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Abstract 

This study aimed to evaluate the performance of machine learning models for predicting 

readmission of patients with Chronic Obstructive Pulmonary Disease (COPD) based on 

administrative data and chart review data. The study analyzed 4,327 patient encounters from the 

University of Chicago Medicine to assess the risk of readmission within 90 days after an acute 

exacerbation of COPD. Two random forest prediction models were compared. One was derived 

from chart review data, while the other was derived using administrative data. The data were 

randomly partitioned into training and internal validation sets using a 70%/30% split. The two 

models had comparable accuracy (administrative data AUC = 0.67, chart review AUC = 0.64). 

These results suggest that despite its limitations in precisely identifying COPD admissions, 

administrative data may be useful for developing effective predictive tools and offer a less labor-

intensive alternative to chart reviews. 
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Introduction 
 
Chronic obstructive pulmonary disease (COPD) is a leading cause of mortality and costs the US 

healthcare system nearly $50 billion annually.(1) Hospital admissions for acute exacerbations of 

COPD (AECOPD) drive many of these costs.(2) Patients with COPD are frequently 

readmitted,(3,4) of which many may be preventable by improving care quality and implementing 

care transition interventions.(5,6) Preventable readmissions are a focus of the Centers for 

Medicare & Medicaid Services’ Hospital Readmissions Reduction Program (HRRP) that 

financially penalties hospitals for excessive 30-day readmissions including COPD. Despite 

HRRP galvanizing hospital AECOPD reduction efforts,(6–9) more evidence is required on 

which interventions reduce AECOPD readmissions and how to effectively target interventions to 

high-risk patients.(10–14) 

 

One method of reducing preventable AECOPD readmissions is to identify patients with high 

readmission risk to provide them with targeted readmission prevention interventions. Both 

general and COPD-specific tools readmission risk prediction exist.(15,16) However, most 

available prediction tools are derived from datasets using International Classification of Disease, 

Ninth Revision, Clinical Modification (ICD-9-CM), or Tenth Revision, Clinical Modification 

(ICD-10-CM) billing codes to identify patients with AECOPD. (17–20) However, billing codes 

have low sensitivity (12-25%) for accurately identifying AECOPD.(21) Thus, many patients 

hospitalized for AECOPD may not be included in administrative datasets built using ICD codes. 

It is possible that COPD readmission prediction tools derived from administrative data are 

limited by the low sensitivity of ICD codes.  
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To improve the accuracy for identifying admissions for AECOPD, a more rigorous alternative 

could be to use manual chart review. Therefore, we aimed to determine if a COPD readmission 

risk tool derived from a chart-reviewed dataset of patients hospitalized for AECOPD would be 

more accurate than a previously published 90-day COPD readmission risk tool derived from a 

large administrative dataset.  

 

Methods 

Study Population 

Individuals hospitalized at the University of Chicago Medicine (UCM) from November 7, 2008, 

to December 31, 2018, who were 18 years or older at admission with one or more complete set 

of vital signs recorded were eligible from which 5,000 patient encounters were randomly 

selected for manual chart review if patients were aged 40 years or older and either had: 1) a 

diagnosis code listed under Clinical Classification Software (CCS) category 127, 128, or 131 or 

2) the patient had received both nebulizer treatment and oral steroids (>5 to 100mg prednisone 

and/or >0 to 125mg methylprednisolone) during their stay. CCS category 127 includes the 

following ICD-9-CM codes: 490, 491.0 through 91.22, 491.8, 491.9, 492.0, 492.8, 494, 494.0, 

494.1, and 496. CCS category 128 includes the following ICD-9-CM codes: 493. CCS category 

131 includes the following ICD-9 codes: 518. Any encounters originally coded in ICD-10-CM 

were converted to their ICD-9-CM equivalents to align with the CCS category. We excluded 

patients who died during the index admission from both the administrative and chart review 

cohorts to address the competing risk of death and avoid any confounding in the model's 
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prediction of 90-day readmission. The 90-day readmission timeframe was initially selected in 

our original prediction model study20 hence to maintain consistency and enable direct 

comparison between the administrative data cohort and the chart review cohort, we retained this 

90-day timeframe in the current study. University of Chicago Institutional Review Board 

(IRB#17-0332) approved the study. 

Chart Reviews and Data Collection 

A retrospective manual chart review was conducted on the 5,000 randomly selected patient 

encounters. Trained personnel used a standardized extraction guide to assess encounters (MH, 

MB). The primary purpose of admission was evaluated to determine the likelihood that 

hospitalization was due to AECOPD using a 5-point Likert scale: definitely not, unlikely, 

possibly, probably, or definitely. Scores were assigned based on patients’ primary and secondary 

diagnoses at admission and the medications administered. To ensure consistency among 

reviewers, Cohen’s kappa statistic was calculated to assess inter-reviewer reliability across 30 

charts reviewed by both extractors (MH, MB). Clinical data for encounters rated as “probably” 

or “definitely” AECOPD, were extracted from the University of Chicago Clinical Data 

Warehouse including last recorded vital signs and labs prior to discharge, medications, among 

others. Patient comorbidity burden was assessed using the Agency for Healthcare Research and 

Quality Elixhauser Comorbidity Index.(22) 

 

Model Derivation and Validation 

The data were randomly partitioned into training and internal validation sets using a 70%/30% 

split. A random forest model, a machine learning algorithm that builds an ensemble of decision 
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trees and merges them for more accurate and stable prediction,(23) was used to predict all-cause 

readmission within 90 days of index AECOPD admission from the chart reviewed population. 

Because tree-based machine learning models tend to have decreased accuracy with highly 

imbalanced data (e.g., when there are significantly more non-readmission than readmission 

cases), we matched each readmitted patient to a randomly selected non-readmitted patient to 

create a balanced dataset for model derivation. This 50/50 split helps ensure the model can 

equally prioritize both outcomes and improve its sensitivity in detecting readmissions.” Model 

predictors included demographic information, length of stay, comorbidities, vitals, and lab 

results, validated in a previously published paper for an administrative data model.(20) 

(Appendix Table 1) Our analysis revealed missing data for several numeric predictors, 

including particularly high rates for blood gas measurements (Appendix Table 2). Because our 

tree-based machine learning model required a complete dataset for training and prediction, we 

implemented a median imputation process. For any missing numeric predictor, including blood 

gases, we calculated the median discharge value across all eligible COPD encounters and 

imputed this value for encounters with missing data. In the validation dataset, we evaluated the 

performance of two distinct random forest models. One model had been previously developed 

using administrative data for predicting readmissions after COPD admissions. Our previously 

published machine learning algorithm reported an area under the receiver operating characteristic 

curve (AUROC) of 0.69, which compared favorably to other readmission prediction tools.(17–

19,22) This administrative data-derived model and the model developed from chart review data 

were both assessed on the chart review-based validation dataset to compare their predictive 

accuracies. The DeLong test was used to compare performances of the chart review model with 
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the administrative data model when assessed on the same test set of COPD patients identified 

through chart review.(24) Model calibration was assessed using c-statistic and Brier score.  

Results 

Patient population 

Of the 4,327 eligible patient encounters that were manually chart reviewed, 448 were determined to be 

patients with a true index admission for AECOPD (12%). (Figure 1) Of the first 30 charts reviewed by 

both reviewers there was agreement that an encounter should be included for 29 of 30 charts. This 

resulted in a two-category Kappa of 0.889. Most of the patients were female (63%) and identified as 

Black (88%). The mean age for the patients was 63 years, and the patients had a median length of stay of 

five days. The mean Elixhauser Comorbidity Index in our chart review cohort was 11. In our chart review 

cohort, 39% (174) of the patients experienced 90-day readmission. There were no significant 

differences in race (readmission: 89% Black vs. no readmission: 87% Black, p=0.4) or mean age 

(readmission: 62 years vs. no readmission: 64 years, p=0.1) between patients who experienced 

90-day readmission and those who did not. Patients who experienced readmission had a 

significantly higher Elixhauser Comorbidity Index (readmission: 13 vs. no readmission: 10, 

p=0.03). (Table 1) 

 

Chart Review vs. Administrative Data Readmission Prediction Model 

The random forest model trained using administrative data performed comparably to the model 

trained on chart review identified patients (administrative data AUC = 0.67 (95% CI: 0.57 – 

0.77), chart review AUC = 0.64 (95% CI: 0.54 – 0.75); p=0.7). (Figure 2) The Area Under the 

Precision-Recall Curve (AUPRC) for the administrative data model was 0.64, while for the chart 

review model it was 0.54 in the internal validation cohort. At 93% specificity, the model trained 
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on administrative data demonstrated a sensitivity and positive predictive value (PPV) of 29% and 

79% respectively. In contrast, the model trained on chart review data showed a sensitivity and 

PPV of 16% and 62% respectively. Both models show some degree of miscalibration, with the 

administrative model performing slightly better in terms of discrimination (higher c-statistic). 

However, both models exhibit calibration issues, particularly in the higher predicted probability 

ranges, with the chart review model showing more significant calibration problems in mid-range 

probabilities. The Brier scores for the administrative data and chart review models are 0.21 and 

0.22, respectively, indicating that the administrative data model has slightly better calibration 

and more accurate probabilistic predictions overall compared to the chart review model. (Figure 

3, Figure 4). 

 

Conclusion 

Our analysis demonstrated that using chart review data to identify patients with COPD 

readmissions was not superior to using administrative data when identifying and training 

readmission prediction tools for patients with COPD. While the models based on both 

administrative and chart review data demonstrated moderate performance, with AUC values 

below the optimal threshold for clinical prediction tools, they still provided valuable insights into 

readmission risk. Despite the limitations of administrative billing codes in accurately identifying 

causes of hospital admissions/readmissions, our analysis suggests that billing codes may be 

sufficient for developing tools to predict future readmission risk for patients with COPD. Given 

the labor-intensive nature of chart review, our study provides evidence supporting the use of 

billing codes to develop readmission prediction tools from large administrative databases.  
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A key limitation of this study is the possibility of missed readmissions if patients were admitted 

to another health system outside of our dataset. This may have resulted in underreporting of 

readmission events, potentially impacting the model’s predictive accuracy. Another important 

limitation of our study is that patients who died after discharge but before a potential readmission 

were coded as not readmitted, without accounting for death as a competing risk. However, this 

approach aligns with how readmissions are typically counted in real-world data analyses and 

hospital penalty programs. Additionally, this study includes restriction of variables used in model 

development to those acquirable in both administrative and chart-reviewed datasets. While this 

approach allowed for a simple comparison of readmission prediction models trained on the same 

variables, it limited the use of other information available in the electronic health record (EHR) 

that may not have been extractable from administrative data. This includes pulmonary function 

tests often reported in documents (not discrete data), disease onset, and smoking status, among 

other potentially relevant clinical data. The absence of these variables, particularly smoking 

status which is known to be associated with COPD outcomes, may limit our model's accuracy 

and generalizability. Additionally, the exclusion of social determinants of health (SDOH)—such 

as socioeconomic status, access to healthcare, and housing stability—may further limit the 

predictive power of the model, as these factors are known to influence COPD readmission risk.  

 

The use of this additional data when manually chart reviewing the EHR may allow for the 

inclusion of clinical data that is more predictive of future readmission. Additionally, there may 

be synergistic benefits in identifying patients with high risk of future readmission when 
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combining clinical data from chart review with administrative data that was not observed in our 

study due to our methodology.(25) One additional limitation of our study was the small outcome 

sample size for the two models, which is something that future work with expanded datasets may 

seek to address. Furthermore, some patients were present in both the training cohort for the 

model derived using administrative data and the testing cohort in the current study. While the 

random selection process for chart review helps mitigate bias, this overlap may have influenced 

model performance comparisons. This limitation highlights the need for external validation in 

future studies to further assess the generalizability of our findings. Lastly, a significant limitation 

of our study is its single-center design, which included a patient population that was not diverse 

as it is predominantly Black (88%) and has low representation of Hispanic patients (1%). This 

demographic profile does not reflect the broader population of individuals with COPD in the 

United States. However, it is important to note that many models do not adequately include 

heterogenous populations, such that individuals who identify as Black are often under-

represented in predictive models.26 Future multi-site studies with representative patient 

populations are needed to improve the generalizability of our findings.  

 

In conclusion, despite the limitations of administrative data when identifying patients admitted 

with AECOPD, use of chart reviews to refine the accuracy of patient identification did not lead 

to improvements in accuracy of our AECOPD readmission prediction model over a model 

trained using administrative data. 

  

https://journal.copdfoundation.org/
https://journal.copdfoundation.org/


PRE-PROOF Chronic Obstructive Pulmonary Diseases: Journal of the COPD Foundation PRE-PROOF 
 

 
Copyright  Chronic Obstructive Pulmonary Diseases: Journal of the COPD Foundation ©2025 

Published online January 23, 2025     https://doi.org/10.15326/jcopdf.2024.0542 
10 

 

Author Contributions: Study concept and design: Acquisition of data: JCR, LRV, VGP, MH, 

MB, MC, KC. Analysis and interpretation of data: MH, MB, KC, JCR, MC. First drafting of the 

manuscript: MB, MH, S.C. J.C.R. Critical revision of the manuscript for important intellectual 

content: all authors. Statistical analysis: KC, MB, MH, SC., JCR. Obtained funding:  VGP. 

Administrative, technical, and material support: JCR, VGP. Study supervision: JCR, VGP. Data 

access and responsibility: SC, KC, JCR, and VGP had full access to all the data in the study and 

take responsibility for the integrity of the data and the accuracy of the data analysis. 

 

Declaration of Interests: Dr. Press was supported by an NIH K24 (HL163408) and reports also 

receiving grant funding from the NIH (R01HL146644) and AHRQ (R01AS027804). Dr. Press 

reports receiving consultation fees from Humana. Dr. Churpek reports receiving funding from 

the NIH (NHLBI R01-HL157262). He also receives royalties from the University of Chicago for 

a patent ((#11,410,777) on eCART, which is an in-hospital deterioration risk score. All other 

authors have no conflicts or funding to report. 

 

  

https://journal.copdfoundation.org/
https://journal.copdfoundation.org/


PRE-PROOF Chronic Obstructive Pulmonary Diseases: Journal of the COPD Foundation PRE-PROOF 
 

 
Copyright  Chronic Obstructive Pulmonary Diseases: Journal of the COPD Foundation ©2025 

Published online January 23, 2025     https://doi.org/10.15326/jcopdf.2024.0542 
11 

 

References 

1. Ford ES, Murphy LB, Khavjou O, Giles WH, Holt JB, Croft JB. Total and State-Specific 

Medical and Absenteeism Costs of COPD Among Adults Aged 18 Years in the United States 

for 2010 and Projections Through 2020. CHEST. 2015 Jan 1;147(1):31–45.  

2. Stanford RH, Engel-Nitz NM, Bancroft T, Essoi B. The Identification and Cost of Acute 

Chronic Obstructive Pulmonary Disease Exacerbations in a United States Population 

Healthcare Claims Database. COPD J Chronic Obstr Pulm Dis. 2020 Sep 2;17(5):499–508.  

3. Shah T, Churpek MM, Coca Perraillon M, Konetzka RT. Understanding Why Patients With 

COPD Get Readmitted. Chest. 2015 May;147(5):1219–26.  

4. Jencks SF, Williams MV, Coleman EA. Rehospitalizations among Patients in the Medicare 

Fee-for-Service Program. N Engl J Med. 2009 Apr 2;360(14):1418–28.  

5. Rojas JC, Chokkara S, Zhu M, Lindenauer PK, Press VG. Care Quality for Patients with 

Chronic Obstructive Pulmonary Disease in the Readmission Penalty Era. Am J Respir Crit 

Care Med [Internet]. 2022 Aug 2 [cited 2022 Nov 15]; Available from: 

https://www.atsjournals.org/doi/10.1164/rccm.202203-0496OC 

6. Waltman A, Konetzka RT, Chia S, Ghani A, Wan W, White SR, et al. Effectiveness of a 

Bundled Payments for Care Improvement Program for Chronic Obstructive Pulmonary 

Disease. J Gen Intern Med. 2023 Sep 1;38(12):2662–70.  

7. Press VG, Randall K, Hanser A. Evaluation of COPD Chronic Care Management 

Collaborative to Reduce Emergency Department and Hospital Revisits Across U.S. 

Hospitals. Chronic Obstr Pulm Dis COPD Found. 2022 Mar 23;9(2):209–25.  

https://journal.copdfoundation.org/
https://journal.copdfoundation.org/


PRE-PROOF Chronic Obstructive Pulmonary Diseases: Journal of the COPD Foundation PRE-PROOF 
 

 
Copyright  Chronic Obstructive Pulmonary Diseases: Journal of the COPD Foundation ©2025 

Published online January 23, 2025     https://doi.org/10.15326/jcopdf.2024.0542 
12 

 

8. Bhatt SP, Wells JM, Iyer AS, Kirkpatrick  deNay P, Parekh TM, Leach LT, et al. Results of 

a Medicare Bundled Payments for Care Improvement Initiative for Chronic Obstructive 

Pulmonary Disease Readmissions. Ann Am Thorac Soc. 2017 May;14(5):643–8.  

9. Press VG, Au DH, Bourbeau J, Dransfield MT, Gershon AS, Krishnan JA, et al. Reducing 

Chronic Obstructive Pulmonary Disease Hospital Readmissions. An Official American 

Thoracic Society Workshop Report. Ann Am Thorac Soc. 2019 Feb;16(2):161–70.  

10. Puebla Neira DA, Hsu ES, Kuo YF, Ottenbacher KJ, Sharma G. Readmissions reduction 

program: Mortality and readmissions for chronic obstructive pulmonary disease. Am J 

Respir Crit Care Med. 2021;203(4):437–46.  

11. Feemster LC, Au DH. Penalizing Hospitals for Chronic Obstructive Pulmonary Disease 

Readmissions. Am J Respir Crit Care Med. 2014 Mar 15;189(6):634–9.  

12. Joynt KE, Jha AK. Characteristics of Hospitals Receiving Penalties Under the Hospital 

Readmissions Reduction Program. JAMA. 2013 Jan 23;309(4):342–3.  

13. Press VG, Myers LC, Feemster LC. Preventing COPD Readmissions Under the Hospital 

Readmissions Reduction Program: How Far Have We Come? Chest. 2021 Mar;159(3):996–

1006.  

14. Press VG. Is It Time to Move on from Identifying Risk Factors for 30-Day Chronic 

Obstructive Pulmonary Disease Readmission? A Call for Risk Prediction Tools. Ann Am 

Thorac Soc. 2018 Jul;15(7):801–3.  

15. Echevarria C, Steer J, Heslop-Marshall K, Stenton SC, Hickey PM, Hughes R, et al. The 

PEARL score predicts 90-day readmission or death after hospitalisation for acute 

exacerbation of COPD. Thorax. 2017 Aug;72(8):686–93.  

https://journal.copdfoundation.org/
https://journal.copdfoundation.org/


PRE-PROOF Chronic Obstructive Pulmonary Diseases: Journal of the COPD Foundation PRE-PROOF 
 

 
Copyright  Chronic Obstructive Pulmonary Diseases: Journal of the COPD Foundation ©2025 

Published online January 23, 2025     https://doi.org/10.15326/jcopdf.2024.0542 
13 

 

16. Donzé J, Aujesky D, Williams D, Schnipper JL. Potentially Avoidable 30-Day Hospital 

Readmissions in Medical Patients: Derivation and Validation of a Prediction Model. JAMA 

Intern Med. 2013 Apr 22;173(8):632–8.  

17. Amalakuhan B, Kiljanek L, Parvathaneni A, Hester M, Cheriyath P, Fischman D. A 

prediction model for COPD readmissions: catching up, catching our breath, and improving a 

national problem. J Community Hosp Intern Med Perspect. 2012 Jan 30;2(1):9915.  

18. Echevarria C, Steer J, Heslop-Marshall K, Stenton SC, Hickey PM, Hughes R, et al. The 

PEARL score predicts 90-day readmission or death after hospitalisation for acute 

exacerbation of COPD. Thorax. 2017 Aug 1;72(8):686–93.  

19. Burke RE, Schnipper JL, Williams MV, Robinson EJ, Vasilevskis EE, Kripalani S, et al. The 

HOSPITAL Score Predicts Potentially Preventable 30-Day Readmissions in Conditions 

Targeted by the Hospital Readmissions Reduction Program. Med Care. 2017 Mar;55(3):285–

90.  

20. Bonomo M, Hermsen MG, Kaskovich S, Hemmrich MJ, Rojas JC, Carey KA, et al. Using 

Machine Learning to Predict Likelihood and Cause of Readmission After Hospitalization for 

Chronic Obstructive Pulmonary Disease Exacerbation. Int J Chron Obstruct Pulmon Dis. 

2022 Oct 20;17:2701–9.  

21. Stein BD, Bautista A, Schumock GT, Lee TA, Charbeneau JT, Lauderdale DS, et al. The 

validity of International Classification of Diseases, Ninth Revision, Clinical Modification 

diagnosis codes for identifying patients hospitalized for COPD exacerbations. Chest. 2012 

Jan;141(1):87–93.  

https://journal.copdfoundation.org/
https://journal.copdfoundation.org/


PRE-PROOF Chronic Obstructive Pulmonary Diseases: Journal of the COPD Foundation PRE-PROOF 
 

 
Copyright  Chronic Obstructive Pulmonary Diseases: Journal of the COPD Foundation ©2025 

Published online January 23, 2025     https://doi.org/10.15326/jcopdf.2024.0542 
14 

 

22. Moore BJ, White S, Washington R, Coenen N, Elixhauser A. Identifying Increased Risk of 

Readmission and In-hospital Mortality Using Hospital Administrative Data: The AHRQ 

Elixhauser Comorbidity Index. Med Care. 2017 Jul;55(7):698.  

23. Rigatti SJ. Random Forest. J Insur Med. 2017 Jan 1;47(1):31–9.  

24. DeLong ER, DeLong DM, Clarke-Pearson DL. Comparing the areas under two or more 

correlated receiver operating characteristic curves: a nonparametric approach. Biometrics. 

1988 Sep;44(3):837–45.  

25. Fry CH, Heppleston E, Fluck D, Han TS. Derivation of age-adjusted LACE index thresholds 

in the prediction of mortality and frequent hospital readmissions in adults. Intern Emerg 

Med. 2020;15(7):1319–25.  

26. Rojas JC, Fahrenbach J, Makhni S, Cook SC, Williams JS, Umscheid CA, Chin MH.  

Framework for Integrating Equity Into Machine Learning Models: A Case Study. Chest. 

2022 Jun;161(6):1621-1627.  

 

 

 

 

 

 

 

 

 

https://journal.copdfoundation.org/
https://journal.copdfoundation.org/


PRE-PROOF Chronic Obstructive Pulmonary Diseases: Journal of the COPD Foundation PRE-PROOF 
 

 
Copyright  Chronic Obstructive Pulmonary Diseases: Journal of the COPD Foundation ©2025 

Published online January 23, 2025     https://doi.org/10.15326/jcopdf.2024.0542 
15 

 

 
Table 1:  Comparison of baseline demographics based on 90-day hospital readmission status in 
the University of Chicago cohort. 
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Figure Legends 
 
Figure 1: Study Flow Diagram  

*Inclusion criteria:  Inclusion criteria: Age at admission greater than or equal to 40 years; not missing 

admit or discharge dates; met one of the following criteria: (1) had at least one ICD code for CCS 127, 

128, or 131; (2) during hospitalization received nebulizer treatment, and either >5 to <=100 mg 

prednisone or >0 to <=125 mg methylprednisolone  

^Not sampled: we requested 5000 randomly selected patients from those that inclusion criteria 

hence all others were excluded 

#Excluded from analysis: if duplicate, encounter ended in death, or missing data such that COPD 

diagnosis confirmation could not be made 

+No COPD: using Likert scale as described in methods 

 

Figure 2: Area Under the Curve (AUC) Comparison of COPD Readmission Models in the 

Interval Validations Chart Review Cohort 

 

Figure 3: Calibration curve for COPD readmission model trained on administrative data  

Figure 3 shows the calibration plot for the random forest model trained on chart review data, 

comparing predicted probabilities of 90-day readmission to observed outcomes. 

Redline (Ideal): Represents perfect calibration, where predicted probabilities exactly match 

observed outcomes. 
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Black line (Flexible calibration, Loess): A smoothed curve representing the actual relationship 

between predicted and observed probabilities, with shaded areas indicating 95% confidence 

intervals. 

X-axis (Predicted probability): Displays the predicted probability of readmission, ranging from 

0 to 1. 

Y-axis (Observed proportion): Shows the observed proportion of patients who were 

readmitted, providing insight into how well the model’s predictions align with true outcomes. 

Calibration statistics: The intercept is -0.19 (95% CI: -0.55 to 0.17), and the slope is 1.16 (95% 

CI: 0.31 to 2.02), indicating the model’s calibration performance. 

Discrimination (c-statistic): The model's c-statistic is 0.64 (95% CI: 0.54 to 0.74), reflecting its 

ability to differentiate between readmitted and non-readmitted patients. 

Tick marks (x-axis): Represent the distribution of predicted probabilities for readmitted (1) and 

non-readmitted (0) events. 

 

Figure 4: Calibration curve for COPD readmission model trained on chart review data  

Figure 4 shows the calibration plot for the random forest model trained on administrative data, 

comparing predicted probabilities of 90-day readmission to observed outcomes. 

Red line (Ideal): Represents perfect calibration, where predicted probabilities exactly match 

observed outcomes. 

Black line (Flexible calibration, Loess): A smoothed curve representing the actual relationship 

between predicted and observed probabilities, with shaded areas indicating 95% confidence 

intervals. 
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X-axis (Predicted probability): Displays the predicted probability of readmission, ranging from 

0 to 1. 

Y-axis (Observed proportion): Shows the observed proportion of patients who were 

readmitted, providing insight into how well the model’s predictions align with true outcomes. 

Calibration statistics: The intercept is -0.10 (95% CI: -0.46 to 0.26), and the slope is 1.43 (95% 

CI: 0.60 to 2.25), indicating the model’s calibration performance. 

Discrimination (c-statistic): The model's c-statistic is 0.67 (95% CI: 0.57 to 0.76), reflecting its 

ability to differentiate between readmitted and non-readmitted patients. 

Tick marks (x-axis): Represent the distribution of predicted probabilities for readmitted (1) and 

non-readmitted (0) events. 
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Figure 1 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

https://journal.copdfoundation.org/
https://journal.copdfoundation.org/


PRE-PROOF Chronic Obstructive Pulmonary Diseases: Journal of the COPD Foundation PRE-PROOF 
 

 
Copyright  Chronic Obstructive Pulmonary Diseases: Journal of the COPD Foundation ©2025 

Published online January 23, 2025     https://doi.org/10.15326/jcopdf.2024.0542 
20 

 

 
 
 
Figure 2 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 3 
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Figure 4 
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Online supplement 
 
Appendix Table 1: Predictors in Model Training  

Predictor Category Predictors 

- Demographics - Age, sex, race 

- Comorbidity Burden - Elixhauser comorbidity index 

- Vitals (at discharge) - Heart rate, respiratory rate, systolic 

blood pressure, diastolic blood 

pressure, oxygen saturation, 

temperature, Glasgow Coma Scale 

(GCS), GCS eye sub-score, GCS 

verbal sub-score, GCS motor sub-

score, body mass index, FiO2 

- Labs (at discharge) - Albumin, alkaline phosphate, total 

bilirubin, blood urea nitrogen, 

calcium, chloride, carbon dioxide, 

creatinine, eosinophil percent, serum 

glucose, hemoglobin, INR, lactate, 

magnesium, arterial pCO2, venous 

pCO2, arterial pH, venous pH, 

phosphate, platelet count, arterial pO2, 
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potassium, PTT, SGOT, SGPT, 

sodium, total protein, troponin, wbc 

- Hospitalization duration - Length of stay (hours) 
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Appendix Table 2: Percent (%) Missing Variables 

Field 
Missing % 

All (n = 448) Train (n = 315) Test (n = 133) 
Heart rate 0 0 0 
Respiratory rate 0 0 0 
Systolic blood pressure 0 0 0 
Diastolic blood pressure 0 0 0 
Oxygen saturation 0 0 0 
Temperature (Celsius) 0 0 0 
Glasgow Coma Scale; Eye 8.26 8.25 8.27 
Glasgow Coma Scale; Motor 8.26 8.25 8.27 
Glasgow Coma Scale; Verbal 8.26 8.25 8.27 
Glasgow Coma Scale; Total score 8.26 8.25 8.27 
Body mass index 10.27 12.38 5.26 
Fraction of Inspired Oxygen (FiO2) 0 0 0 
Braden Scale; Activity 0 0 0 
Braden Scale; Friction and Shear 0 0 0 
Braden Scale; Mobility 0 0 0 
Braden Scale; Moisture 0.22 0.32 0.00 
Braden Scale; Nutrition 0.00 0.00 0.00 
Braden Scale; Sensory perception 0.00 0.00 0.00 
Braden Scale; Total score 0.22 0.32 0.00 
Urine output (mL) 3.79 4.76 1.50 
Albumin 52.68 54.29 48.87 
Alkaline phosphatase 53.35 54.92 49.62 
Bilirubin, total 53.57 55.24 49.62 
Blood urea nitrogen 0 0 0 
Calcium 0 0 0 
Chloride 0 0 0 
Carbon dioxide 0 0 0 
Creatinine 0 0 0 
Eosinophils (%) 20.09 19.37 21.80 
Serum glucose 0 0 0 
Hemoglobin 0.22 0.32 0.00 
International Normalized Ratio 58.26 62.86 47.37 
Lactate 56.25 57.14 54.14 
Magnesium 9.15 9.52 8.27 
Arterial partial pressure; carbon dioxide 64.73 65.71 62.41 
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Venous partial pressure; carbon dioxide 63.17 63.17 63.16 
Arterial pH 67.63 68.89 64.66 
Venous pH 63.17 63.17 63.16 
Phosphate 11.16 12.06 9.02 
Platelet count 0.22 0.32 0.00 
Arterial partial pressure; oxygen 64.73 65.71 62.41 
Potassium 0 0 0 
Partial Thromboplastin Time 72.32 75.87 63.91 
Serum glutamic oxaloacetic transaminase 53.13 54.92 48.87 
Serum glutamic-pyruvic transaminase 53.13 54.92 48.87 
Sodium 0 0 0 
Total protein 53.35 54.92 49.62 
Troponin 25.45 24.44 27.82 
White blood cells 0.22 0.32 0 
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