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Background: Despite the known increased mortality of chronic obstructive pulmonary disease (COPD) patients in the intensive care 
unit (ICU), robust tools for early risk stratification are limited.
Methods: A total of 1817 patients with critical care COPD were retrospectively identified from the Medical Information Mart for 
Intensive Care IV (MIMIC-IV) database and randomly split into training and validation cohorts. Least absolute shrinkage and selection 
operator (LASSO) and Boruta algorithms were used for variable selection. Cox regression, restricted cubic splines (RCS), and Kaplan– 
Meier survival analyses with Log rank tests were performed, followed by construction of a nomogram. The nomogram was validated 
using the C-index, receiver operating characteristic (ROC) analysis, and calibration curves, and its clinical utility was assessed using 
decision curve analysis (DCA).
Results: RCS and Kaplan–Meier analysis substantiated that patients with high Albumin-Corrected Anion Gap (ACAG) levels had 
significantly higher 28-day mortality. A nomogram was constructed using 12 predictors identified by combining a statistical learning 
method (LASSO) and a machine learning algorithm (Boruta). The model demonstrated strong discrimination, with C-indices of 0.747 
and 0.766, and area under the curve (AUC) values of 0.772 (95% CI: 0.742–0.801) and 0.795 (95% CI: 0.752–0.838) in the training 
and validation cohorts, respectively. Multivariable Cox regression confirmed the nomogram as a useful predictor of mortality both in 
the training cohort and the validation cohort.
Conclusion: This study established ACAG as an independent predictor of 28-day mortality in COPD patients from ICU. The 
presented nomogram demonstrated robust performance upon internal validation, offering a practical tool for risk stratification.
Keywords: chronic obstructive pulmonary disease, albumin-corrected anion gap, machine learning, nomogram

Introduction
Chronic obstructive pulmonary disease (COPD) is a common respiratory disease marked by persistent, typically 
progressive airflow limitation that results from an enhanced chronic inflammatory response in the lungs to inhaled 
noxious particles, such as tobacco smoke and pollutants.1,2 As a major public health concern, COPD affected an 
estimated 10.3% of the global population aged 30–79 in 2019, accounting for approximately 3.197 million fatalities.3,4 

This substantial disease burden underpinned its recognition as the world’s fourth leading cause of death in 2021, and it 
continues to impose a severe socioeconomic burden worldwide.5,6 Evidence also indicates that comorbid COPD 
increases 28-day ICU mortality, a risk that is especially elevated in cardiac surgery recovery unit patients.7 Therefore, 
there is an urgent need for further research to elucidate the underlying mechanisms and establish a nomogram for 
improved mortality prediction.
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Anion gap (AG), a widely used and economical indicator, is derived by subtracting the combined concentrations of 
chloride and bicarbonate from the sodium concentration in a routine electrolyte panel. It provides crucial clues for 
identifying acid-base disturbances, certain hematologic cancers, and intoxications.8 Albumin, a conventional indicator of 
malnutrition, is defined as a negative acute-phase protein that binds numerous inflammatory mediators, thereby regulat
ing oxidative stress during inflammatory responses.9,10 Previous researches have revealed that AG is associated with 
a spectrum of conditions, including sepsis and various cardiovascular diseases.11–13 However, in critically ill patients, 
hypoalbuminemia is highly prevalent, which complicates the interpretation of acid-base data by masking the diagnosis of 
acidosis and potentially leading to false-negative results.14 Consequently, unlike the ordinary anion gap level which does 
not account for albumin, the albumin-corrected anion gap (ACAG) provides a more accurate reflection of the acid-base 
status and offers superior predictive performance for mortality in ICU patients with COPD. Although ACAG has been 
shown to predict mortality in ICU patients with COPD, no nomogram incorporating this index is currently available for 
clinical use.

To build a clinically interpretable yet robust model incorporating the ACAG, we adopted a hybrid machine learning 
and traditional regression approach. Specifically, Boruta and Least absolute shrinkage and selection operator (LASSO) 
were used for feature selection to handle high-dimensional data and reduce overfitting, while logistic regression was 
applied to construct a nomogram for clinical usability. This retrospective study enrolled 1817 intensive care unit (ICU) 
patients with COPD from the Medical Information Mart for Intensive Care IV (MIMIC-IV, version 2.2) database. The 
objectives of this study are to evaluate the ability of ACAG to predict mortality and to develop a prognostic nomogram 
that incorporates ACAG and other independent risk factors for estimating 28-day mortality.

Methods
Data Sources
The data for this analysis were sourced from the MIMIC-IV database, a publicly available, critical care database 
containing information for patients admitted to the Beth Israel Deaconess Medical Center from 2008 to 2019.15 Due 
to the de-identified nature of the patient data used in this retrospective study, the need for obtaining informed consent was 
waived by the institutional ethical review board. The first author (Kelan Zhao) completed and passed the Collaborative 
Institutional Training Initiative program (ID: 11773736) and obtained all data for this study.

Study Population
The initial patient pool with COPD was selected using the International Classification of Diseases, Ninth and Tenth 
Revisions (ICD-9 and ICD-10) (code = 49,120, 49,121, 49,122, 496, J44, J440, J441 and J449).16 This cohort was further 
refined by applying the following exclusion criteria: age < 18 years, ICU length of stay < 24 hours, and non-first ICU 
admissions. Subsequent exclusion of individuals with missing admission ACAG data resulted in a final study population 
of 1817 patients. (Figure 1).

Data Extraction
Data extraction from the MIMIC-IV database was performed using PostgreSQL tool (version 15.3). ACAG was defined 
by the formula: ACAG = AG (mmol/L) + {4.4-[albumin(g/dL)]}×2.5.17 Only data collected within the initial 24-hour 
period following admission were included in the analysis. We also extracted the data of demographic information [age, 
gender, ethnicity], vital signs [heart rate (HR), mean blood pressure (MBP), respiratory rate (RR), temperature, pulse 
oximetry-derived oxygen saturation (SPO2)], laboratory data [albumin, anion gap, bicarbonate, blood urea nitrogen 
(BUN), calcium, chloride, creatinine, glucose, hematocrit, hemoglobin, platelet, white blood cell (WBC), partial pressure 
of arterial oxygen (PaO2), partial pressure of arterial carbon dioxide (PaCO2)], comorbidity diseases (congestive heart 
failure, diabetes, myocardial infarction, malignant cancer, renal disease), scoring systems [Sequential Organ Failure 
Assessment (SOFA) score, Oxford Acute Severity of Illness Score (OASIS)], and mechanical ventilation (MV) use 
during the ICU stay. We defined the primary endpoint as 28-day all-cause mortality following ICU admission in the 
COPD cohort.
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Management of Missing Data and Outliers
Missing data were addressed by excluding variables with > 15% missing values. For retained variables, mean 
imputation (< 5% missing) or multiple imputation (5–15% missing) was performed. Continuous variables were then 
trimmed at the 1st and 99th percentiles using the “winsor2” function in STATA software (version 17.0) to limit the 
impact of outliers.

Statistical Analysis
The distribution of continuous variables was determined with the Kolmogorov–Smirnov test. Accordingly, normally 
distributed data were analyzed using the independent t-test and are presented as mean ± standard deviation, whereas non- 
normal data were analyzed with the Kruskal–Wallis test and are summarized as median and interquartile range. 
Categorical variables are expressed as numbers (%) and were compared using the chi-square test.

The optimal cut-off value for ACAG was determined using X-tile software (version 3.6.1), and patients were 
subsequently stratified into high-G and low-G groups. The overall cohort was randomly divided into a training cohort 
(70%) for model development and a validation cohort (30%) for testing. LASSO and Boruta algorithms were applied for 
feature selection. Independent prognostic factors were then incorporated into a Cox proportional hazards model, and non- 
linear relationships were assessed using restricted cubic splines (RCS) implemented with the rms package in R. The 
proportional hazards assumption was tested using Schoenfeld residuals and was satisfied (global P = 0.112). Kaplan– 
Meier survival analyses with Log rank tests were performed to compare outcomes between the high- and low-ACAG 
groups. A nomogram was subsequently developed, whose performance was assessed via the C-index, receiver operating 
characteristic (ROC) analysis, calibration curves, and decision curve analysis (DCA).

Figure 1 Flowchart of patient selection. 
Abbreviations: MIMIC-IV, Medical Information Mart for Intensive Care IV; ICU, intensive care unit; COPD, chronic obstructive pulmonary disease; ACAG, albumin- 
corrected anion gap.

International Journal of Chronic Obstructive Pulmonary Disease 2026:21                                                https://doi.org/10.2147/COPD.S616965                                                                                                                                                                                                                                                                                                                                                                                                       3

Zhao et al

Powered by TCPDF (www.tcpdf.org)Powered by TCPDF (www.tcpdf.org)



All statistical analyses were performed with a two-sided significance level of P < 0.05. The software utilized included 
X-tile, STATA, SPSS (version 22.0), R (version 2.15.3), and GraphPad Prism (version 10.0) for data analysis and figure 
generation.

Results
Baseline Characteristics
Based on the predefined criteria (Figure 1), 1817 patients from the MIMIC-IV database were deemed eligible for 
analysis. The prognostic cut-off for ACAG, established by X-tile software, was 20.8 (Figure 2). The overall cohort had 
a mean age of 70 years and was 54.43% male, and comprised 68.96% White patients. Patients were randomly stratified 
into a training cohort (n=1271) and a validation cohort (n=546) at a 7:3 ratio. The baseline characteristics were balanced 
between these cohorts (all P > 0.05) and are presented in Table 1.

Figure 2 Cut-off value of ACAG for 28-day mortality in patients with COPD calculated using X-tile. 
Abbreviation: ACAG, albumin-corrected anion gap.

Table 1 Descriptions of the Characteristics of ICU Patients with COPD

Variable Training 
Cohort (N = 1271)

Validation 
Cohort (N = 546)

Total 
(N = 1817)

P - value

Demographics

Age (years) 71 (61, 79) 70 (62, 78) 70 (62, 79) 0.720

Gender (%) 0.984

Male 692 (54.45) 297 (54.40) 989 (54.43)

Female 579 (45.55) 249 (45.60) 828 (45.57)

Ethnicity (%) 0.506

White 887 (69.79) 366 (67.03) 1253 (68.96)

Black 65 (5.11) 31 (5.68) 96 (5.28)

Other 319 (25.10) 149 (27.29) 468 (25.76)

(Continued)
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Table 1 (Continued). 

Variable Training 
Cohort (N = 1271)

Validation 
Cohort (N = 546)

Total 
(N = 1817)

P - value

Vital signs

HR (beats/min) 86.39 (75.43, 98.56) 86.36 (75.48, 98.47) 86.39 (75.46, 98.56) 0.811

MBP (mmHg) 75.36 (69.12, 83.54) 75.80 (69.85, 83.42) 75.52 (69.46, 83.47) 0.322

RR (beats/min) 19.87 (17.44, 22.39) 19.75 (17.34, 22.81) 19.82 (17.43, 22.5) 0.535

Temperature (°C) 36.83 (36.60, 37.09) 36.82 (36.59, 37.07) 36.83 (36.6, 37.09) 0.639

SpO2 (%) 96.31 (94.76, 97.75) 96.40 (94.64, 97.78) 96.33 (94.75, 97.76) 0.713

Laboratory events

Albumin (g/dL) 3.3 (2.8, 3.7) 3.3 (2.8, 3.7) 3.3 (2.8, 3.7) 0.461

Anion gap (mEq/L) 17 (14, 20) 16.5 (14, 19) 17 (14, 20) 0.525

Bicarbonate (mEq/L) 25 (22, 28) 25 (22, 28) 25 (22, 28) 0.496

BUN (mg/dL) 27 (18, 45) 27 (18, 47) 27 (18, 46) 0.255

Calcium (mg/dL) 8.59 (8, 9) 8.6 (8.1, 9.1) 8.59 (8.1, 9.1) 0.228

Chloride (mEq/L) 104.60 ± 6.60 104.57 ± 6.59 104.59 ± 6.60 0.966

Creatinine (mg/dL) 1.2 (0.8, 1.9) 1.2 (0.9, 2) 1.2 (0.8, 2) 0.183

Glucose (mg/dL) 153 (121, 205) 152 (122, 212) 153 (122, 208) 0.553

Hematocrit (%) 34.6 (30.2, 39.6) 34.7 (31, 39.5) 34.6 (30.5, 39.6) 0.443

Hemoglobin (g/dL) 11.2 (9.7, 12.9) 11.3 (9.9, 12.7) 11.2 (9.8, 12.8) 0.468

Platelets (K/uL) 215 (152, 290) 213 (145, 281) 214 (151, 288) 0.146

WBC (K/uL) 13.2 (9.4, 18.6) 13 (9.2, 17.6) 13.1 (9.3, 18.4) 0.124

ACAG 19.5 (16.75, 22.5) 19.5 (16.75, 22.25) 19.5 (16.75, 22.25) 0.515

Comorbidities

CHF (%) 555 (43.67) 255 (46.70) 810 (44.58) 0.232

Diabetes (%) 433 (34.07) 178 (32.60) 611 (33.63) 0.544

MI (%) 304 (23.92) 135 (24.73) 439 (24.16) 0.713

Malignant cancer (%) 199 (15.66) 88 (16.12) 287 (15.80) 0.805

Renal disease (%) 318 (25.02) 136 (24.91) 454 (24.99) 0.960

Treatment

MV (%) 627 (49.33) 283 (51.83) 910 (50.08) 0.328

Scoring system

SOFA 5 (3, 8) 6 (3, 9) 5 (3, 8) 0.103

OASIS 34 (28, 40) 34 (28, 40) 34 (28, 40) 0.358

Abbreviations: HR, heart rate; MBP, mean blood pressure; RR, respiratory rate; SpO2, pulse oximetry-derived oxygen 
saturation; BUN, blood urea nitrogen; WBC, white blood cell count; ACAG, albumin-corrected anion gap; CHF, congestive 
heart failure; MI, myocardial infarction; SOFA, sequential organ failure assessment; OASIS, oxford acute severity of illness score.
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LASSO Regression Analysis and Boruta Algorithm
Candidate predictors were screened using LASSO logistic regression. Applying the one-standard-error criterion for 
optimal regularization (λ = 0.032) selected 12 features with non-zero coefficients: ACAG, race, age, mechanical 
ventilation, malignant cancer, WBC, bicarbonate, BUN, HR, MBP, RR, and temperature (Figure 3A). Subsequently, 
these candidate variables were subjected to the Boruta algorithm for feature selection. The Boruta algorithm supported 
the importance of all 12 candidate variables (Figure 3B).

Figure 3 Feature selection by LASSO regression and Boruta algorithm. (A) LASSO regression. (B) Boruta algorithm: Green - confirmed variables; Red - rejected variables; 
Yellow - tentative variables; Blue - shadow variables used as reference.
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Cox Regression Analysis and RCS Analysis
ACAG was a consistent independent predictor of 28-day mortality across Cox regression analysis (Table 2). In the 
unadjusted Cox model, ACAG was associated with 28-day mortality of patients with COPD (training cohort: HR = 
2.404, 95% CI: 1.915–3.019, P < 0.001; validation cohort: HR = 1.944, 95% CI: 1.407–2.687, P < 0.001). In Lasso- 
Boruta Model, after adjusting for race, age, mechanical ventilation, malignant cancer, WBC, bicarbonate, BUN, HR, 
MBP, RR, and temperature, ACAG remained significantly relating to the 28-day mortality (training cohort: HR = 1.536, 
95% CI: 1.177–2.004, P = 0.002; validation cohort: HR = 1.642, 95% CI: 1.118,2.410, P = 0.011).

The RCS analysis revealed a statistically significant non-linear relationship between the G index and mortality risk 
(P < 0.001). The curve demonstrated a monotonically increasing pattern: using an ACAG level of 19.50 as the reference, 
the hazard ratio remained close to 1.00 at lower values and gradually reached 2.00 at an ACAG level of 27.08. The slope 
became slightly less steep after an ACAG level of approximately 25, but the risk continued to rise progressively without 
plateaus (Figure 4).

Survival Analysis
Comparison of 28-day survival via the Kaplan–Meier method with Log rank test (Figure 5) revealed a significant 
association between elevated ACAG levels and increased mortality in the training cohort (P < 0.001). This significant 
association persisted in the validation cohort (P < 0.001).

Construction and Validation of Nomogram
Twelve predictors were jointly identified by LASSO regression and Boruta algorithm, and then incorporated into 
a nomogram to visualize the predictive model (Figure 6). By simply summing the points from each predictor axis and 
projecting the total to the bottom scale, clinicians can use this nomogram to estimate an individual’s 28-day mortality 
probability.

The nomogram demonstrated robust predictive performance upon internal validation. In the training cohort, the model 
achieved a C-index of 0.747 (95% CI: 0.734–0.76) and an area under the curve (AUC) of 0.772 (95% CI: 0.742–0.801) 
for 28-day mortality, while in the validation cohort, it achieved a C-index of 0.766 (95% CI: 0.747–0.785) and an AUC 
of 0.795 (95% CI: 0.752–0.838), indicating good discriminative capacity (Figure 7A and B). Furthermore, calibration 
was evaluated using 1000 bootstrap resamples, with curves showing excellent agreement between predictions and 
observations, confirming the model’s clinical utility (Figure 7C and D). The clinical utility of the survival nomogram 
was further confirmed by DCA across both the training and validation cohorts (Figure 7E and F).

Discussion
COPD is a prevalent respiratory disorder and a leading cause of death worldwide, posing a substantial clinical and 
economic burden.5,6 Patients with COPD are at increased risk of major adverse cardiac events (MACE) and experience 
higher 28-day mortality in the intensive care unit.7,18 These factors underscore the urgent need for reliable prognostic 
tools to guide clinical management and risk stratification.

Table 2 Cox Regression Analysis of the Associations Between ACAG and 28-Day 
Mortality

Training Cohort Validation Cohort

HR 95% CI P HR 95% CI P

Crude Model 2.404 (1.915,3.019) <0.001 1.944 (1.407,2.687) <0.001

Lasso-Boruta Model 1.536 (1.177,2.004) 0.002 1.642 (1.118,2.410) 0.011

Notes: Crude Model: Unadjusted. Lasso-Boruta Model: Adjusted for race, age, mechanical ventilation, 
malignant cancer, WBC, bicarbonate, BUN, heart rate, MBP, RR, and temperature. 
Abbreviations: HR, hazard ratio; 95% CI, 95% confidence index; WBC, white blood cell; BUN, blood urea 
nitrogen; MBP, mean blood pressure; RR, respiratory rate.
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Figure 5 (A) Kaplan–Meier curve of high and low ACAG groups in training cohort (log-rank P < 0.001). (B) Kaplan–Meier curve of high and low ACAG groups in validation 
cohort (log-rank P < 0.001). 
Abbreviation: ACAG, albumin-corrected anion gap.

Figure 4 Restricted cubic spline (RCS) analysis of ACAG for 28-day mortality. 
Abbreviation: ACAG, albumin-corrected anion gap.
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Accumulating evidence supports the prognostic value of ACAG in diverse critically ill populations, such as 
cardiovascular diseases, acute kidney injury, and sepsis.19–22 The nomogram, as a user-friendly graphical tool, has 
been widely adopted for predicting disease outcomes.23,24 In this study, we integrated ACAG with other clinical 
indicators to develop a nomogram, which demonstrated excellent performance in predicting 28-day hospital mortality 
among ICU patients comorbid COPD.

Our analysis revealed that a high ACAG level was a significant predictor of 28-day mortality in ICU patients with 
COPD. Based on this finding, we developed and validated a prognostic nomogram that incorporated ACAG, race, age, 
mechanical ventilation, malignant cancer, WBC, bicarbonate, BUN, HR, MBP, RR, and temperature. The model held 
excellent accuracy for predicting 28-day mortality, showing stable and reliable performance upon validation in an 
independent cohort. Based on the RCS analysis, an ACAG level above 27.08 corresponded to a two-fold increase in 
mortality risk (HR = 2.00). Thus, we propose that patients with an ACAG level exceeding 27.08 may be considered 
a high-risk subgroup for clinical purposes, warranting more intensive monitoring and earlier intervention.

The relationship between high ACAG levels and adverse prognosis in COPD is multifaceted. A key component is its 
reflection of metabolic acidosis, frequently due to lactate accumulation.19 Our earlier research characterized critically ill 
COPD patients as commonly presenting with increased lactate levels in both arterial and venous systems, a metabolic 
disturbance that aligns with the prognostic role of ACAG observed in the present study.16 Notably, pulmonary-derived 
lactate is likely a primary contributor to systemic hyperlactatemia in this population. The level of this pulmonary lactate 
release is positively associated with the severity of lung injury.25,26 This pathological pathway can be further exacerbated 

Figure 6 The nomogram for prediction of 28-day mortality in patients with COPD. 
Abbreviations: ACAG, albumin-corrected anion gap; WBC, white blood cell; BUN, blood urea nitrogen; HR, heart rate; MBP, mean blood pressure; RR, respiratory rate.
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Figure 7 Validation of the predictive model and the decision curve analysis (DCA). (A and B) Receiver operating characteristic (ROC) curves in the training cohort and the 
validation cohort, demonstrating the superior performance of the predictive model compared to sequential organ failure assessment (SOFA) score and Oxford acute 
severity of illness score (OASIS). (C and D) Calibration curves of the predictive model for the training and validation cohorts, respectively. (E and F) DCA for the predictive 
model in the training and validation cohorts, respectively. 
Abbreviations: AUC, area under the curve; SOFA, sequential organ failure assessment; OASIS, oxford acute severity of illness score.
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by concurrent systemic inflammation and tissue hypoxia.27 This disturbance in acid-base homeostasis compromises 
fundamental cellular functions and metabolic processes, promoting progressive tissue damage. Furthermore, in the 
critical care setting, acid-base disorders in patients are commonly driven by relative hypoxia.28 Crucially, both 
compensated and uncompensated respiratory acidosis can lead to a decline in pulmonary function and confer a higher 
mortality risk, especially in COPD patients.29,30

However, the assessment of acid-base status is complex and influenced by numerous factors.31 Albumin, the major 
negatively charged plasma protein, exerts an alkalinizing effect. Consequently, hypoalbuminemia can mask true eleva
tions in unmeasured anions, thereby obscuring metabolic disorders.14 ACAG corrects for this confounding variable, 
providing a more accurate reflection of the metabolic state. Furthermore, incorporating albumin also allows for 
a concurrent assessment of nutritional status, which enhances the practical utility and clinical relevance of the model.

Derived from routine laboratory data, ACAG provides an integrated assessment of acid-base homeostasis, inflam
matory status, lung injury, and nutritional status. In contrast to complex scoring systems, the ACAG-based nomogram is 
easy to calculate. It enables the early and efficient identification of patients with high mortality risk and may potentially 
improve early intervention and ICU resource allocation.

This study has several limitations. Our use of a single ACAG value obtained early in the ICU admission does not 
account for its potential temporal variation, a factor that might influence the precision of mortality risk prediction. 
Patients with missing ACAG values were excluded without a formal comparison of included versus excluded patients. 
This nomogram was not compared with existing COPD-specific severity scores. The binary HR simplifies the non-linear 
relationship between ACAG and mortality risk demonstrated by the RCS analysis. Although chosen for clinical utility, 
this single HR should be interpreted with caution. In addition, we note that external validation in independent cohorts is 
required before clinical adoption of our model.

Conclusion
In conclusion, this study established ACAG as an independent predictor of 28-day mortality in ICU patients with COPD, 
defining an optimal cut-off value of 20.8; levels above this threshold signified a significantly higher risk of death. 
Moreover, we constructed a nomogram incorporating ACAG, race, age, mechanical ventilation, malignant cancer, WBC, 
bicarbonate, BUN, HR, MBP, RR, and temperature. This retrospective MIMIC-IV-based model demonstrated robust 
performance across both training and validation cohorts and exhibited promising clinical utility for risk stratification, 
pending external validation in independent cohorts before clinical adoption.
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