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Abstract 

Background Gastroesophageal reflux disease (GERD) is a common comorbidity in patients with interstitial lung dis-
ease (ILD). We built and validated a model using the national inpatient sample (NIS) database to assess the contribu-
tory role of GERD in ILD-related hospitalizations mortality.

Methods In this retrospective analysis, we extracted ILD-related hospitalizations data between 2007 and 2019 from 
the NIS database. Univariable logistic regression was used for predictor selection. Data were split into the training and 
validation cohorts (0.6 and 0.4, respectively). We used decision tree analysis (classification and regression tree, CART) 
to create a predictive model to explore the role of GERD in ILD-related hospitalizations mortality. Different metrics 
were used to evaluate our model. A bootstrap-based technique was implemented to balance our training data out-
come to improve our model metrics in the validation cohort. We conducted a variance-based sensitivity analysis to 
evaluate GERD’s importance in our model.

Findings The model had a sensitivity of 73.43%, specificity of 66.15%, precision of 0.27, negative predictive value 
(NPV) of 93.62%, accuracy of 67.2%, Matthews Correlation Coefficient (MCC) of 0.3, F1 score of 0.4, and area under the 
curve (AUC) for the receiver operating characteristic (ROC) curve of 0.76. GERD did not predict survival in our cohort. 
GERD contribution to the model was ranked the eleventh among twenty-nine variables included in this analysis 
(importance of 0.003, normalized importance of 5%). GERD was the best predictor in ILD-related hospitalizations who 
didn’t receive mechanical ventilation.

Interpretations GERD is associated with mild ILD-related hospitalization. Our model-performance measures suggest 
overall an acceptable discrimination. Our model showed that GERD does not have a prognostic value in ILD-related 
hospitalization, indicating that GERD per se might not have any impact on mortality in hospitalized ILD patients.
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Introduction
Interstitial lung diseases (ILD) comprise a diverse group 
of parenchymal lung diseases characterized by varying 
degrees of lung inflammation and fibrosis [1]. The etiol-
ogy of Idiopathic pulmonary fibrosis (IPF) [2] sarcoido-
sis is unknown, while connective tissue diseases–ILD 
(CTD-ILD) and hypersensitivity pneumonitis (HP) might 
have an identified trigger [1, 3]. Relationship between 
gastroesophageal reflux disorder (GERD) and idio-
pathic pulmonary fibrosis (IPF) has been described [4]. 
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It is hypothesized that GERD is associated with chronic 
micro-aspiration that induces repetitive lung injury lead-
ing to pneumonitis, increased acid exposure, epithelial 
permeability, fibrotic hyperplasia, and ultimately pulmo-
nary fibrosis [5, 6]. Some retrospective studies showed 
that GERD is associated with higher survival in IPF 
patients [7], who had GERD medications, and those who 
received a Nissen fundoplication procedure for GERD 
[8]. On the other hand, post hoc analysis from different 
randomized controlled trials (RCT) showed that antise-
cretory medications (proton pump inhibitors and his-
tamine-2 receptor blockers) were not associated with a 
more favorable course of the disease [9, 10]. The recent 
guidelines do not support treating IPF patients with ant-
acid medication to improve IPF-related outcomes [11]. 
For sarcoidosis, a retrospective study showed that GERD 
is associated with decreased mortality [12]. As in IPF, It 
is also postulated that GERD can induce lung injury with 
similar mechanisms in CTD-ILD [13] and HP [14]. How-
ever, these studies included small numbers of patients 
and primarily targeted patients in the outpatient world.

Our study aimed to assess the contributory role of 
GERD in mortality in hospitalized patients with different 
groups of ILD (IPF, CTD-ILD, HP, and sarcoidosis) using 
a supervised machine learning (SML) approach.

Methods
Database
We extracted data from 2007 to 2019 from the national 
inpatient sample (NIS) database. This is the largest pub-
licly available all-payer inpatient care database in the 
United States. The Agency for Healthcare Research and 
Quality (AHRQ) developed this database and is designed 
to estimate national inpatient outcomes [15]. The qual-
ity of the data is assessed annually [16]. Institutional 
Review Board approval for this study was not required 
as all patient data have been de-identified. Weighted, it 
estimates more than 35 million admissions every year. It 
utilizes the ninth revision of the International Classifica-
tion of Diseases (ICD-9) codes through September 2015 
and the tenth revision of the International Classification 
of Diseases (ICD-10) codes after that date.

Case definition
First, we included patients with IPF codes (ICD-9 code 
516.31 and ICD-10 code J84.112) and HP codes (ICD-9 
codes 495.XX and 50.XX; and ICD-10 codes: J6.XX and 
J7.XX, except codes for radiation induced lung disease 
J70.0, J70.1, 508.0 and 508.1; and mycobacterial related 
infection J65 and 505). For sarcoidosis, we first isolated 
codes (ICD-9 code 135 and ICD-10 codes: D86.XX). 
Then, to capture all pulmonary sarcoidosis cases, we 
included patients who carried sarcoidosis codes along 

with codes of interstitial lung diseases defined by ICD-9 
codes 517.8 (Lung involvement in other diseases clas-
sified elsewhere), and ICD-10 codes D86.0 (sarcoido-
sis of the lung), D86.1 (Sarcoidosis of lymph nodes) or 
D86.2 (Sarcoidosis of the lung with sarcoidosis of lymph 
nodes). For CTD-ILD, we only included patients with 
rheumatoid arthritis-ILD (RA-ILD), dermatomyosi-
tis/polymyositis-ILD (DMPM-ILD), and scleroderma-
ILD (SSc-ILD). More details on CTD-ILD selection are 
explained in Additional file 1: Table S1. Cases with more 
than one diagnosis from the above categories (IPF, HP, 
CTD-ILD, or Sarcoidosis)  are included as “Unspecified” 
ILD (Unspecified-ILD). For GERD, we included patients 
with ICD-9 codes 530.11 and 530.81, and ICD-10 codes 
K21.0 and K21.9. We excluded patients younger than 
20  years old and those with lung transplants. For each 
case, we collected baseline demographic data (age, race, 
and sex), smoking status, hospital length of stay (HLoS), 
ILD subtypes (IPF, CTD-ILD, HP, pulmonary sarcoido-
sis, unspecified-ILD), and relevant comorbidities includ-
ing chronic obstructive lung disease (COPD), asthma, 
respiratory failure (acute, chronic, acute on chronic or 
non-specified), obstructive sleep apnea (OSA), Bar-
rett’s esophagus, hiatal hernia (HH), low body mass 
index (LBMI, BMI < 20), frailty, pneumonia, pulmonary 
hypertension (pHTN), obesity, acute pulmonary embo-
lism (PE), and dependency on long term oxygen therapy 
(LTOT). We also gathered inpatient data procedures 
(including bronchoscopy and mechanical ventilation 
(MV) (invasive, non-invasive, both)), clinical classifica-
tions software codes [17], Elixhauser comorbidities [18, 
19], and hospital region, location, size, and setting (Addi-
tional file 1: Tables S2, S3).

Outcomes
The primary outcome assessed was inpatient all-cause 
mortality, defined as death during hospitalization.

Statistical analysis
Variables selection
Categorical variables are reported as counts and percent-
ages and were compared using the Chi-square test. Con-
tinuous variables are reported as means with standard 
deviation and compared using Student’s t-test. First, we 
performed a weighted univariable logistic regression for 
the variables: age, gender, race, smoking history, ILD sub-
type, low BMI, obesity, GERD, OSA, frailty, respiratory 
failure, use of MV, bronchoscopy, urban vs. rural hos-
pital location, academic hospital status, COPD, asthma, 
acute PE, pHTN, HH, Barrett’s esophagus, pneumo-
nia, and dependence on LTOT. Variables whose p-value 
was < 0.05 were selected to be included in the classifica-
tion and regression tree (CART) analysis. We conducted 
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a weighted decision tree analysis (using CART algo-
rithm) for our primary outcome. The steps of our analysis 
approach are shown in Additional file 1: Figure S1.

CART analysis
CART is a nonparametric method for multivariable data 
that can build a model which will classify patients into 
different categories [20]. We used mortality as our target 
field (dependent outcome). The split at each node will 
produce a child node that is purer than its parent node 
using the Gini impurity measure (purity criterion). We 
set the minimum decrease in impurity required to split 
the node at 0.0001. In this analysis, CART will help us 
understand the relationship between GERD and mor-
tality in ILD-related hospitalizations in 2 major ways: 
(1) Profiling: it will show which subgroup would GERD 
diagnosis be the next “best” predictor, and (2) Prediction: 
it will show if GERD diagnosis would predict mortality. 
In addition, we evaluated the predictor importance in 
the model using the variance-based sensitivity analysis 
method [21, 22] which computes the reduction in the 
variance of the target outcome attributed to each pre-
dictor via sensitivity analysis. It will assign a score (using 
first-order sensitivity measure) to each predictor based 
on its contribution to the model. It will compare the pre-
dictors to those with the highest importance score by 
assigning a normalized importance score.

To test our model, we split our data randomly into 
training and validation sets using SPSS (60% and 40%, 
respectively). Metrics used to evaluate our model are 
sensitivity, specificity, precision, negative predictive value 
(NPV), Matthews Correlation Coefficient (MCC), F1 
score, accuracy rate, risk estimation, and ROC curve. We 
used a bootstrap-based technique in the training set to 
handle data with the imbalanced outcome to improve our 
model performance using the ROSE package [23].

Additional analysis
Gain chart, index, model risk estimates and confusion 
matrices for training and validation cohorts were devel-
oped. Subgroup CART analysis was performed to assess 
if GERD would contribute to patient mortality differ-
ently among ILD types. Besides, we split the data based 
on time (training set: between 2011–2013, and validation 
set: between 2016–2019).

Our approach to missing values is explained in the 
supplementary materials (Additional file  1: Table  S4). 
Statistical significance was defined as p < 0.05 unless 
stated otherwise. Statistical analyses were performed 
using SPSS (IBM SPSS Statistics for Mac, Version 28.0; 

Armonk, New York: IBM Corp Released 2019), and R 
Core Team (2022) [24].

Results
Baseline characteristics
We identified 8,568,733 weighted hospitalizations 
with ILD between 2007 and 2019 that met the inclu-
sion criteria (Fig.  1). 1,751,192 (20.4%) had GERD 
(Fig. 1). ILD patients with GERD were marginally older 
(71 ± 15 vs. 70 ± 17 years) and more likely to be smok-
ers (30% vs. 25%). HP was the most common ILD sub-
type in the entire cohort (90.6%). Patients with IPF (4% 
vs. 2%), CTD-ILD (6% vs. 3%), pulmonary sarcoidosis 
(4% vs. 3%), and unspecified-ILD (1% vs 0.003%) were 
more likely to have GERD while patients with HP were 
less likely to have GERD (86% vs. 92%) (Table  1). ILD 
patients with GERD were more likely to have asthma, 
COPD, pHTN, OSA, obesity, Barrett’s esophagus, HH, 
and frailty (Table 1). ILD patients without GERD were 
more likely to be male, have respiratory failure, pneu-
monia, acute PE, lower BMI, and receive more bron-
choscopy and invasive MV than ILD patients with 
GERD. While majority of the entire cohort was White, 
ILD patients who self-identified as non-White (Blacks, 
Hispanics, Asian or Pacific Islander, Native American) 
were less likely to have GERD while Whites were more 
likely to have GERD (72% vs. 79%).

Univariable logistic regression
A univariable logistic regression of the variables: age, 
gender, race, smoking history, ILD subtype, low BMI, 
obesity, GERD, OSA, frailty, RF, use of MV, bronchos-
copy, urban vs. rural hospital location, academic hos-
pital status, COPD, asthma, acute PE, pHTN, HH, 
Barrett’s esophagus, pneumonia, and dependence on 
LTOT showed a p-value of < 0.05 (Additional file  1: 
Table S5), hence, all variables were selected for CART 
analysis.

Training and validation datasets and handling imbalanced 
outcome data
After randomly assigning 60% of our data to a training 
set and 40% to a validation set, we performed our ini-
tial CART analysis. Our initial model’s metrics showed 
an accuracy of 85.5% and specificity of 100%. However, 
it showed poor performance on sensitivity (0%), preci-
sion, MCC, and F1 score (0) (Table 2). In this case, and 
because of our data’s imbalanced outcome (14.5% mortal-
ity vs. 85.5% survival), we proceeded with training data 
resampling to improve our classifier performance. More 
specifically, we oversampled the minority outcome group 
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using the bootstrap-based technique. As a result, our 
new training data set had a balanced outcome (50% mor-
tality and 50% survival). Baseline characteristics of the 
validation cohort were similar to the original data before 
splitting and resampling (Additional file 1: Tables S6, S7).

CART analysis
Figures 2 and 3 depict the decision trees for the valida-
tion and the training samples respectively. They provide 
a graphical presentation for all predictors associated 
with mortality in descending order of importance. For 
the validation cohort, starting from the root node, in the 
overall sample of 3,429,975 patients, 85.5% of the patients 
survived the hospitalizations while the remaining 14.5% 
did not. GERD is selected as predictor in 4 parent nodes 

(53,73,74,77) and 6 terminal nodes (54,78,83,84,91,92). 
The decision starts with the root node that shows the 
distribution of the outcome field (i.e., mortality). The 
data is then split by the predictor with the strongest rela-
tionship, respiratory failure in this case. Patients with 
respiratory failure are split into patients who received 
invasive MV. In those who did not receive it, patients 
with an age of ≤ 73.5 years old are the next best predic-
tor in this group. In this category, patients who did not 
receive both MV (invasive and non-invasive) and whose 
age is > 55.5 years are the best predictor. As we continue 
down this group path, we find that absence of OSA diag-
nosis and absence of long-term O2 therapy use are the 
next best predictor in this subgroup. Finally, GERD is 
the next best predictor in this cohort. Essentially, GERD 

Fig. 1 STROBE diagram (ILD: interstitial lung diseases; ICD: international classification of diseases; NIS: national inpatient sample; GERD: 
gastroesophageal reflux disease)
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Table 1 Hospitalizations characteristics for ILD patients with GERD vs. without GERD

ILD patients with GERD 
(n = 1,751,192)

ILD patients without GERD 
(n = 6,817,541)

p-value

Age, mean ± SD 71.20 (15.26) 69.53 (17.19)  < 0.001

Age group (20–39), n (%) 67,245 (4) 477,374 (7)  < 0.001

Age group (40–59), n (%) 314,002 (18) 1,313,106 (19)  < 0.001

Age group (60–79), n (%) 743,468 (42) 2,620,494 (38)  < 0.001

Age group (80 or more), n (%) 625,867 (36) 2,405,310 (35)  < 0.001

Female, n (%) 841,440 (48) 2,826,688 (41)  < 0.001

Race  < 0.001

White, n (%) 1,298,312 (79) 4,558,471 (72)

Black, n (%) 180,894 (11) 854,095 (14)

Hispanic, n (%) 92,266 (6) 486,648 (8)

Asian or Pacific Islander, n (%) 30,194 (2) 188,144 (3)

Native American, n (%) 8218 (1) 37,738 (1)

Other, n (%) 32,789 (2) 172,435 (3)

Smoking Status

Ever smoker, n (%) 529,037 (30) 1,698,764 (25)  < 0.001

Interstitial lung disease subtype:  < 0.001

Idiopathic pulmonary fibrosis, n (%) 63,756 (4) 126,550 (2)

Connective tissue disease-ILD, n (%) 102,620 (6) 211,558 (3)

Hypersensitivity pneumonitis, n (%) 1,506,754 (86) 6,258,846 (92)

Pulmonary sarcoidosis, n (%) 66,706 (4) 198,014 (3)

Unspecified-ILD, n (%) 11,354 (1) 22,574 (0)

Co-morbidities

Respiratory failure, n (%) 749,755 (43) 3,294,179 (48)  < 0.001

Dependence on long-term Oxygen, n (%) 161,134 (9) 353,694 (5)  < 0.001

Chronic obstructive lung disease, n (%) 211,515 (12) 655,650 (10)  < 0.001

Asthma, n (%) 166,251 (9) 364,574 (5)  < 0.001

Pneumonia, n (%) 265,203 (15) 1,105,779 (16)  < 0.001

Acute pulmonary embolism, n (%) 27,664 (2) 131,831 (2)  < 0.001

Pulmonary hypertension, n (%) 117,274 (7) 351,289 (5)  < 0.001

Obstructive sleep apnea, n (%) 171,273 (10) 377,630 (6)  < 0.001

Obesity, n (%) 202,655 (12) 612,569 (9)  < 0.001

Barrett’s esophagus, n (%) 16,141 (1) 16,454 (0)  < 0.001

Hiatal hernia, n (%) 149,978 (9) 164,970 (2)  < 0.001

Low body mass index, n (%) 78,590 (4) 316,053 (5)  < 0.001

Frailty, n (%) 5519 (0.3) 16,374 (0.2)  < 0.001

Elixhauser sum of conditions

Mean ± SD 2.31 (2.54) 2.46 (2.43)  < 0.001

Median (IQR) 2(4) 2(4)

Hospitalization Characteristics

Length of hospital stay, mean ± SD 8.21 (8.83) 10.40 (12.88)  < 0.001

In-patient pulmonary Procedures

Bronchoscopy, n (%) 99,748 (6) 463,546 (7)  < 0.001

Invasive mechanical ventilation, n (%) 265,899 (15) 1,789,034 (26)  < 0.001

Non-invasive mechanical ventilation, n (%) 95,902 (5) 328,873 (5)  < 0.001

Mechanical ventilation (invasive and non-invasive), n (%) 26,682 (1.5) 143,626 (2.1)  < 0.001

Bed size of hospital  < 0.001

Small, n (%) 307,263 (18) 1,124,413 (17)

Medium, n (%) 483,774 (28) 1,847,496 (27)

Large, n (%) 955,684 (55) 3,824,916 (56)
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(nodes 73 & 74) was found to be the best mortality pre-
dictor in hospitalized ILD patients aged 55.5 to 73.5 with 
respiratory failure, who did not receive invasive or both 
modes of MV, do not have OSA and were not on LTOT. 
In this subgroup, if patients did not have GERD (Node 
73), we predicted that they would die 15.7% of the time. 
This prediction was applied to 144,998 patients and was 
accurate 22,730 times. If patients have GERD (Node 74), 
we predicted that they would survive 90.2% of the time. 
This rule was applied to 43,054 patients and was accu-
rate 38,836 times. This indicates that diagnosis of GERD 
didn’t predict mortality or survival in ILD patients in this 
subgroup.

In the same decision tree, we can see that GERD (nodes 
77& 78) is the best predictor in ILD patients who had res-
piratory failure, their age is (73.5–83.5), did not receive 
invasive or both modes of MV, did not have COPD and 
were not on LTOT. In this subgroup, GERD didn’t pre-
dict mortality. If patients did not have GERD (Node 77), 
we predicted they would die 22.7% of the time. This rule 
was applied to 120,620 patients and was accurate 27,419 
times. If patients have GERD (Node 78), we predicted 
they would die 15.7% of the time. This prediction was 
applied to 34,270 patients and was accurate 5375 times.

In another branch, GERD (nodes 91&92) is the best 
predictor in ILD patients who had respiratory failure, 
their age is (> 73.5), did not receive invasive, non-inva-
sive, or both modes of MV, did not have COPD, and 
were not on LTOT. In this subgroup, if patients did not 
have GERD (Node 91), we predicted that they would 
die 27.1% of the time. This rule was applied to 125,442 
patients and was accurate 34,027 times. If patients 
have GERD (Node 92), we predicted that they would 
die 19.6% of the time. This rule was applied to 33,430 
patients and was accurate 6543 times. This suggest that 
GERD didn’t predict mortality in this subgroup.

Another branch showed that GERD (nodes 53&54) 
didn’t predict survival. In this subgroup, GERD is the 
next best predictor in patients who did not have respira-
tory failure, did not receive invasive MV, had HP, and 
their age (57.5–75.5). In this subgroup, if patients did not 
have GERD (Node 53), we predicted that they would sur-
vive 94.8% of the time. This rule was applied to 325,122 
patients and was accurate 308,061 times. If patients have 
GERD (Node 54), we predicted that they would sur-
vive 97.4% of the time. This rule was applied to 103,166 
patients, and we were accurate 100,502 times.

In the last branch, we found that GERD (nodes 
83&84) is the next best predictor in patients who did 
not have respiratory failure, did not receive invasive 
or non-invasive MV, were non-smokers, had HP, and 
their age (75.5–90.5). In this subgroup, GERD didn’t 
predict survival. If patients did not have GERD (Node 
83), we predicted that they would survive 90.3% of the 
time. This rule was applied to 474,863 patients and was 
accurate 428,913 times. If patients have GERD (Node 
84), we predicted that they would survive 94.2% of the 
time. This rule was applied to 121,608 patients, and we 
were accurate 114,526 times. Out of the 6 GERD ter-
minal nodes, three GERD terminal nodes (78, 91, 92) 
that have index > 100% indicating that these nodes have 
higher observed cases when compared to the expected 
cases of patients who died. Tree tables are summarized 
in Additional file 1: Table S9.

Table 1 (continued)

ILD patients with GERD 
(n = 1,751,192)

ILD patients without GERD 
(n = 6,817,541)

p-value

Region of hospital  < 0.001

Northeast, n (%) 326,379 (19) 1,373,817 (20)

Midwest, n (%) 427,360 (24) 1,419,100 (21)

South, n (%) 681,228 (39) 2,553,635 (37)

West, n (%) 316,224 (18) 1,470,988 (22)

Academic hospitals, n (%) 974,157 (56) 3,730,909 (55)  < 0.001

Urban hospitals, n (%) 1,540,479 (88) 6,098,589 (90)  < 0.001

Table 2 Model metrics from the validation cohort before and 
after resampling of the training data

F1 score = (2*precision*recall)/(precision + recall). MCC = TP*TN—FP*FN/
sqrt((TP + FP)*(TP + FN)*(TN + FP)*(TN + FN))

Original data model Resampled 
data model

Sensitivity (%) 0% 73.43%

Specificity (%) 100% 66.15%

Precision N/A 0.2688

Negative Predictive Value (%) 85.50% 93.62%

Accuracy (%) 85.50% 67.20%

F1 Score 0 0.4

MCC N/A 0.3

AUC(ROC) 0.75 0.76
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The results of the training cohort decision tree are 
similar to our validation cohort regarding GERD’s 
ranking as a predictor among different ILD patients’ 
subgroups. However, the GERD prediction accuracy 
was higher for mortality and lower for survival as we 

oversampled the mortality outcome data to enhance 
our model parameters.

Fig. 2 The decision tree for the validation cohort. The model performed well in predicting survival regardless of GERD (green) diagnosis [nodes 
53&54 and 83&84] and poorly in predicting mortality regardless of GERD (red) diagnosis [nodes 91&92 and 77&78]. In one subgroup, our model 
performed well in predicting survival (green) [node 74] and poorly in predicting mortality (red) [node 73]. The bar chart in each node indicates the 
percentage of mortality. The predicted group is highlighted in yellow
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Model performance and predictor importance:
After applying our new model (after resampling) to our 
validation cohort, our model had a sensitivity of 73.43%, 
specificity of 66.15%, precision of 0.27, NPV of 93.62%, 
accuracy of 67.2%, MCC of 0.3, F1 score of 0.4, and AUC 
for the ROC of 0.76 (Table 2). The metrics from the train-
ing cohort were similar to the validation cohort, except 
that the training cohort model performance has higher 

precision (0.68), MCC (0.4), F1 score (0.7), and lower 
NPV (71.6%) (Additional file 1: Table S8). GERD impor-
tance was calculated as 0.003, and compared to other 
predictors, the normalized importance was 5% (Addi-
tional file 1: Figure S2 and Table S10).

Fig. 3 The decision tree for the training cohort (after resampling). The model performed well in predicting survival regardless of GERD (green) 
diagnosis [nodes 53&54 and 83&84] and mortality regardless of GERD (red) diagnosis [nodes 91&92 and 77&78]. In one subgroup, our model 
performed well in predicting survival (green) [node 74] and mortality (red) [node 73]. The bar chart in each node indicates the percentage of 
mortality. The predicted group is highlighted in yellow
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Additional analysis
The Gain and index charts and tables are depicted in the 
supplementary material (Additional file 1:  Table S11 and 
Figures  S3-4.). Additional file  1: Tables S12-15 depict 
risk estimates and confusion matrices. Results from the 
time-based validation cohort CART secondary analy-
sis showed similar results (Additional file  1: Figure S5). 
The results were also similar among different ILD types 
except in one subgroup (in HP patients), where GERD 
was the best predictor in patients who received MV 
(Additional file 1:  Figures S6-10).

Discussion
This analysis investigated the relationship between GERD 
and the combined cohort of ILD-related hospitaliza-
tions with IPF, CTD-ILD, HP, pulmonary sarcoidosis, 
and unspecified-ILD. We identified and validated that 
GERD does not have a prognostic value in ILD-related 
hospitalizations. Also, GERD is a strongly associated with 
hospitalized ILD patients who did not receive MV (inva-
sive, non-invasive, or both) irrespective of the respiratory 
failure diagnosis. Besides, patients were not dependent 
on LTOT. These findings highlight that GERD might be 
associated with mild ILD-related hospitalizations. This 
didn’t change across different ILD subtypes except in HP-
related hospitalizations as only one out of five subgroups 
where GERD was a strong predictor (of mortality?) in 
patients who received invasive MV. Also, we validated 
this across time, indicating that the change of health care 
practice did not impact the GERD association with mild 
ILD-related hospitalization. To our knowledge, this is the 
first study that used supervised machine learning in a 
large dataset to study the impact of GERD on ILD-related 
hospitalizations.

Although our initial classifier showed an accuracy of 
85.5%, it underperformed in other metrics like sensitivity, 
precision, MCC, and F1 score. Accuracy is very sensitive 
to our data since it has an imbalanced outcome (14.5% 
mortality vs. 85.5% survival). This phenomenon is known 
as accuracy paradox [25, 26]. To improve our model per-
formance, we oversampled the ILD-related hospitali-
zations for those who died so we could have a balanced 
outcome. To avoid overfitting, we only oversampled the 
training cohort, which explains why parameters like F1 
and MCC are lower in the validation sample compared 
to the training set. The F1 tackles data imbalance. In our 
models, it was 0 before resampling and improved to 0.4. 
However, the F1 score is asymmetric as it focuses on pos-
itive cases only (patients who died). Given the above, we 
used the MCC. It considers all four values in the confu-
sion matrix. MCC is considered more informative when 
compared to other metrics for binary classifiers [27].

Our analysis highlights that GERD is not associated 
with survival for two reasons: (1) MV is a known pre-
dictor of mortality in ILD-related hospitalizations [12, 
28, 29]. Considering this fact, MV might be a surrogate 
of respiratory failure severity. Our investigation showed 
that GERD is strongly associated with ILD-related hospi-
talizations for patients who did not receive MV irrespec-
tive of their respiratory failure status (i.e. mild respiratory 
failure). (2) Our model performed well in predicting sur-
vival whether GERD is present or not in these subgroups 
(Fig. 2. Nodes: 53&54; 83&84) and performed poorly in 
predicting mortality whether GERD is present or not 
(Fig.  2. Nodes: 77&78; 91&92). In node 73, the model 
performed poorly for those who did not have GERD 
predicting mortality, while it performed well for those 
with GERD predicting survival. In our subgroup analy-
sis, these results did not change except in one subgroup 
of HP patients with which GERD was a strong predictor 
associated with invasive MV (Additional file 1: Figure S8. 
Nodes: 49&50).

An underpowered phase 2 trial showed that Nissen 
fundoplication for IPF treatment did not have a signifi-
cant impact on lung function decline [30]. The surgery 
group had less exacerbation, hospitalizations, and death 
without statistical significance [30]. Wong et  al. showed 
that GERD is one of the most prevalent comorbidities 
among all ILD [31]. In their cluster-based analysis, GERD 
was associated with reduced survival in IPF, while it had 
no impact on other forms of ILD [31]. However, their 
model was not validated. Multiple retrospective studies 
showed contradictory results regarding the use of anti-
acid treatment in IPF patients [32]. The discrepancies in 
these results might be explained by immortal time bias 
[32]. Since the NIS database does not include medication 
data, our investigation could not address whether anti-
acid therapy will impact survival in ILD-related hospitali-
zation, and we could not assess for this bias at the time of 
admission.

On the other hand, our validated model suggests that 
mild ILD-related hospitalizations are associated with 
improved survival irrespective of GERD diagnosis. Due 
to that, the availability of anti-acid therapy data should 
not change GERD’s role in our model. Keeping in mind 
that having a GERD diagnosis does not imply that 
patients receive anti-acid therapy. Other studies showed 
that GERD is associated with higher survival in pulmo-
nary sarcoidosis [12] and but not in Chronic HP [33].

We investigated the role of GERD in a combined ILD 
cohort since different ILD might share a progressive 
fibrotic phenotype [34–36]. Different studies suggested 
that ILD with progressive phenotype might share under-
lying molecular mechanisms [34, 36]. We also performed 
a subgroup analysis (by ILD subtype) since we could not 
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identify ILD hospitalizations with progressive fibrotic 
phenotype. Our subgroup analysis showed that GERD 
does not have a prognostic value in our validated mod-
els across different ILD subtypes. Although GERD might 
play a different role in different ILD subtypes, its prog-
nostic value has been consistent.

Our study has several limitations. First, NIS data iden-
tifies hospitalizations, not unique patients. As a result, 
patients with multiple admissions might be overrepre-
sented. Our model reflects ILD-related hospitalizations 
predictors rather than patients with ILD. To mitigate this 
problem, we performed time-based data splitting, which 
would decrease the overlap of repeated hospitalizations 
for ILD patients. Second, miscoding bias is expected 
since the NIS database entirely depends on ICD-9-CM 
and ICD-10-CM coding. For example, our data showed 
patients who were not diagnosed with respiratory failure 
but received MV. This can be explained by either mis-
coding or MV for elective procedures. To minimize the 
problem of ILD miscoding, we included cases with mul-
tiple ILD diagnoses in our analysis and subgroup analy-
sis. Third, the details on how GERD was diagnosed are 
not available. Fourth,  NIS database does not have base-
line pulmonary function tests, radiographic patterns, 
medications (immunosuppression or antifibrotic) used 
to treat ILD patients during hospitalization, and the pri-
mary diagnosis for admission (if it is related to respira-
tory failure or not). Finally, mechanical ventilation would 
complicate the results for patients with IPF since it is 
not recommended. The results of the IPF cohort analysis 
should be interpreted cautiously.

Conclusion
We developed and validated a model using a supervised 
method that investigates the prognostic role of GERD in 
a combined cohort of ILD-related hospitalizations. Our 
CART model suggested that diagnosis of GERD is asso-
ciated with mild ILD-related hospitalization but did not 
predict survival compared to patients who did not have 
GERD. Our study does not address whether anti-acid 
therapy impacts ILD-related hospitalization. We can-
not extend these results to the outpatient world. Further 
studies are needed to evaluate the relationship between 
GERD and ILD in the outpatient world.

Abbreviations
GERD  Gastroesophageal reflux disease
ILD  Interstitial lung disease
NIS  National Inpatient Sample
CART   Classification and regression tree
IPF  Idiopathic pulmonary fibrosis
CTD-ILD  Connective tissue diseases–ILD
HP  Hypersensitivity pneumonitis
RA-ILD  Rheumatoid arthritis-ILD
DMPM-ILD  Dermatomyositis/polymyositis-ILD

SSc-ILD  Scleroderma-ILD
RCT   Randomized controlled trials
SML  Supervised machine learning
AHRQ  Agency for Healthcare Research and Quality
ICD  International Classification of Diseases
COPD  Chronic obstructive pulmonary disease
OSA  Obstructive sleep apnea
HH  Hiatal hernia
LBMI  Low body mass index
pHTN  Pulmonary hypertension
PE  Acute pulmonary embolism
LTOT  Long term oxygen therapy
MV  Mechanical ventilation

Supplementary Information
The online version contains supplementary material available at https:// doi. 
org/ 10. 1186/ s12931- 023- 02407-4.

Additional file 1. Supplementary Materials.

Acknowledgements
None.

Author contributions
Conceptualization: (SA, BBL, JMO, ONO),literature search: (SA, BBL, JMO, ONO), 
figures(SA, BBL, JMO, ONO), study design (SA, BBL, JMO, ONO), investigation 
(SA, BBL, JMO, ONO), methodology (SA, BBL, JMO, ONO), formal analysis (SA, 
BBL, JMO, ONO), data interpretation (SA, BBL, JMO, ONO), and writing (SA, BBL, 
JMO, ONO). All authors read and approved the final manuscript.

Funding
None.

Availability of data and materials
The data that support the findings of this study are available on request from 
the corresponding author, [S.A.]. The data are publicly available: https:// www. 
hcup- us. ahrq. gov/ nisov erview. jsp.

Declarations

Ethics approval and consent to participate
Not applicable.

Consent for publication
Not applicable.

Competing interests
Not applicable.

Received: 29 November 2022   Accepted: 23 March 2023

References
 1. Travis WD, Costabel U, Hansell DM, King TE Jr, Lynch DA, Nicholson 

AG, Ryerson CJ, Ryu JH, Selman M, Wells AU, et al. An official American 
Thoracic Society/European Respiratory Society statement: Update of the 
international multidisciplinary classification of the idiopathic interstitial 
pneumonias. Am J Respir Crit Care Med. 2013;188:733–48.

 2. Maher TM, Bendstrup E, Dron L, Langley J, Smith G, Khalid JM, Patel H, 
Kreuter M. Global incidence and prevalence of idiopathic pulmonary 
fibrosis. Respir Res. 2021;22:197.

 3. Orlandi M, Landini N, Sambataro G, Nardi C, Tofani L, Bruni C, Bellando-
Randone S, Blagojevic J, Melchiorre D, Hughes M, et al. The role of chest 
CT in deciphering interstitial lung involvement: systemic sclerosis versus 
COVID-19. Rheumatology (Oxford). 2022;61:1600–9.

https://doi.org/10.1186/s12931-023-02407-4
https://doi.org/10.1186/s12931-023-02407-4
https://www.hcup-us.ahrq.gov/nisoverview.jsp
https://www.hcup-us.ahrq.gov/nisoverview.jsp


Page 11 of 11Alqalyoobi et al. Respiratory Research           (2023) 24:97  

•
 
fast, convenient online submission

 •
  

thorough peer review by experienced researchers in your field

• 
 
rapid publication on acceptance

• 
 
support for research data, including large and complex data types

•
  

gold Open Access which fosters wider collaboration and increased citations 

 
maximum visibility for your research: over 100M website views per year •

  At BMC, research is always in progress.

Learn more biomedcentral.com/submissions

Ready to submit your researchReady to submit your research  ?  Choose BMC and benefit from: ?  Choose BMC and benefit from: 

 4. Ghisa M, Marinelli C, Savarino V, Savarino E. Idiopathic pulmonary fibrosis 
and GERD: links and risks. Ther Clin Risk Manag. 2019;15:1081–93.

 5. Johannson KA, Strambu I, Ravaglia C, Grutters JC, Valenzuela C, Mogulkoc 
N, Luppi F, Richeldi L, Wells AU, Vancheri C, et al. Antacid therapy in idi-
opathic pulmonary fibrosis: more questions than answers? Lancet Respir 
Med. 2017;5:591–8.

 6. Ruaro B, Pozzan R, Confalonieri P, Tavano S, Hughes M, Matucci Cerinic 
M, Baratella E, Zanatta E, Lerda S, Geri P, et al. Gastroesophageal Reflux 
Disease in Idiopathic Pulmonary Fibrosis: Viewer or Actor? To Treat or Not 
to Treat? Pharmaceuticals (Basel). 2022;15:89.

 7. Luppi F, Kalluri M, Faverio P, Kreuter M, Ferrara G. Idiopathic pulmonary 
fibrosis beyond the lung: understanding disease mechanisms to improve 
diagnosis and management. Respir Res. 2021;22:109.

 8. Lee JS, Ryu JH, Elicker BM, Lydell CP, Jones KD, Wolters PJ, King TE Jr, 
Collard HR. Gastroesophageal reflux therapy is associated with longer 
survival in patients with idiopathic pulmonary fibrosis. Am J Respir Crit 
Care Med. 2011;184:1390–4.

 9. Kreuter M, Wuyts W, Renzoni E, Koschel D, Maher TM, Kolb M, Weycker D, 
Spagnolo P, Kirchgaessler KU, Herth FJ, Costabel U. Antacid therapy and 
disease outcomes in idiopathic pulmonary fibrosis: a pooled analysis. 
Lancet Respir Med. 2016;4:381–9.

 10. Costabel U, Behr J, Crestani B, Stansen W, Schlenker-Herceg R, Stowasser 
S, Raghu G. Anti-acid therapy in idiopathic pulmonary fibrosis: insights 
from the INPULSIS(R) trials. Respir Res. 2018;19:167.

 11. Raghu G, Remy-Jardin M, Richeldi L, Thomson CC, Inoue Y, Johkoh T, 
Kreuter M, Lynch DA, Maher TM, Martinez FJ, et al. Idiopathic Pulmonary 
Fibrosis (an Update) and Progressive Pulmonary Fibrosis in Adults: An 
Official ATS/ERS/JRS/ALAT Clinical Practice Guideline. Am J Respir Crit 
Care Med. 2022;205:e18–47.

 12. Alqalyoobi S, Liao SY, Qureshi W, Obi ON. National temporal trends in hos-
pitalization and inpatient mortality in patients with pulmonary sarcoido-
sis in the United States between 2007 and 2018. Chest. 2022;161:152–68.

 13. Shao T, Shi X, Yang S, Zhang W, Li X, Shu J, Alqalyoobi S, Zeki AA, Leung 
PS, Shuai Z. Interstitial lung disease in connective tissue disease: a com-
mon lesion with heterogeneous mechanisms and treatment considera-
tions. Front Immunol. 2021;12: 684699.

 14. Kuranishi LT, Leslie KO, Ferreira RG, Coletta EA, Storrer KM, Soares MR, de 
Castro Pereira CA. Airway-centered interstitial fibrosis: etiology, clinical 
findings and prognosis. Respir Res. 2015;16:55.

 15. HCUP NIS Database Documentation. Healthcare Cost and Utilization Pro-
ject (HCUP). https:// www. hcup- us. ahrq. gov/ db/ nation/ nis/ nisdb docum 
entat ion. jsp.

 16. HCUP Quality Control Procedures. Healthcare Cost and Utilization Project 
(HCUP). https:// www. hcup- us. ahrq. gov/ db/ quali ty. jsp.

 17. HCUP Tools and Software. Healthcare Cost and Utilization Project (HCUP). 
https:// www. hcup- us. ahrq. gov/ tools_ softw are. jsp.

 18. Elixhauser Comorbidity Software for ICD-10. Healthcare Cost and Utiliza-
tion Project (HCUP). https:// www. hcup- us. ahrq. gov/ tools softw are/ comor 
bidit yicd10/ comor bidity_ icd10. jsp.

 19. Elixhauser Comorbidity Software for ICD-9. Healthcare Cost and Utiliza-
tion Project (HCUP). https:// www. hcup- us. ahrq. gov/ tools softw are/ comor 
bidity/ comor bidity. jsp.

 20. Breiman LFJ, Olshen RA, Stone CJ. Classification and regression trees 
(Wadsworth statistics/probability). Boca Raton: Chapman & Hall; 1984.

 21. Saltelli A. Sensitivity analysis for importance assessment. Risk Anal. 
2002;22:579–90.

 22. Saltelli A, S. Tarantola, F. Campolongo, and M. Ratto.: Sensitivity Analysis in 
Practice – A Guide to Assessing Scientific Models. New York: Wiley.; 2004.

 23. Lunardon NMG, Torelli N. ROSE: a Package for Binary Imbalanced Learn-
ing. R Journal. 2014;6:82–92.

 24. R Development Core Team. R: a language and environment for statistical 
computing. Vienna, Italy: R Foundation for Statistical Computing; 2022.

 25. Valverde-Albacete FJ, Pelaez-Moreno C. 100% classification accuracy 
considered harmful: the normalized information transfer factor explains 
the accuracy paradox. PLoS ONE. 2014;9: e84217.

 26. Zhu X DI: Knowledge discovery and data mining: challenges and realities. 
In; 2007

 27. Chicco D, Jurman G. The advantages of the Matthews correlation coeffi-
cient (MCC) over F1 score and accuracy in binary classification evaluation. 
BMC Genomics. 2020;21:6.

 28. Martin MJ, Moua T. Mechanical Ventilation and Predictors of In-Hospital 
Mortality in Fibrotic Interstitial Lung Disease With Acute Respiratory 
Failure: A Cohort Analysis Through the Paradigm of Acute Respiratory 
Distress Syndrome. Crit Care Med. 2020;48:993–1000.

 29. Schrader M, Sathananthan M, Jeganathan N. Patients With Idiopathic 
Pulmonary Fibrosis Admitted to the ICU With Acute Respiratory Failure-A 
Reevaluation of the Risk Factors and Outcomes. J Intensive Care Med. 
2022;37:342–51.

 30. Raghu G, Pellegrini CA, Yow E, Flaherty KR, Meyer K, Noth I, Scholand MB, 
Cello J, Ho LA, Pipavath S, et al. Laparoscopic anti-reflux surgery for the 
treatment of idiopathic pulmonary fibrosis (WRAP-IPF): a multicentre, 
randomised, controlled phase 2 trial. Lancet Respir Med. 2018;6:707–14.

 31. Wong AW, Lee TY, Johannson KA, Assayag D, Morisset J, Fell CD, Fisher JH, 
Shapera S, Gershon AS, Cox G, et al. A cluster-based analysis evaluating 
the impact of comorbidities in fibrotic interstitial lung disease. Respir Res. 
2020;21:322.

 32. Tran T, Suissa S. The effect of anti-acid therapy on survival in idiopathic 
pulmonary fibrosis: a methodological review of observational studies. Eur 
Respir J. 2018;51:1800376.

 33. Walscher J, Gross B, Morisset J, Johannson KA, Vasakova M, Bruhwyler J, 
Kreuter M. Comorbidities and survival in patients with chronic hypersen-
sitivity pneumonitis. Respir Res. 2020;21:12.

 34. Alqalyoobi S, Adegunsoye A, Linderholm A, Hrusch C, Cutting C, Ma SF, 
Sperling A, Noth I, Strek ME, Oldham JM. Circulating Plasma Biomark-
ers of Progressive Interstitial Lung Disease. Am J Respir Crit Care Med. 
2020;201:250–3.

 35. Wijsenbeek M, Cottin V. Spectrum of Fibrotic Lung Diseases. N Engl J 
Med. 2020;383:958–68.

 36. Bowman WS, Newton CA, Linderholm AL, Neely ML, Pugashetti JV, Kaul B, 
Vo V, Echt GA, Leon W, Shah RJ, et al. Proteomic biomarkers of progressive 
fibrosing interstitial lung disease: a multicentre cohort analysis. Lancet 
Respir Med. 2022;10:593–602.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub-
lished maps and institutional affiliations.

https://www.hcup-us.ahrq.gov/db/nation/nis/nisdbdocumentation.jsp
https://www.hcup-us.ahrq.gov/db/nation/nis/nisdbdocumentation.jsp
https://www.hcup-us.ahrq.gov/db/quality.jsp
https://www.hcup-us.ahrq.gov/tools_software.jsp
https://www.hcup-us.ahrq.gov/toolssoftware/comorbidityicd10/comorbidity_icd10.jsp
https://www.hcup-us.ahrq.gov/toolssoftware/comorbidityicd10/comorbidity_icd10.jsp
https://www.hcup-us.ahrq.gov/toolssoftware/comorbidity/comorbidity.jsp
https://www.hcup-us.ahrq.gov/toolssoftware/comorbidity/comorbidity.jsp

	The prognostic value of gastroesophageal reflux disorder in interstitial lung disease related hospitalizations
	Abstract 
	Background 
	Methods 
	Findings 
	Interpretations 

	Introduction
	Methods
	Database
	Case definition
	Outcomes
	Statistical analysis
	Variables selection
	CART analysis
	Additional analysis


	Results
	Baseline characteristics
	Univariable logistic regression
	Training and validation datasets and handling imbalanced outcome data
	CART analysis
	Model performance and predictor importance:
	Additional analysis

	Discussion
	Conclusion
	Anchor 25
	Acknowledgements
	References


