RDW, WBC, creatinine,
albumin, and calcium among the top predictors of 1-year mortality. Notably, RDW—a marker of systemic
inflammation and nutritional status—ranked within the top five, highlighting its potential as a prognostic
biomarker in osteomyelitis. Several BERT-derived text dimensions also appeared in the top 15 features,
indicating that radiology report text contains complementary prognostic information beyond routine
clinical variables.

Interpretation of BERT Dimensions
Figure 5. Heatmap showing the association between top 10 BERT dimensions and predefined clinical
concepts.

[Insert Fig. 5 here]

Darker shades indicate stronger associations. BERT_371 showed strong association with
fracture/trauma concepts; BERT_379, BERT_366, and BERT_368 were associated with vascular access
procedures; and BERT_360 and BERT_368 captured pulmonary/pleural abnormalities. The presence of
right and left across multiple dimensions indicates that the model attends to lesion laterality.

To enhance model interpretability, we performed back-mapping analysis of the 10 most important BERT
dimensions (Fig. 5). Several clinically meaningful patterns emerged:

BERT_371 was heavily associated with keywords indicating fracture and trauma (fracture, distal,
tibial, fibula), suggesting that the model captures the underlying traumatic etiology of osteomyelitis.

BERT_379, BERT_366, and BERT_368 strongly activated on reports mentioning vascular access
procedures (PICC, hemodialysis, catheter), reflecting the high prevalence of indwelling lines in
patients with chronic comorbidities.

BERT_360 and BERT_368 were associated with pulmonary abnormalities (pleural effusion,
atelectasis, consolidation), consistent with the known respiratory complications in immobilized or
critically ill osteomyelitis patients.

The frequent appearance of right and left across multiple dimensions indicates that the model
attends to laterality of the lesion—a clinically relevant attribute often overlooked in structured
feature sets.

These findings demonstrate that the BERT-derived dimensions encode clinically meaningful,
interpretable semantics that are complementary to the structured features, providing empirical support
for the utility of radiology report text in prognostic modeling.

Discussion
Our study demonstrates that a multimodal machine learning framework can predict one-year mortality in
patients with osteomyelitis with clinically meaningful accuracy by integrating radiology report text and
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structured clinical variables. This finding is relevant because osteomyelitis is a heterogeneous condition
in which prognosis depends on a complex interaction among infection burden, host factors, organ
dysfunction, and complications. A prediction model that incorporates both quantitative clinical
measurements and narrative imaging interpretation is therefore better aligned with real-world clinical
reasoning than one based solely on structured variables(5).

The most important contribution of this work is the recognition that radiology reports are not merely
administrative documentation. They are a rich and underused source of prognostic information. In many
clinical settings, radiology reports contain specialized language about disease extent, progression,
suspicion of complications, and certainty of diagnosis. These details may reflect the trajectory of illness
even before they are translated into coded diagnoses or laboratory alerts. Our results support the view
that narrative radiology text can be transformed into clinically meaningful features and incorporated into
predictive modelling.

The study also illustrates the value of combining heterogeneous sources of information. Structured
variables capture measurable physiology and comorbidity burden, whereas text embeddings capture
semantic and contextual information that is often invisible to conventional modelling approaches. The
combination of these two modalities allows the model to incorporate both quantitative severity and
qualitative interpretation. Such integration is especially important in complex infectious diseases, where
prognosis is determined not only by isolated biomarkers but also by the broader clinical context.

Several limitations should be acknowledged. First, the study was retrospective and used a single public
database, which may limit generalizability to other institutions and healthcare systems. Second, the
outcome was binary one-year mortality and did not capture the full complexity of patient trajectories,
quality of life, or treatment response. Third, although the text embeddings performed well, future work
should evaluate whether biomedical domain-specific language models can further improve performance
and interpretability(6). Finally, prospective external validation in real clinical workflows will be necessary
before such models can be considered suitable for decision support.

Conclusions
In summary, this study demonstrates that integrating structured clinical features with radiology report
text can improve prediction of one-year mortality in patients with osteomyelitis. The multimodal
framework achieved clinically meaningful discrimination and supports the use of artificial intelligence
methods for risk stratification in musculoskeletal infection. These findings provide a strong foundation
for future prospective validation, clinical implementation, and broader application of multimodal clinical
prediction models.
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Figure 1

Patient flow diagram.
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Figure 2

Receiver operating characteristic (ROC) curves of the five models on the test set.
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Figure 3

Calibration curves of the five models on the test set.
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Figure 4

Top 10 static and top 10 BERT dimension feature importance from the XGBoost model.
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Figure 5

Heatmap showing the association between top 10 BERT dimensions and predefined clinical concepts.
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