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A B S T R A C T   

Purpose: Chronic obstructive pulmonary disease (COPD) is one of the most common chronic illnesses in the 
world. Unfortunately, COPD is often difficult to diagnose early when interventions can alter the disease course, 
and it is underdiagnosed or only diagnosed too late for effective treatment. Currently, spirometry is the gold 
standard for diagnosing COPD but it can be challenging to obtain, especially in resource-poor countries. Chest X- 
rays (CXRs), however, are readily available and may have the potential as a screening tool to identify patients 
with COPD who should undergo further testing or intervention. In this study, we used three CXR datasets 
alongside their respective electronic health records (EHR) to develop and externally validate our models. 
Method: To leverage the performance of convolutional neural network models, we proposed two fusion schemes: 
(1) model-level fusion, using Bootstrap aggregating to aggregate predictions from two models, (2) data-level 
fusion, using CXR image data from different institutions or multi-modal data, CXR image data, and EHR data 
for model training. Fairness analysis was then performed to evaluate the models across different demographic 
groups. 
Results: Our results demonstrate that DL models can detect COPD using CXRs with an area under the curve of over 
0.75, which could facilitate patient screening for COPD, especially in low-resource regions where CXRs are more 
accessible than spirometry. 
Conclusions: By using a ubiquitous test, future research could build on this work to detect COPD in patients early 
who would not otherwise have been diagnosed or treated, altering the course of this highly morbid disease.   

1. Introduction 

Chronic obstructive pulmonary disease (COPD) remains one of the 

leading causes of mortality and morbidity [1]. Early intervention can 
mitigate disease progression and decrease healthcare expenditure [2,3]. 
However, due to the lack of routine screening, COPD is still widely 
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underdiagnosed [4]. In clinical practice, pulmonary function tests (PFT) 
and spirometry tests are necessary diagnostic tools for COPD diagnosis 
[5]. Nevertheless, spirometry tests may fail to capture the presence of 
early COPD before it becomes detectable. Therefore, asymptomatic pa
tients are less likely to be tested [6,7,8]. Further, the current screening 
tools, such as spirometry, are expensive and scarce in low-to-middle- 
income countries, leading to a delay in diagnosis [9,10]. Instead, the 
chest radiograph (CXR) is ubiquitous and cheap [11]. The ability to 
create an early diagnostic screening tool for COPD from CXRs offers a 
significant clinical opportunity in developing a tool for COPD detection 
and thus targeting individuals for early interventions such as medical 
therapy and smoking cessation programs. 

Recent studies have demonstrated the ability of deep learning (DL) 
models, such as convolutional neural networks (CNN), to classify 
radiographic findings from CXRs and achieve human-like performance 
[12,13,14,15], while also processing large amounts of images at high 
speed. Previous studies have mostly focused on classifying and detecting 
the 14 common chest radiographic findings seen on CXRs obtained from 
radiology reports using publicly sourced databases [13,16,17,18]. 
Despite the success of DL in pulmonary disease classification using CXRs, 
a very limited number of studies have explored the potential of DL 
techniques in COPD diagnosis using CXRs only. 

To the best of our knowledge, there is little attempt to develop a 
COPD prognostic model to identify the presence of COPD using CXR and 
electronic health records (EHR) data. In our study, we proposed to build 
deep learning techniques using model-level and data-level fusion stra
tegies to diagnose COPD with multi-site data. Identifying COPD from 
CXRs and EHRs for COPD screening could prompt earlier diagnosis, 
prevention, and treatment. 

1.1. Related work 

1.1.1. COPD diagnostic models 
DL strategies, such as CNN classifiers, have become a dominant 

approach in classifying radiographic findings from CXRs. Recent studies 
have explored the use of various DL techniques to predict COPD; how
ever, these studies present several limitations. They are limited to a very 
small number of COPD patients in both the training and testing set, only 
one data type [19], and single institution training data [20,21]. Further, 
those studies are limited in their consideration of the mechanical 
ventilation status of patients and thus pose uncertainty about their 
utility to screen patients with COPD as outpatients. 

DeGrave et al. [22] demonstrated that the artificial intelligence 
system would learn spurious features as shortcuts to aid their classifi
cation rather than learning pathologically relevant features. For this 
concern, in Schroeder et al. [20], intubation may become a shortcut for 
models to determine the stage of COPD because the intubation would be 
obvious in the CXRs and indicative of respiratory status. To our 
knowledge, the latent ability to recognize patients with early COPD and 
without mechanical ventilation solely depending on CXRs has not yet 
been investigated. 

1.1.2. Model-level and data-level fusion 
Two types of fusion strategies have been shown to be promising in 

prediction tasks. Model-level fusion is one approach that combines base- 
model predictions to form a composite prediction [23,24,25,26,27] and 
thus leverages the strength of each model. Bagging and stacking are two 
popular model-fusion techniques [25]. Bagging integrates a set of pre
dictions from several independent base models into a single prediction 
using an averaging or majority voting scheme. Stacking is an approach 
where the meta-model learns how to combine the output of the base 
models best to provide an optimal prediction. Model-level fusion 
schemes have been implemented in different medical imaging tasks and 
have been shown to perform better and more stable than single-model 
architectures [27,28,29,30,31,32]. 

Data-level fusion schemes integrate multi-modal features or multi- 

site data into a single predictor [32,33,34]. Various studies have 
demonstrated consistent improvement in model performance using 
data-level fusion strategies [33,34,35,36]. With the proliferation of 
publicly available medical imaging datasets and EHR, it is important to 
utilize pixel-level data and clinical patient data to obtain better feature 
representations during training. It is also important to use data from 
multiple centers to account for variability in data acquisition and pro
cessing to increase the validity of the proposed fusion method [37]. 

1.1.3. Fairness evaluation across different subgroups 
Fairness is a rising concern in DL applications in the medical field. 

Seyyed-Kalantari et al. [38] demonstrated that state-of-the-art DL 
models consistently underdiagnosed under-served patients. In Seyyed- 
Kalantari et al. [39]’s study, the researchers found disparities in true 
positive rate (TPR) for pulmonary disease diagnosis across different 
demographic subgroups. Because TPR requires a binary threshold which 
would significantly affect the calculation of TPR, we use the area under 
the receiver operating characteristic curve (AUC) as our fairness eval
uation metric instead, which would not be affected by the threshold and 
can present the overall performance. 

2. Material and methods 

2.1. Study objective 

In this project, our objective is to develop an early-screening tool for 
predicting COPD from non-ventilated patients. We used three large CXR 
datasets and one EHR dataset from CheXpert [40], Medical Information 
Mart for Intensive Care (MIMIC-IV) [41,42], MIMIC-CXR-JPG [43,44], 
and Emory-CXR to perform our experiment. CheXpert was used as a pre- 
train task for the model to learn the radiological features before transfer 
learning. MIMIC-CXR was used to fine-tune the model to classify the 
occurrence of COPD from CXR. The Emory-CXR was used to validate our 
models externally, and we also combined the Emory-CXR with MIMIC- 
CXR as a multi-site data level fusion. We then investigate if the 
following strategies can improve COPD prediction performance: (1) 
bagging predictions from four CNN models using CXR image data, (2) 
incorporating CXR image data and EHR data for modeling, and (3) using 
multi-site data for model training. 

2.2. Data 

2.2.1. Chest X-ray datasets 
This study uses frontal CXRs from three datasets: CheXpert, MIMIC- 

CXR-JPG, and Emory-CXR, an Emory CXR dataset. CheXpert is a retro
spective dataset from Stanford Hospital consisting of 224,316 CXRs of 
65,240 patients [40]. MIMIC- CXR-JPG is a publicly available dataset 
containing 377,110 JPG images and its structured labels corresponding 
to 227,835 radiographic studies sourced from the Beth Israel Deaconess 
Medical Center between 2011 and 2016 [41,43,44]. Both CheXpert and 
MIMIC-CXR are labeled with the same 14 cardiopulmonary disease la
bels. Emory-CXR is collected from five hospitals across the Emory 
healthcare system between 2019 and 2020. This dataset is acquired from 
inpatient and outpatient hospitals and contains 226,640 CXRs from 
90,483 patients. 

2.2.2. EHR databases 
We use the MIMIC-IV database (version: 1.0), which is a publicly 

available EHR database maintained by Beth Israel Deaconess Medical 
Center from 2008 to 2019, consisting of more than 200,000 emergency 
department (ED) admissions and more than 60,000 intensive care units 
(ICU) stays [41,42]. We also use the Emory EHR from the Emory data
base, collected from five hospitals across the Emory healthcare system. 

2.2.3. Patient cohort and data pre-processing 
We extract the patient cohort with COPD and those without COPD 
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from the ED and ICU admissions in the MIMIC-IV database and Emory- 
CXR. We create binary labels for the CXRs according to the ICD-9 and 
ICD-10 diagnosis codes listed in Supplementary Table A to indicate the 
presence or absence of COPD. We used images from patients on room 
air, oxygen, or high-flow nasal cannula. We excluded images from pa
tients who were on mechanical ventilation for two reasons. First, we did 
not want the algorithm to recognize the mechanical ventilation device 
and use it as a shortcut to classify COPD. Second, our focus is to build a 
potential outpatient screening tool for patients with COPD, ideally for 
early detection, so we exclude COPD patients who are on mechanical 
ventilation as they are more likely to have advanced disease. 

The patient’s demographic obtained from MIMIC-IV and the Emory 
EHR data includes self-reported race-ethnicity, sex, and age as shown in 
Table 1. The summary of the datasets we use in our experiments is 
shown in Table 2. All images are processed with histogram equalization 
[44,45], resized to (256, 256). The image pixel values are normalized 
from 0 to 1. We split the imaging data into training (64%), validation 
(16%), and testing (20%) based on the patient’s ID, and we ensure that 
patients in the training set are not included in the validation and testing 
set to avoid data leakage. 

2.3. Transfer learning 

In this study, we use four CNN-derived state-of-the-art models, 
including DenseNet121 [46], ResNet50V2 [47], MobileNetV2 [48], and 
Xception [49] equipped with ImageNet pre-trained weights. Since we 
only have a limited number of images from our cohort, the models are 
pre-trained on the CheXpert dataset to learn radiological features before 
being fine-tuned on the COPD prediction task. 

In the pre-training stage, we select the top six radiographic labels, 
including ’Atelectasisa’, ’Cardiomegaly’, ’Edema’, ’Lung Opacity’, 
’Pleural Effusion’, and ’Support Devices’, out of fourteen common labels 
based on their prevalence in the CheXpert dataset as the pre-train task to 
allow the models to learn pulmonary features. In the fine-tuning stage, 
each pre-trained model is fine-tuned on the MIMIC-CXR dataset for the 
COPD detection task. To accelerate the fine-tuning process, we freeze 
the learned weights for the first 30% of the layers and fine-tune the 
remaining layers. To address the imbalance in the number of cases of 
COPD, we use the class weights parameter to give different weightage to 
the COPD and non-COPD classes, which are defined as follows: 

wCOPD =
Total # of CXRs

2(# of COPDCXRs)
(1)  

wNon− COPD =
Total # of CXRs

2(# of Non − COPDCXRs)
(2) 

For the pre-training and fine-tuning stages, the learning rate is set to 
0.001 and decays 5% for every epoch, and the batch size is set to 32. 
Adam optimizer is used, and binary cross-entropy is used as the loss 

function. 

2.4. Fusion strategies 

To improve the performance of the fine-tuned models, we use the 
fine-tuned models as the base models to implement model-level fusion 
and data-level fusion strategies. In terms of model-level fusion, we 
implement bagging methods, including unweighted and weighted 
averaging. For data-level fusion, we experiment with two different 
techniques. First, we merge the MIMIC-CXR and Emory-CXR to create a 
multi-site data fusion strategy, which we use as our training set to train 
the best-performing base model (Xception). Second, we implement a 
multi-modal data fusion strategy (joint fusion type II) [32], where we 
concatenate the feature representations of the CXRs from the penulti
mate Xception model layer with demographic variables from EHR. We 
intend to evaluate if using multiple sources of data and different mo
dalities can enhance the performance of the base model. Our proposed 
approaches are shown in Fig. 1. 

2.4.1. Model-level fusion 
Unweighted average bagging We average the predictions of the 

four fine-tuned base models with equal weighting to obtain the final 
predictions. We later evaluate whether the unweighted average bagging 
strategy outperforms the single-base models. 

Weighted average bagging We incorporated the concept of hier
archical clustering to implement the weighted average bagging tech
nique in our study. That is, we average the test predictions of the base 
models based on the distance of the validation set predictions dervied 
from the four base models to obtain the final prediction. The imple
mentation details regarding the calculation of the distance and the 
averaging approach are shown in Appendix C. We calculate the cosine 
distance of the validation set predictions obtained from the four base 
models and construct a dendrogram using the Unweighted Pair Group 
Method with an Arithmetic mean (UPGMA) algorithm, a hierarchical 
clustering approach [50] defined as follows: 

Table 1 
Summary of the demographic information of patients in MIMIC and Emory datasets.   

MIMIC Emory 

COPD Non-COPD P-Value COPD Non-COPD P-Value 

# of patients 8,105 44,699  10,353 10,353  
Asian 175 (2.2%) 1,755 (3.9%) <0.001 239 (2.3%) 3,054 (3.8%) <0.001 
Black 1,162 (14.3%) 7,761 (17.4%) 4,313 (41.7%) 38,047 (47.5%) 
Latino 321 (4.0%) 3,019 (6.8%) 125 (1.2%) 1,447 (1.8%) 
Others 584 (7.2%) 4,136 (9.3%) 341 (3.3%) 4,863 (6.1%) 
White 5,863 (72.3%) 28,028 (62.7%) 5,335 (51.5%) 32,719 (40.8%) 
Female 4,146 (51.2%) 23,327 (52.2%) 0.089 4,918 (47.5%) 43,539 (54.3%) <0.001 
Male 3,959 (48.8%) 21,372 (47.8%) 5,435 (52.5%) 36,591 (45.7%) 
0–40 208 (2.6%) 8,008 (17.9%) <0.001 310 (3.0%) 19,234 (24.0%) <0.001 
40–60 1,975 (24.4%) 14,458 (32.3%) 1,827 (18.1%) 25,037 (31.2%) 
60–80 4,093 (50.5%) 15,400 (34.5%) 5,957 (57.5%) 27,123 (33.8%) 
80+ 1829 (22.6%) 6,833 (15.3%) 2,214 (21.4%) 8,736 (10.9%)  

Table 2 
Summary of the datasets used for the COPD prediction experiments.   

MIMIC Emory CheXpert 

Number of patients 
(Number of images) 

52,804 
(194,748) 

90,483 
(226,640) 

48,285 
(140,921) 

Number of COPD patients 
(Number of COPD 
images) 

8,105 
(50,757) 

10,353 
(40,793) 

N/A 

Number of non-COPD 
patients 
(Number of non-COPD 
images) 

44,699 
(143,991) 

80,130 
(185,847) 

N/A  

R. Wang et al.                                                                                                                                                                                                                                   



International Journal of Medical Informatics 178 (2023) 105211

4

d(U,V) =
∑i∈U

i

∑j∈V

j

d(Ui,Vj)

|U||V|
(3)  

where |U| and |V| are the cardinalities of clusters U and V, respectively 
for all points i and j. We average the test predictions of the base models 
based on the dendrogram as shown in Fig. 2 to obtain the final predic
tion. The dendrogram provides an intuitive and effective way to visu
alize the intricate relationships between models’ predictions. For 
example, in Fig. 2, the predictions of the DenseNet121 and the 
ResNet50V2 are averaged first, followed by the predictions of the 
MobileNetV2, and finally, the predictions of the Xception. This is 
equivalent to assigning weights of the predictions of the DenseNet121, 

ResNet50V2, MobileNetV2, and Xception as 1/8, 1/8, 1/4, and 1/2, 
respectively. We give the prediction of the base model a larger weight 
since the length of the dendrogram leg for the base model is longer. 

2.4.2. Data-level fusion 
Multi-site data fusion We merge two datasets, MIMIC-CXR and 

Emory-CXR, and use the combined dataset to fine-tune and evaluate the 
best-performing base model (Xception). We examine if data from 
different sources enhances the performance and generalizability of the 
multi-site data fusion strategy. 

Multi-modal data fusion We construct a data-level fusion strategy 
with the CXRs and their corresponding EHRs as input. We use an 

Fig. 1. Overview of our proposed framework.  

Fig. 2. Dendrogram showing pairwise cosine distance for predictions across the four base models.  
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Xception base model and a multi-layer perceptron model to create a 
multi-modal strategy (joint fusion—type II) [32]. The learned features 
representations of the CXRs from the penultimate fine-tuned Xception 
layer are encoded into 64 hidden nodes concatenated with ten input 
nodes representing the demographic variables —five for race-ethnicity 
(Asian, Black, Hispanic, Others, and White), four for age (0–40, 
40–60, 60–80, and 80+), and one for sex (Female or Male). 

2.5. Evaluation metrics 

We report the point estimates and the 95% confidence interval (CI) of 
the evaluation metrics, which is calculated by bootstrapping the metric 
scores over 1000 runs: AUC, recall, and F1-score for all the experimented 
and proposed methodologies. AUC is the most used evaluation metric 
when it comes to evaluating the overall performance of the model. In the 
early-screening situation, we need to focus on recall. The binary 
threshold for recall and F1-score is calculated to maximize the F1-score 
for the validation set. We evaluate our model using internal test data 
(MIMIC-CXR), and external test data (Emory-CXR). 

2.6. Model interpretation 

To understand which CXR regions the base models focus on, we 
visualize the hot spots for the true positive by using the Gradient- 
weighted Class Activation Mapping (Grad-CAM) algorithm [51]. 

2.7. Fairness analysis 

To examine whether there is a discrepancy in the models’ perfor
mance across demographic subgroups, we evaluate the average AUC and 
the standard deviation (SD) of the AUCs among different race-ethnicity, 
age groups, and sex separately on the MIMIC-CXR and Emory-CXR. That 
is, the model would have separate results for each demographic group. 
The average AUC shows how the models perform in the demographic 
group, and the SD shows the deviation from the average AUC across 
demographic subgroups. 

3. Results 

3.1. Transfer learning 

We present the results of four CNN models tested on Emory-CXR in 
Table 3. The Xception base model yields the best AUC score (0.74), F1- 
score (0.43), and Recall (0.72) during the external testing on Emory- 
CXR. We conducted DeLong [52] tests to examine whether there were 
significant differences in the AUCs among the four base models. The 
results indicated that the AUC values for Xception were significantly 
higher than those for ResNet50V2 (p < 0.01), MobileNetV2 (p < 0.01), 
and DenseNet121 (p < 0.01). The internal testing result on MIMIC-CXR 
data and the detailed results are listed in Supplementary Table B1 and 
B2. 

3.2. Fusion strategies 

We present the external testing results of our fusion strategies in 
Table 4 for Emory-CXR. The Multi-site data-level fusion has the best 
AUC score (0.76) and F1-score (0.45). The weighted bagging has the best 

Recall (0.73). Since the Xception model performs the best among the 
base models, we use the Xception model in the fusion strategies. We also 
implement four machine learning models as the meta-models, including 
logistic regression, k-nearest neighbors, XGBoost, and random forest. 
The stacking model using the random forest as a meta-model performs 
the best among the other stacking models; however, it does not 
outperform the Xception base model. The results of the stacking models 
are listed in Supplementary Table B3-B4 and B11-B12. The internal 
testing result on MIMIC-CXR data and detailed results are listed in 
Supplementary Table B3 and B4. 

The multi-site data-level fusion strategy performs better when testing 
on Emory-CXR than the Xception base model, which shows that 
combining multi-site data can improve performance. The multi-modal 
data-level fusion strategy results show that incorporating demographic 
features does not improve performance. We use the chi-square test to 
evaluate the independence of the race-ethnicity, age, sex variables, and 
the 14 radiographic labels between the COPD and non-COPD cohorts. A 
lower p-value (p < 0.01) demonstrates that the distributions of these 
variables are statistically significant between the COPD and non-COPD 
patient cohorts. 

In addition, we employed a logistic regression model to assess the 
significance of various features, including image, race, age, and gender. 
By evaluating the coefficients of the logistic regression model, we ob
tained the feature importance. Fig. 3 illustrates that image features are 
the most influential, followed by age, race, and gender, in descending 
order of importance. This outcome indicates that even with the incor
poration of EHR data, image features remain the primary driver of 
predictive power. Consequently, the combination of EHR data did not 
lead to a notable improvement in the overall performance of the model. 
This finding underscores the continued dominance of image features in 
accurately predicting COPD cases. 

3.3. Explainability with Grad-CAM 

We visualized the Grad-CAM heatmaps of the true positive cases on 
the Xception base model for both MIMIC-CXR and the Emory test 
datasets (Emory-CXR). Fig. 4 shows the heatmaps of the true positive 
cases of the Xception model. We further average the heatmaps with 
predicted probabilities higher than 0.9 to obtain an averaged heatmap 
(Mean). We can see that the Xception base model mainly focuses on the 
apical lung fields, which can be consistent with centrilobular emphy
sema, a common form of COPD affecting the upper lobe lung fields 
[53,54]. This is likely why the models are identifying these regions to 
make predictions. 

3.4. Fairness analysis 

We evaluate the performance of the fusion strategies on each de
mographic group separately in both datasets. Table 5 shows the results 
of the fairness analysis of each model on Emory-CXR. The average AUC 

Table 3 
Base models tested on the Emory CXR image data.  

Model AUC F1-score Recall 

DenseNet121 0.73 [0.72–0.73] 0.43 [0.42–0.44] 0.66 [0.65–0.67] 
MobileNetV2 0.72 [0.72–0.73] 0.42 [0.41–0.43] 0.68 [0.67–0.69] 
ResNet50V2 0.72 [0.71–0.73] 0.42 [0.41–0.43] 0.67 [0.66–0.68] 
Xception 0.74 [0.73–0.75] 0.43 [0.43–0.44] 0.72 [0.72–0.73]  

Table 4 
Evaluation metrics averaged over 1000 epochs ± 95% CI for the various fusion 
strategies on the Emory test data compared to the Xception base model.   

AUC F1-score Recall 

Fusion Strategies 
Base Xception Model 0.74 [0.73–0.75] 0.43 [0.43–0.44] 0.72 [0.72–0.73]  

Base Models Bagging 
Unweighted Average 0.75 [0.74–0.75] 0.44 [0.43–0.45] 0.71 [0.70–0.72] 
Weighted Average 0.75 [0.74–0.75] 0.44 [0.43–0.45] 0.73 [0.72–0.74]  

Data-level Fusion 
Multi-site 0.76 [0.75–0.76] 0.45 [0.44–0.45] 0.72 [0.71–0.73] 
Multi-modal 0.74 [0.73–0.74] 0.44 [0.43–0.45] 0.67 [0.66–0.69]  
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scores show the average performance of the models among each de
mographic group, and the standard deviations show the performance 
gap between each demographic group. The star signs in the table 
represent the highest standard deviation, indicating the model’s un
fairness. The baseline and weighted average bagging models are the only 
two that do not have a star sign. That is, both models are reasonably fair 
across demographic groups. The detailed results with precision and 
recall are listed in Supplementary Table B5 to B16. 

4. Discussion 

Our findings support our hypothesis that DL models trained using 
CXRs can identify patients with COPD. CXRs are a more accessible and 

affordable modality. Therefore, our approach could provide a low-cost 
and widely available screening opportunity for COPD. We demon
strate that the Xception base model detects COPD with reasonable per
formance compared to the other base models, as shown in Table 3. The 
results are consistent for both MIMIC-CXR and the Emory-CXR test 
datasets across the fusion strategies. The multi-site data-level fusion 
scheme performs better than the other schemes on the Emory test data 
indicating that our proposed strategy is generalizable. We use Grad-CAM 
to evaluate the Xception model’s explainability. Looking at the true 
positive cases for both MIMIC-CXR and Emory-CXR, we can see that the 
Grad-CAM heatmap of the Xception base model focuses on the upper 
lung fields. 

The limitations of this study include reliance on ICD9/10 coding as 

Fig. 3. The feature importance of the multi-modal data-level fusion obtained from coefficients of the logistic regression model.  

Fig. 4. The first and second rows display the Grad-CAM heatmaps of the true positive cases on the Xception base model using the MIMIC-CXR test data and the Emory 
CXR image test data, respectively. 
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labels and the lack of Pulmonary Function Testing (PFT) labels. PFT is an 
effective tool for the diagnosis of COPD. However, our study uses ICD 
codes to identify COPD diagnosis because concurrent PFT data were 
unavailable for many of the CXRs in our datasets. Our study proves that 
deep learning can be applied to patient data even if gold-standard PFT 
findings are unavailable. This has widespread implications because the 
current diagnostic criteria for COPD lead to a large population of 
underdiagnosed patients [55]. Additionally, clinicians often only order 
PFTs when COPD progresses and becomes symptomatic, indicating that 
many early-stage diagnoses are often missed [56]. Another limitation of 
this study is the unavailability of information regarding the stage of 
COPD for the patients in the current datasets. A prospective study is 
essential to assess the algorithm’s performance across different stages of 
COPD. However, it is important to note that the intended use of this 
algorithm does not involve screening asymptomatic patients. Instead, 
the objective is to leverage CXRs, a widely accessible test obtained for 
various reasons in health centers, clinics, and hospitals, to detect COPD, 
whether in its early or advanced stages. This approach is particularly 
valuable for health systems with limited resources, as it enables the 
identification of the disease even before it reaches an irreversible and 
advanced state. 

The limitation of model explainability should be noted in this study. 
While Grad-CAM is commonly used for visualization, it comes with 
certain drawbacks, such as uncertainty, lack of robustness, and limited 
usefulness in medical imaging analysis. Studies like Chattopadhyay et al. 
[57] have demonstrated that the Grad-CAM method can fail to precisely 
localize the object of interest and might struggle with locating multi- 
occurrence objects effectively. Moreover, research by Demir et al. [58] 
has highlighted the lack of robustness in Grad-CAM, as its gradient- 
based approach makes it sensitive to various parameters within the 
network. To address these concerns, we chose to present the average 
heatmap across images instead of relying on a single case for visuali
zation. This approach was based on feedback from physicians, who 
found the average heatmap to be more meaningful and informative. 

Our work is the first step to depicting the potential of deep learning 
in detecting COPD patients. Given COPD is one of the largest killers 
worldwide, especially in resource-poor countries, the ultimate goal 
would be to have a model that can screen patients for COPD who are 
undergoing an easily accessible CXR for any reason, and identify those 
who are high-risk and should seek either further testing with spirometry 
or empiric intervention such as smoking cessation or medical therapy. 
This has the potential to alter the disease course, saving patients and 
hospital systems from the advanced stages of this underdiagnosed, 
burdensome disease. We encourage other hospitals to similarly build 
their own early COPD screening model using their databases based on 
our open-source code. 

5. Conclusion 

Our proposed fusion schemes, along with the fairness analysis, pro
vide a framework for future research to build upon. By using a widely 
available test like CXRs, we may be able to diagnose COPD earlier and 
improve outcomes for patients with this highly morbid disease. 

Summary table 
Background  

• COPD is one of the most common chronic illnesses in the world and is 
often underdiagnosed or only diagnosed too late for effective 
treatment. 

• Current COPD diagnoses rely on spirometry which can be chal
lenging to obtain.  

• CXRs are readily available and may have the potential as a screening 
tool to identify patients with COPD who should undergo further 
testing or intervention.  

• There is little attempt to develop a COPD prognostic model to 
identify the presence of COPD using CXR and EHR data. 

Our contribution  

• We implement data- and model-level fusion strategies to build a 
COPD screening model.  

• We combine clinical data and CXRs from multiple sites to enhance 
the model’s generalizability.  

• We assess model bias across different demographic subgroups, 
including race-ethnicity, sex, and age. 
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