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Full list of author information is through laboratory hemoglobin testing, which requires invasive blood sampling. This

available at the end of the article study evaluated the feasibility of using a chest X-ray (CXR)-based deep feature-driven

framework for noninvasive anemia prediction.

Patients and methods We conducted a retrospective cohort study using data from
Tri-Service General Hospital, Taipei, Taiwan, collected between June 2016 and February
2022. A total of 305,793 adults aged > 20years who had at least one CXR were included.
The dataset was divided into development, tuning, internal validation, and external
validation sets. A two-stage framework leveraging a pretrained Vision Transformer
(ViT-B/32) encoder for feature extraction, followed by a downstream logistic regression
classifier, was developed to predict anemia (Hb < 10 g/dL) from CXR images without
model fine-tuning.

Results The framework for predicting anemia showed strong performance, with an
AUC of 0.845 in the internal validation set (sensitivity 68.5%, specificity 84.7%) and 0.852
in the external set (sensitivity 71.5%, specificity 83.2%). Subgroup analysis revealed
better diagnostic accuracy with computed radiography, posteroanterior view, and

in males aged 55 to 64, while younger females had lower accuracy. The framework,
especially when combined with clinical variables, outperformed other clinical models.

Conclusion This study presents a deep feature extraction approach for opportunistic
moderate-to-severe anemia anemia screening using chest X-rays. With further
validation, this model may facilitate early identification of anemia in routine clinical
practice.

Keywords Artificial intelligence, Deep learning, Anemia, Chest-X-ray

Introduction

Anemia is a widespread global health issue, defined by a reduction in the number of
red blood cells (RBCs) or a decrease in hemoglobin concentration within the cells, fall-
ing below normal levels [1]. According to the World Health Organization (WHO), in
2019, anemia affected 30% (571 million) of women aged 15-49years, 37% (32 million)
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of pregnant women, and 40% of children aged 6-59 months [2]. Additionally, over 20%
of individuals aged 85years and older suffer from anemia [3]. It is a common condition
across different nations and age groups. Anemia can be triggered by various acute and
chronic conditions, surgeries, menstrual blood loss, gastrointestinal bleeding, infections,
immune-mediated disorders, and inherited diseases, causing fatigue, cognitive impair-
ment, multi-organ dysfunction, irreversible complications, and even life-threatening
conditions [4].

Anemia typically presents with nonspecific symptoms, and a wide range of signs may
suggest its presence [4]. As a result, diagnosing anemia based on physical examination
alone is challenging. Historically, anemia diagnosis has relied on laboratory assessments
of hemoglobin concentration, which are generally conducted through blood tests. While
this approach is highly accurate, it is invasive, costly, and dependent on specialized
equipment and trained professionals [5]. These resources may not always be accessible,
especially in remote or underdeveloped healthcare settings. In clinical practice, we fre-
quently observe that elderly individuals living in rural or underserved areas often lack
access to a complete laboratory infrastructure for routine blood testing. Due to logisti-
cal and resource constraints, healthcare services in such regions are typically limited to
mobile units—such as portable electrocardiogram or X-ray vehicles—that provide basic
diagnostic support but are insufficient for comprehensive hematological evaluation. As
a result, early identification and monitoring of anemia in these populations remain a sig-
nificant challenge.

Anemia leads to insufficient oxygen delivery due to a lack of adequate hemoglobin,
resulting in a series of cardiovascular changes that ultimately cause left ventricular
hemodynamic alterations [6, 7]. Chest X-ray (CXR) is a commonly used tool in hospitals
due to its low cost and the availability of extensive databases. However, because ana-
tomical structures are superimposed along the projection direction, interpreting chest
X-rays can be challenging. This effect makes detecting subtle abnormalities at specific
locations difficult [8]. For human radiologists, it is nearly impossible to interpret ane-
mia from CXR images alone. However, by evaluating signs like the “aortic ring sign” and
the “interventricular septum sign,” radiologists can use computed tomography (CT) to
assess anemia [9]. Recent studies have explored the use of electrocardiogram (EKG)-
based deep learning models (DLM) to predict anemia by analyzing the cardiovascular
changes that result in corresponding electrical changes in the heart [10]. Compared to
EKG, CXR is theoretically a more intuitive method for observing anemia-related vol-
ume and ventricular changes. Additionally, DLM has been widely used in analyzing
CXR images for conditions like tuberculosis, lung cancer, COVID-19, and cardiomegaly,
although none of these studies have focused on anemia detection [11]. Recent research
has also successfully used CXR-based DLM to predict cardiovascular age, further sug-
gesting that DLM can assess cardiovascular status from CXR images [12]. Given the
success of EKG-based DLM in predicting anemia and prior studies demonstrating the
capability of CXR-based DLM in assessing cardiovascular conditions, we hypothesize
that DLM could capture predictive indicators of anemia from CXR images.

Based on the aforementioned discussion, CXRs hold clear potential for capturing
subtle cardiovascular changes, and its application within DLM has already been dem-
onstrated in various medical conditions. Building on this foundation, we conducted a
retrospective cohort study and developed a deep feature-driven framework to predict
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anemia in order to explore these predictive associations. Additionally, we performed an
in-depth analysis of subgroups in an effort to identify factors that may affect predictive
accuracy and explored the associations between relevant characteristics. Finally, we per-
formed a comparative analysis between the predictive capabilities of the framework and
traditional clinical data. Specifically, we sought to determine whether the framework,
when combined with imaging data from CXR, could outperform predictions made using
conventional clinical information alone. Our goal was to assess whether the integration
of machine learning with imaging techniques provides an advantage for clinical anemia

scenario.

Method

Data source and population

The database utilized for this research was sourced from Tri-Service General Hospital in
Taipei, Taiwan, and the study received ethical approval from the hospital’s institutional
review board (IRB No. C202305019). The CXRs were selected according to the following
criteria: (1) Data collection occurred between June 2016 and February 2022; (2) Patients
younger than 20years old were excluded; and (3) The CXRs originated from the emer-
gency department (ER), outpatient department (OPD), or inpatient department (IPD).
Each patient contributed only one CXR, chosen at a randomized point in time to ensure
a representative sample, as previously applied in other studies. This approach was cho-
sen to provide a more representative sample, as opposed to using only the most recent
X-ray, and better simulates the scenario where a patient may present at an outpatient
clinic at any given time. Additionally, previous studies have confirmed that despite the
randomness in selection, the model’s performance remains consistent [13].

The database was divided into four subsets: development, tuning, internal valida-
tion, and external validation sets. Their baseline characteristics and image features are
presented in Table 1, with the process of data separation illustrated in Fig. 1. A total
of 305,793 CXRs met the inclusion criteria, and the corresponding demographic details
were analyzed. To facilitate the separation process, 47,898 CXRs from the Jingjhou
branch were assigned to the external validation set, ensuring that no data from this
branch participated in the model training phase, allowing for independent validation,
which was also widely used in previous study [14]. For model development, 135,867
CXRs from branches outside Jingjhou were assigned to the development set, 54,405 to
the tuning set for parameter optimization, and 67,623 to the internal validation set. The
development and tuning sets are both involved in the training process. The development
set serves as the primary dataset for training, while the tuning set is used to fine-tune the
model and adjust its training trajectory. Since both of them are already part of the train-
ing process, it cannot be considered for independent case predictions and, therefore, will
not be included in the result presentation.

Observation variables
Our main observational variables included both disease-related and basic patient
characteristics.

Disease characteristics included heart failure (HF), diabetes mellitus (DM), chronic
kidney disease (CKD), coronary artery disease (CAD), hypertension (HTN), Hyperlipid-
emia (HLP), and Chronic Obstructive Pulmonary Disease (COPD).
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Table 1 Patient characteristics and laboratory results in the development, tuning, internal validation
and external validation sets

Variable Development  Tuning set Internal External p-

set (n=54,405) validation set validation set value

(n=135,867) (n=67,623) (n=47,898)
Main variable
Anemia 12348(9.1%) 4954(9.1%) 5939(8.8%) 4294(9.0%) 0.112
Basic Demographics
Age 51.4A+19.1 515A+19.1 50.9A+18.9 522A+208 <0.001
Gender(male) 71323(52.5%) 28493(52.4%)  34806(51.5%)  24436(51.0%) <0.001
PA view 127729(94.0%) 51195(94.1%) 63805(94.4%) 45255(94.5%) <0.001
Acquisition location <0.001
Emergency Room 41238(30.4%) 16613(30.5%) 20769(30.7%) 17583(36.7%)
Inpatient Department 50797(37.4%) 20526(37.7%) 25233(37.3%) 15173(31.7%)
Outpatient Department 43832(32.3%) 17266(31.7%) 21621(32.0%) 15123(31.6%)
Disease history
Diabetes Mellitus 13689(10.1%) 5472(10.1%) 77(9.1%) 7231(15.1%) <0.001
Hypertension 2784(2.0%) 1101(2.0%) 1248(1 .8%) 1856(3.9%) <0.001
Hyperlipidemia 17918(13.2%) 7204(13.2%) 7603(11.2%) 10821(22.6%) <0.001
Chronic Kidney Disease 8686(6.4%) 3511(6.5%) 4017(5.9%) 4016(8.4%) <0.001
Heart failure 3926(2.9%) 1585(2.9%) 1658(2.5%) 2280(4.8%) <0.001
Coronary Artery Disease 11188(8.2%) 4518(8.3%) 4980(7.4%) 5993(12.5%) <0.001
Chronic Obstructive Pulmo-  8688(6.4%) 3477(6.4%) 3215(4.8%) 5018(10.5%) <0.001

nary Disease

All the p values of the characteristics were less than 0.001, except anemia. The mean age ranged from 50.9 to 52.2 years

Development samples Validation samples

A A
[ VT 1

305,793 CXRs which patients aged over 20 ever visited the tri-service general hospital center
in study period.

Patient visited from the Jingjhou branch

v A4 v v

Development set Tuning set Internal- validation set External- validation set
135,867 CXRs 54,405 CXRs 67,623 CXRs were 47,898 CXRs were

were selected were selected selected one of CXRs selected one of CXRs
one of CXRs from | | one of CXRs from from each patient. from each patient.
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Fig. 1 Development, tuning, internal validation and external validation set generation. This diagram outlines the
dataset creation and analysis strategy, designed to ensure a robust and reliable dataset for training, validating, and
testing the network. Each patient’s data was assigned to one specific set—development, tuning, or validation—
and once assigned, the data remained in that set to prevent any overlap or ‘cross-contamination.’the external vali-
dation set was created using data exclusively from patients who visited the Jingzhou branch, while other patients
contributed to different datasets. Further details on the flow and specific use of each dataset can be found in the
methods section
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Basic patient characteristics included age, sex, acquisition location (e.g., IPD, OPD, or
ER), posteroanterior (PA) or anteroposterior (AP) view, and hemoglobin level. The end-
point of this study was moderate-to-severe anemia, defined as hemoglobin<10.0g/dL,
based on prior research and clinical action thresholds [10, 15]. Hemoglobin values were
collected within one day before or after the CXR.

The definitions of the other variables were described in Supplemental material.

The CXR report analysis

To gain a deeper understanding of the relationship between lung structure and anemia,
we analyzed radiologist-typed CXR reports. These reports, based on images obtained by
radiologic technologists, were first preprocessed to standardize their content. We then
extracted and analyzed key terms and phrases identified by the radiologists to explore
potential associations between radiographic findings and anemia.

The implementation of the DLM
The overall modeling framework was consistent with our previous study [16].

The CXR images used in this study were stored in DICOM format with a resolution
exceeding 2000 x 2000 pixels. For feature extraction, we adopted a framework based
on Pretraining Approach for Small-sample Training Employing Radiographs (PAS-
TER) model [16]. PASTER is a multimodal pretraining approach based on the Contras-
tive Language-Image Pretraining (CLIP) framework [17], which leverages paired chest
radiographs and free-text radiology reports to learn joint image—text representations.
Similar techniques have been successfully implemented in models such as ConVIRT and
BioMedCLIP, demonstrating superior performance in medical imaging tasks [18—20].
Through large-scale pretraining, the model captures clinically meaningful radiographic
patterns and generates transferable visual embeddings for downstream applications. This
strategy reduces the reliance on extensive manually annotated datasets while improving
generalizability across different clinical scenarios. The design of PASTER is conceptually
related to earlier image—text contrastive learning frameworks, such as CheXzero [21],
which align radiographic images with textual descriptions to learn meaningful visual
representations from radiology reports [17].

In this study, a pretrained Vision Transformer (ViT-B/32) was used as the image
encoder to extract embeddings from each CXR [22]. The pretrained weights were used
without additional fine-tuning. Each input image was resized to 256 x 256 pixels and
processed by the encoder to generate a 512-dimensional feature vector representing the
radiographic characteristics of the image. These embeddings were subsequently used as
input features to construct a logistic regression model, referred to as the CXR-risk score,
for anemia prediction.

To benchmark model performance, we additionally trained an XGBoost classifier
using the same dataset. The XGBoost model was applied to (1) clinical variables alone,
(2) CXR-derived embeddings alone, and (3) a combination of both clinical variables and
CXR-derived features to evaluate the potential benefit of integrating imaging represen-
tations with patient characteristics.

Embedding extraction was implemented in Python (version 3.10.10) using the Torch
package (version 2.0.1), while XGBoost models were developed using standard machine

learning frameworks.
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Outcome and statistical analysis
The details were described in Supplemental material.

Results

Baseline characteristics

Patient characteristics in the development, tuning, internal validation and external vali-
dation sets are shown in Table 1. All the p values for the characteristics were less than
0.001, except for the anemia rate. This discrepancy may be attributed to differences in
population composition between the internal and external validation sets. The mean age
ranged from 50.9 to 52.2 years.

Performance of the framework to predict anemia

The Receiver Operator Characteristic (ROC) Curve and the related variances, which are
presented in Fig. 2, are used to calculate the Area Under Curve (AUC) and identify an
optimal cutoff point for predicting anemia.

In the internal validation set, the AUC curve was 0.845, with a sensitivity of 68.5%,
specificity of 84.7%, positive predictive value of 30.0%, and negative predictive value
of 96.5%. In the external validation set, the AUC curve was 0.852, with a sensitivity of
71.5%, specificity of 83.2%, positive predictive value of 29.5%, and negative predictive
value of 96.7%.

AUC values for anemia detection across various subgroups

We analyzed the AUC values for anemia detection across various subgroups in both
internal and external validation datasets, presented in Fig. 3. Factors considered included
age, gender, diagnostic method (e.g., computed radiography, digital radiography), clinical
settings (e.g., ER, IPD, OPD), and underlying clinical conditions. Overall, performance
varied across these dimensions, with notable differences between the internal and exter-

nal validation results.
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Fig. 2 Receiver operating characteristic (ROC) curves for predicting anemia. The Area under the curve (AUC) val-
ues are 0.845 for internal validation and 0.852 for external validation. Sensitivity, specificity, positive predictive value
(PPV), and negative predictive value (NPV) are indicated for both sets. The figure illustrates the performance of the
model in identifying an optimal cutoff point for anemia diagnosis across internal and external validation datasets
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Fig. 3 AUC values for anemia detection across various subgroups in both internal and external validation sets.
This figure illustrates the performance of the model in different patient populations, including variations by age,
gender, diagnostic method (e.g., computed radiography, digital radiography), clinical settings (e.g., emergency
department, inpatient, outpatient), with and without clinical underlying conditions, such as diabetes (DM), hyper-
tension (HTN), hyperlipidemia (HLP), chronic kidney disease (CKD), coronary artery disease (CAD), heart failure (HF),
and chronic obstructive pulmonary disease (COPD)

In the internal validation, computed radiography (AUC 0.869, 95% CI: 0.859 -0.878)
and PA view (AUC 0.812, 95% CI: 0.805-0.819) showed better predictive performance.
The inpatient department (AUC 0.851, 95% CI: 0.844 - 0.857) performed better than
the outpatient and emergency departments. Regarding age and gender, males (AUC
0.909, 95% CI: 0.903-0.914) and individuals aged 55 to 64 years (AUC 0.876, 95% CI:
0.863-0.888) demonstrated superior predictive ability, although a significant decline
was observed in younger females under 55years. For underlying clinical conditions,
patients with hypertension (AUC 0.794, 95% CI: 0.782 - 0.805), chronic kidney disease
(AUC 0.764, 95% CI: 0.748 - 0.780), and heart failure (AUC 0.767, 95% CI: 0.752-0.782)
exhibited lower predictive performance compared to those without these conditions.

In the external validation, similar patterns emerged. Computed radiography (AUC
0.867, 95% CI: 0.856 — 0.877) again showed high performance, but there was no statistical
difference between AP and PA views (AUC 0.816, 95% CI: 0.809 - 0.824). The IPD (AUC
0.855, 95% CI: 0.838 —0.872) outperformed the OPD and ER. In terms of demographic
factors, males (AUC 0.910, 95% CI: 0.903-0.917) and individuals aged 55 to 64years
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(AUC 0.876, 95% CI: 0.863 — 0.888) showed better performance, but detection ability was
reduced in younger females. Additionally, patients with chronic kidney disease (AUC
0.774, 95% CI: 0.757 - 0.791) and heart failure (AUC 0.775, 95% CI: 0.755 - 0.795) dem-
onstrated lower predictive accuracy compared to those without these conditions.

Related important features with anemia

In Fig. 4A, the subgroup with a history of chronic kidney disease had the highest relative
importance in predicting anemia. Other important features included age (64.4% relative
importance compared to the chronic kidney disease subgroup), PA or AP view (49.6%),
nasogastric tube (38.3%), and costophrenic angle blunting (32.4%).

Comparison with other prediction models

In Fig. 4B, the predictive performance of the deep learning model was benchmarked
against clinical baselines. In the internal validation set, while a model relying solely
on patient characteristics achieved an AUC of 0.808 (95% CI: 0.802-0.814), the stand-
alone DLM demonstrated superior discriminative capacity with an AUC of 0.845 (95%
CI: 0.840-0.851). Crucially, integrating CXR-derived features with clinical data yielded
a substantial incremental benefit, with the combined model achieving the highest
AUC of 0.878 (95% CI: 0.873-0.882). A consistent trend was observed in the within-
system external validation set; although patient characteristics alone provided a base-
line AUC of 0.828 (95% CI: 0.822—-0.835), the standalone DLM achieved 0.852 (95% CI:

A
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History of chronic kidney disease 100.0% PA o AP view 100.0% History of chronic kidney disease | 100.0%
age 76.1% Costophrenic ange blunting - 55.9% Age o 64.4%
Data source 36.2% Nasogastric tube 43.6% PA or AP view | 49.6%
sex {10 1.9% Port a implantation - 247% Nasogastric tube - 8.3%
History of heart failure | 3.7% Cardiomegaly 22.4% Costophrenic angle blunting - 2.4%
History of hyperlipidemia {| 3.3% Aherosclerosis ] 13.2% Port a implantation 20.5%
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Fig. 4 The related important about patient characteristics and CXR features in predicting anemia, along with AUC
comparisons between several models for internal and external validation sets. (A) The relative importance of vari-
ous patient characteristics (e.g., history of chronic kidney disease, age, history of heart failure) and chest X-ray (CXR)
features (e.g., PA or AP view, costophrenic angle blunting, nasogastric tube) are displayed. A combination of these
factors was also evaluated for their impact on the prediction model. (B) Area under the curve (AUC) values with
95% confidence intervals (Cl) are presented for different models in both the internal and external validation sets
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0.846-0.858), and their integration further elevated the predictive performance to 0.881
(95% CI: 0.876-0.887). This significant performance leap upon incorporating imaging
data highlights that the DLM captures critical, independent physiopathological indica-
tors of anemia that are not encapsulated by routine clinical demographics alone.

Performance across clinical thresholds and disease-free subgroups

To address clinical adaptability, we evaluated the model at different thresholds (Table
2A). Using a High-risk cut-off, the model achieved a specificity of 0.93-0.94 and
improved the PPV to 44%, providing a more conservative option for clinical use. Fur-
thermore, we conducted a subgroup analysis by excluding patients with major comor-
bidities to evaluate potential confounding effects (Table 2B). The model demonstrated
consistent performance; particularly in the external set, the model achieved an AUC of
0.81 and an external sensitivity of 0.75, though the PPV fell to 0.12-0.16. Nonetheless,
the sensitivity remained stable, suggesting the model identifies radiographic patterns
associated with anemia rather than secondary signs of cardiopulmonary failure.

Clinical utility and decision curve analysis

To evaluate the practical clinical utility of the FRAMEWORK, we performed a Decision
Curve Analysis (DCA) to compare the net benefit of model-guided screening against
“Treat All” (universal blood testing) and “Treat None” strategies (Fig. 5). The FRAME-
WORK demonstrated a consistently higher net benefit across a broad range of threshold
probabilities, specifically from 10% to 60%. This indicates that within these clinically rel-
evant risk thresholds, using the FRAMEWORK to trigger follow-up hemoglobin testing

provides superior clinical value while minimizing unnecessary diagnostic procedures.

Table 2 Subgroup analysis and model robustness across various cut-off points and comorbidity

statuses

A. Separate by different cut point

Patient cut point N AUC Sen Spe PPV NPV
internal-set Mid risk 67623 0.84 0.68 0.85 0.30 097
external-set Mid risk 47879 0.85 0.71 0.83 0.29 0.97
internal-set High risk 67623 0.84 0.5 0.94 044 0.95
external-set High risk 47879 0.85 053 093 044 0.95
B. Separate by disease

Patient cut point Case number AUC Sen Spe PPV NPV
internal-set No Disease 51565 0.81 0.68 0.78 0.16 0.97
external-set No Disease 29847 0.81 0.75 0.70 0.12 0.98
internal-set Disease 16058 0.85 0.80 0.76 042 0.94
external-set Disease 18032 0.85 0.74 0.81 0.41 0.94

(A) Model performance across different cut-off thresholds. The Area Under the Curve (AUC) values and performance
metrics are presented for specific subgroup analyses. To evaluate the sensitivity-specificity trade-off, the model was
assessed at different clinical thresholds, specifically categorized into middle-risk and higher-risk groups to facilitate clinical
decision-making

(B) Model performance in disease-present vs. disease-free subgroups. To address potential confounding effects
from structural abnormalities, a specialized subgroup analysis was conducted by excluding patients with major chronic
and cardiopulmonary comorbidities. This comparison demonstrates the model’s ability to identify anemia-related
radiographic patterns independently of secondary signs associated with chronic conditions. The disease-free subgroup
strictly excludes patients with major chronic and cardiopulmonary comorbidities. Specifically, individuals diagnosed
with DM, HTN, HLP, CKD, CAD, HF, or COPD based on standard ICD codes were systematically excluded (as detailed in the
Supplementary Material)
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Fig. 5 Clinical decision curve analysis. The red line (DLM) shows a higher net benefit than the strategies of “Treat
all”(green) and“Treat none” (blue). Within the risk threshold range of 10% to 60%, the DLM provides superior clinical
utility for anemia screening

Calibration performance

The global calibration of the model was further evaluated and optimized across the inde-
pendent testing cohorts. Following post-hoc recalibration, the prediction error drasti-
cally minimized, yielding a standard Brier score of 0.06306 and a Scaled Brier score of
0.21283 for the internal validation set (baseline prevalence: 8.8%). Crucially, this high-
quality calibration sustained robustly on the independent external screening cohort,
demonstrating a standard Brier score of 0.06326 and a Scaled Brier score of 0.22516
(baseline prevalence: 9.0%). This corresponds to a substantial 21.28% and 22.52% reduc-
tion in overall predictive uncertainty, respectively, with empirical calibration curves for
both cohorts tracking tightly along the ideal reference line (Supplementary Figure 1).
Detailed methodological descriptions are provided in the Supplementary material.

Discussion

In this retrospective cohort study, we developed a CXR-based deep feature driven
framework to detect anemia. The ROC curve revealed AUC values of 0.845 for internal
validation and 0.852 for external validation, with both sets displaying high negative pre-
dictive values and moderate sensitivity and specificity in predicting anemia. Subgroup
analysis showed that in the internal validation, computed radiography and the inpatient
setting performed the best, with males and individuals aged 55—64 achieving the high-
est predictive accuracy. In contrast, younger females and patients with hypertension,
chronic kidney disease, and heart failure showed lower predictive performance, a trend
also observed in the external validation set. Further analysis identified several key fea-
tures associated with anemia prediction, with a history of chronic kidney disease hav-
ing the highest relative importance. Other notable factors included age, PA or AP view,
nasogastric tube placement, and costophrenic angle blunting. Comparisons of various
models demonstrated that the DLM combined with patient data had the highest AUC
in the internal validation set, while other models, including those using all available



Liao et al. BioData Mining (2026) 19:74 Page 11 of 17

information or the DLM alone, also performed well. A similar trend was seen in the
external validation, further underscoring the model’s predictive strength.

Our study demonstrated that the framework has excellent ability in predicting ane-
mia. According to previous studies and our own findings, anemia can induce noticeable
changes in chest imaging [9, 23-25]. From a physiological standpoint, when hemoglo-
bin levels are greater than 10g/dL, non-hemodynamic mechanisms, such as elevated
2,3-diphosphoglycerate (2,3-DPG), enable a rightward shift in the oxygen dissociation
curve, which typically compensates for hemoglobin deficits [26]. However, in non-rest-
ing conditions or when hemoglobin falls below 10g/dL, cardiac output begins compen-
sating for tissue hypoxia [6]. Several mechanisms are responsible for this compensatory
response. First, afterload decreases due to reduced systemic vascular resistance, poten-
tially caused by hypoxic vasodilation induced by hypoxia-generated metabolites and
flow-mediated vasodilation driven by increased blood flow. This vasodilation effect is
mediated by endothelial cells and endothelium-derived relaxing factors [27]. Secondly,
preload increases due to enhanced venous return [6]. Finally, and most importantly, ane-
mia increases preload through the Frank-Starling mechanism and augments inotropic
response via sympathetic activation, leading to changes in left ventricular hemodynamic
performance [7, 28]. However, these changes are difficult for human interpretation on
CXR alone. Nevertheless, previous research on unenhanced chest CT has shown that
the aortic ring sign is sensitive (82.5%) and specific (87%) in detecting anemia, while the
interventricular septum sign is less sensitive (32%) but highly specific (99.2%). These
results suggest that anemia can be detected using unenhanced chest CT scans [9]. More-
over, The objective analysis data revealed a strong correlation between blood pool atten-
uation at different anatomical sites and serum hemoglobin levels [23]. Thus, it can be
concluded that anemia indeed causes cardiovascular changes detectable on chest imag-
ing. Several studies also support this conclusion [24, 25]. To further elucidate the model’s
decision-making process, we employed feature visualizations, which identified several
anatomically consistent focus areas. Our results showed significant model attention on
the hilar, heart and pulmonary artery regions [Fig. 6]. This aligns with the physiological
hyperdynamic state induced by anemia, where increased cardiac output and pulmonary
blood flow redistribution may alter vascular prominence and radiodensity in the hilar
area.

Several factors may influence the accuracy of detecting anemia. In our subanalysis,
better image quality was associated with higher AUC values, as seen in the PA view and
computed radiography. Additionally, the overall predictive accuracy tends to decrease
with age. However, females under 55years old were an exception, likely due to regular
blood loss from menstruation—a common cause of anemia in women that involves a
distinct pathological mechanism compared to other chronic causes [29]. Our finding
also highlights that chronic structural and cardiovascular alterations are significant con-
tributors to the model’s performance. Younger individuals typically present with fewer
of these chronic structural alterations on imaging, which may limit the DLM’s ability to
extract secondary predictive cues, thereby leading to decreased performance compared
to older populations with more pronounced cardiopulmonary findings. Furthermore,
subgroups heart failure-related cardiac remodeling, which affects left ventricular sys-
tolic and diastolic function [30], potentially obscuring the aortic ring and other possible
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Fig. 6 Feature visualization of the model for anemia detection. Heart, Hilar and pulmonary artery regions. Promi-
nent activation is observed in the heart, hilar and pulmonary arteries, reflecting changes in blood flow redistribu-
tion and radiodensity caused by an anemia-induced hyperdynamic state. The visual observations are exploratory
and intended solely for hypothesis generation. The details of feature visualization are showed on Supplementary
methods

anemia sign on imaging. Nonetheless, the overall AUC remained relatively stable across
the different subgroups.

Several key predictive features were identified. According to previous data, anemia is
associated with various clinical scenarios such as hemorrhage, gastrointestinal bleeding,
infections, and inflammation [4]. In our study, a history of CKD showed the highest pre-
dictive importance. Several factors contributed to this outcome. First, although anemia
is associated with many factors such as age, underlying disease history, various interven-
tions, and imaging characteristics (e.g., consolidation change, pneumonia, pulmonary
edema), patients with a history of CKD (37.4%) had a 6.8-fold higher prevalence of ane-
mia compared to those without CKD (5.5%) [Supplementary table 1]. The prevalence of
anemia in CKD reported in the United States—stage 3: 17.4%, stage 4: 50.3%, stage 5:
53.4%—corresponds with our findings [31]. Several mechanisms contribute to anemia
in CKD, including reduced erythropoietin (EPO) production, iron deficiency, chronic
inflammation, reduced red blood cell lifespan due to uremia, and blood loss from dialy-
sis [32]. The second most important factor is age. It is well-established that anemia can
be caused by various physiological factors, with age being a significant contributor [4].
The third key factor is the AP view, which is often associated with patients too weak to
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complete a PA view. These factors are strongly associated with anemia detection and
contribute to the FRAMEWORK’s predictive capabilities. To evaluate potential acquisi-
tion bias from positioning, we performed a stratified analysis at Fig. 3. A slight disparity
in discriminative capacity between PA and AP views was observed only in the internal
validation set, whereas this performance gap was fully mitigated and stable in the exter-
nal validation set. This consistency demonstrates that the model genuinely relies on
features beyond simple positional proxies. Furthermore, to assess the potential impact
of device-related features, we performed a sensitivity analysis by excluding cases with
visible medical devices such as nasogastric tubes and Port-A catheters. After removal,
model performance decreased only slightly (0.845 to 0.813 (-3.2%) in the internal valida-
tion set and from 0.852 to 0.817 (-3.5%) in the external validation set), suggesting that
the model’s predictions were not primarily driven by the presence of medical devices.

Establishing direct causality between CXR features and anemia is challenging, as
comorbidities like heart failure or CKD can independently drive radiographic changes.
To address this, we performed a subgroup analysis excluding patients with major car-
diopulmonary diseases. Notably, the model’s performance—particularly sensitivity in
the external set—remained stable. This suggests that while comorbidities influence the
imaging landscape, the DLM effectively identifies radiographic patterns associated with
anemia independent of overt structural pathology.

To the best of our knowledge, this is the first study to use a CXR-based deep learning-
enabled model to predict anemia. Previous studies have explored the use of CXR-based
models for various clinical predictions, but none have focused on anemia detection. [11]
Several DLMs have attempted to detect anemia through the use of EKG, facial images,
and images of the palpebral conjunctiva [10, 33, 34]. However, these methods face sev-
eral limitations, such as the difficulty of obtaining images compared to CXR, lack of a
standardized clinical protocol, the need for additional patient consent, and the absence
of a large database and comprehensive external validation. Our results align with stud-
ies that demonstrate the efficacy of integrating patient data with imaging techniques to
improve predictive accuracy. We also analyzed the performance of our FRAMEWORK,
and the results showed that the model outperformed predictions based solely on routine
clinical data, especially when combined with patient data. This represents a significant
advancement in predictive modeling for anemia compared to traditional methods.

The CXR-based DLM is designed primarily as an opportunistic screening and clini-
cal decision support tool within routine clinical workflows. Because CXR examinations
are frequently performed in emergency departments, outpatient clinics, and during
hospitalization, the model can leverage these already-acquired images to estimate the
probability of anemia without requiring additional tests. In practice, the system can
automatically analyze CXR images and generate a risk score for anemia. When the pre-
dicted probability exceeds a predefined threshold, the system may prompt clinicians to
consider hemoglobin testing or closer clinical evaluation. In this way, the DLM functions
as a screening aid rather than a diagnostic replacement, helping identify patients who
may benefit from further laboratory assessment.

One of the key advantages of this approach is that it utilizes existing imaging data
without introducing additional procedures, allowing clinicians to obtain preliminary
information about anemia risk without increasing workload. This opportunistic use
of routinely acquired CXR images may help reduce missed or delayed identification of
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clinically significant anemia in patients who have not recently undergone laboratory
testing.

However, the operational consequences of this strategy require careful evaluation in
healthier subpopulations. As shown in our subgroup analysis excluding major comor-
bidities (Table 2B), the model maintained acceptable discrimination (AUC 0.81; external
sensitivity 0.75), but the PPV fell to 0.12-0.16, meaning approximately 85% of positive
flags are false positives. Consequently, the high negative predictive values (0.97-0.98)
strongly support the tool’s utility within a ‘rule-out’ framework to safely exclude non-
anemic patients. Conversely, clinicians using it as a ‘rule-in’ tool must remain cognizant
of this low PPV and the subsequent burden of unnecessary confirmatory laboratory
testing.

Although primarily intended for hospital workflows, the model holds potential for sec-
ondary applications in resource-limited settings where laboratory access is restricted.
However, prospective, multinational validation is required before such clinical deploy-
ment can be recommended.

Limitation

Several limitations were found in our work. First, our research is hospital-based and
includes only data from the ER, IPD, and OPD, which may limit the applicability of the
model to healthy individuals. However, to address this, we conducted a robust sub-
group analysis by excluding patients with major cardiopulmonary comorbidities. Even
after these exclusions, we maintained a substantial sample size (n=51,565 for internal
set and n=29,847 for external set), and the model’s performance remained consistently
high with a stable AUC. This suggests that the DLM remains effective even in relatively
healthy individuals without overt structural lung or heart disease, supporting its poten-
tial for broader clinical use. Secondly, the inherent interpretability of the DLM remains
a challenge [35]. Unlike typical radiologic findings, anemia does not present with direct,
identifiable visual signs on a chest radiograph. Consequently, the model’s predictive
capability likely relies on recognizing secondary imaging features or structural varia-
tions associated with underlying chronic conditions, which are inherently correlated
with anemia. This entanglement makes it exceptionally difficult to definitively disentan-
gle whether the DLM is detecting anemia-specific pathophysiology or merely capturing
proxies of chronic systemic diseases. To probe this, we employed feature visualizations,
which offered exploratory visual clues by highlighting recurring regions of attention
like the hilar vessels, though these heatmap observations remain strictly descriptive.
To further systematically unravel this black box, we conducted feature importance and
device-exclusion sensitivity analyses to objectively evaluate the contribution of known
clinical variables. Given that the primary utility of this model is opportunistic screen-
ing rather than diagnosis, prioritizing robust predictive performance and generalizabil-
ity across diverse settings remains paramount. These comprehensive validation efforts
suggest that despite its partial opacity, the DLM provides substantial clinical value by
effectively identifying high-risk patients who require subsequent diagnostic blood tests.
Third, the DLM was developed using a binary classification approach for hemoglobin
levels, without predicting between mild and severe anemia. However, in clinical prac-
tice, distinguishing between mild and severe anemia is important. This limitation arises
because CXR cannot reflect real-time hemoglobin levels, especially in acute cases like
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GI bleeding. Blood tests are prioritized for real-time assessment, while CXR is consid-
ered only after blood transfusion and stabilization. Timing discrepancies between CXR
and blood tests further complicate the model’s performance in acute settings. We plan
to pursue this direction in future research. Besides, the net-benefit advantage demon-
strated within the 10-60% threshold range is conditional on the current cohort preva-
lence (~9%) and would expectedly shrink in a lower-prevalence community screening
setting. Future prospective studies are warranted to validate its clinical utility across
populations. Finally, in our study, there were baseline differences between the internal
and external validation sets, particularly in the distribution of imaging characteristics
[Supplementary table 2]. We hypothesize that this may be related to the hospital charac-
teristics. For example, in the external validation set, most patients were from the OPD,
and the inpatient ward only had respiratory care and nursing home patients without a
general ward. Thus, our model may not be directly applicable to foreign data or datasets
from countries with different disease distributions, such as general healthy communi-
ties, and further validation with more diverse databases is required. However, the higher
AUC in the external validation suggests that overfitting is not an issue, demonstrating
that our FRAMEWORK maintains a consistent level of accuracy across different datas-
ets with varying distributions.

Conclusion

Our study presents a novel clinical tool that leverages deep learning to predict mod-
erate-to-severe anemia (Hb<10g/dL) from chest images. This approach can facilitate
quicker decision-making and additional interventions in clinical settings. With further
research, we aim to refine the model, making it more continuous and closely aligned
with real-time clinical conditions, thereby demonstrating its robustness and utility. Ulti-
mately, this model has the potential to enhance patient care by enabling faster anemia
detection and supporting better clinical outcomes.
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