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Abstract

Machine learning and deep learning approaches are increasingly used to forecast long-term disease trajectories in individuals with
chronic obstructive pulmonary disease (COPD). This study sought to synthesize the effectiveness of these prognostic tools for COPD,
evaluate their performance relative to one another, and pinpoint major areas needing further investigation.We conducted a systematic
review and meta-analysis to assess the effectiveness of machine learning- and deep learning-based prognostic models and to outline
directions for future studies. We systematically searched PubMed, Embase, the Cochrane Library, ProQuest, Scopus, and Web of
Science from their launch until April 6, 2023, targeting English-language publications that used machine learning or deep learning
techniques to predict patient outcomes at least 6 months after the first clinical encounter in people diagnosed with COPD. Eligible
studies included adults aged 18 to 90 years and accepted any input data. We presented the area under the receiver operating characteristic
curve (AUC) along with 95% confidence intervals (CI) for forecasts of death, exacerbations, and reductions in forced expiratory volume
in 1 s (FEV1). Heterogeneity across studies was quantified via Cochran’s Q test, where notable heterogeneity was indicated by P <
0.10 or 12 > 50%. We evaluated reporting standards with the TRIPOD checklist and conducted risk-of-bias evaluations using the
PROBAST tool. The review was prospectively registered on PROSPERO (CRD42022323052). The initial literature search yielded
3620 records. After screening, 18 studies met the inclusion standards, including 12 that relied on traditional machine learning and 6
that utilized deep learning. Seven models focused on exacerbation probability, though only six provided AUC values with 95% CI from
internal validation sets (combined AUC 0.77 [95% CI: 0.69-0.85]), accompanied by substantial heterogeneity (12 97%, P < 0.0001).
Eleven models addressed mortality risk, with six reporting AUC and 95% CI on internal validation data (pooled AUC 0.77 [95% CI:
0.74-0.80]) and moderate heterogeneity (12 60%, P = 0.027). Two investigations examined declines in lung function but could not be
aggregated. Machine learning and deep learning models did not show meaningful gains compared with established disease severity
indices for exacerbation prediction (P = 0.24). Three studies offered head-to-head comparisons of machine learning against
conventional severity scores for mortality, revealing no difference in pooled results (P = 0.57). Among the five studies conducting
external validation, model performance was similar to or inferior to standard regression approaches. Key sources of bias included
improper management of missing values, omission of model uncertainty estimates, and reliance on datasets undersized relative to the
number of predictor variables. Available data provide scant support that conventional machine learning or deep learning prognostic
models outperform existing disease severity scoring systems. Stronger compliance with established reporting standards in future work
would reduce bias risks and improve replicability.
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advancement. Such patients could receive intensified
management and monitoring, thereby optimizing
healthcare resource use.

Multiple indicators—such as pulmonary function
assessments,  symptom  questionnaires,  physical
endurance measures, and exacerbation history—help
gauge the chance of adverse outcomes. Composite tools
like the body-mass index, airflow obstruction, dyspnoea,
and exercise capacity (BODE) index tend to deliver
stronger predictive power than individual factors alone
[2]. An earlier broad systematic review by Bellou and
colleagues [4] from 2019 cataloged over 400 prognostic
models for COPD clinical outcomes. Their meta-analysis
of linear regression models (n = 12) produced pooled C-
statistics (comparable to AUC [5]) for mortality
prediction spanning 0.624 to 0.769. These figures
indicate that regression-based models possess only
moderate accuracy and limited practical influence on
COPD forecasting [6].

COPD represents a major worldwide cause of death and
exhibits wide variability in how the condition evolves,
which traditional prognostic tools have struggled to
capture fully. We queried PubMed, Scopus, and Web of
Science for English-language reviews of long-term
COPD prognostic models published between January 1,
2016, and March 29, 2022, employing keywords linked
to “COPD,” “machine learning,” and “prediction.” Two
prior systematic reviews on COPD prognostic models
highlighted deficiencies in methodological quality and
validation practices, rendering them unsuitable for
routine clinical application. Neither review contrasted
machine learning performance or advantages against
standard regression models. A narrative overview on
artificial intelligence and machine learning applications
in various COPD clinical settings noted the growth of
extensive, multifaceted datasets that support expanded
use of Al methods in healthcare.

As far as we are aware, no previous reviews have
specifically examined and contrasted prognostic models
for COPD outcomes that rely on machine learning and
deep learning algorithms. This evaluation establishes a
reference point for the capabilities of machine learning
models while highlighting existing shortcomings in
methodological and reporting practices that must be
addressed for continued advancement.

Going forward, investigators creating machine learning
algorithms should adhere closely to PROBAST and
TRIPOD recommendations to produce transparent, low-
bias results that can be reproduced. At present, the

clinical utility of conventional machine learning applied
to structured clinical data remains constrained by the
extensive number of variables involved. Conversely,
deep learning analysis of CT imaging holds growing
potential for integration into everyday practice as an
incidental evaluation once additional advancements
occur. Drawing from these findings, we advocate for
expanded exploration of multimodal approaches that
combine imaging with clinical data; creation of sizable,
openly accessible datasets beyond North America and
Europe; and formulation of reporting standards akin to
PROBAST tailored for deep learning applications.
Machine learning involves computational methods that
automatically discover rules and associations between
inputs and outputs from data, supporting hypothesis-free
predictions [7]. Deep learning, a subfield of machine
learning, uses layered architectures to capture intricate
patterns and connections within datasets [8]. It excels in
medical imaging [9] and has delivered encouraging
outcomes in image-based clinical prognosis tasks [10,
11]. Growing attention has focused on deep learning to
develop novel prognostic and diagnostic tools for
identifying COPD patients at risk of deterioration, given
that current statistical models have not integrated details
on lung structural alterations visible through imaging
[12].

In the present systematic review and meta-analysis, we
aimed to appraise the effectiveness and methodological
soundness of published machine learning and deep
learning prognostic models in COPD populations and to
benchmark them against earlier regression-based
predictive models [4]. To gauge clinical applicability, we
prioritized model performance irrespective of specific
architecture or chosen variables.

Materials and Methods

Search strategy and selection criteria

This systematic review and meta-analysis included
studies applying machine learning or deep learning
models to forecast mortality, exacerbation likelihood, or
lung function deterioration in adult COPD patient groups
at least 6 months (180 days) after baseline clinical
assessment. We excluded animal research and cohorts
composed mainly of individuals under 18 or over 90
years old. Studies predicting COPD onset in people
without the disease at baseline were omitted, as were
those lacking a minimum 6-month follow-up period. We
accepted cohort studies (prospective or retrospective),
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case-control designs, randomized controlled trials, and
cross-sectional analyses. No restrictions were placed on
geographic origin or publication venue. Machine
learning was characterized as algorithms (for instance,
random forests or support vector machines) that exceed
basic regression in complexity and learn decision-making
from data patterns. Deep learning was defined as neural
networks featuring two or more hidden layers. Complete
eligibility standards framed by the population,
intervention, comparison, outcome, and time framework
[13].

We searched PubMed, Embase, the Cochrane Library,
Scopus, Web of Science, and ProQuest. The queries
incorporated terms connected to chronic obstructive
pulmonary disease, artificial intelligence, machine
learning, deep learning, prediction, and prognosis. We
targeted articles published in English or accompanied by
English translations, spanning from the databases’
origins up to April 6, 2023. We also manually reviewed
reference lists from the included articles and relevant
systematic reviews to capture any overlooked
publications.

All records were imported into Covidence, where
duplicate entries were eliminated. Two reviewers (LAS
and AB) independently evaluated titles and abstracts for
every study, erring on the side of inclusion when
eligibility was unclear. Full-text versions of studies that
advanced past the initial stage underwent detailed
examination by the same two reviewers. Disagreements
were resolved through discussion between LAS and AB
whenever feasible; otherwise, a third independent
reviewer (LJP) made the final determination.

The study protocol was prospectively registered on
PROSPERO (CRD42022323052) and followed the
PRISMA guidelines [14].

Data analysis

Before beginning data extraction, we created a
standardized extraction form informed by the CHARMS
checklist [15]. Eleven specific data elements were
collected from each eligible study.

We classified studies into two groups: those employing
deep neural networks (the deep learning category) and
those that did not (the conventional machine learning
category). When a single study reported several models
for the same endpoint, we selected the one with the
strongest performance that met the inclusion criteria. For
studies presenting comparable outcomes across different
time horizons (for example, mortality risk at 1, 2, or 3

years), we chose the timeframe that aligned most closely
with outcomes in other included research. Data extraction
was performed by LAS and independently verified by
AB and MZ, with any discrepancies settled by LJP.

Risk of bias for each study was evaluated using the
PROBAST tool [16]. This instrument includes 20 items
organized into four domains: participant selection,
predictors, outcome, and analysis. Each item was rated as
yes, probably yes, probably no, no, or no information. A
“yes” response signaled low risk of bias, while “no”
indicated high risk. Any “no” or “probably no” rating on
one or more items resulted in an overall high-risk-of-bias
classification for the study; otherwise, it was considered
low risk. Reporting transparency was appraised with the
TRIPOD checklist, which consists of 22 essential items
for clear description of model development and
validation [17].

We measured the models’ ability to discriminate between
patients for outcomes including mortality, exacerbation,
or decline in forced expiratory volume in 1 s (FEV1) by
extracting AUC values [18] together with their 95%
confidence intervals. Hospital admission served as a
proxy for exacerbation events. Surrogate indicators for
FEV1 decline—such as reduced performance on the 6-
minute walk test, shifts in dyspnoea levels, or changes in
COPD-related burden assessed via questionnaires or
psychophysical scales—were considered, although no
qualifying studies were identified. AUC estimates were
combined separately for internal validation and external
validation datasets for each outcome. Given the expected
substantial variability arising from differences in model
types, input variables, patient populations, and follow-up
durations, we applied a random-effects model for pooling
and displayed the findings in forest plots. Pooling was
performed without regard to specific model architecture
or selected features. Interstudy heterogeneity was
quantified using Cochran’s Q test [19], with significant
heterogeneity defined as P < 0.10 or I*> > 50%. This
allowed us to determine whether a fixed-effects approach
was appropriate. All meta-analyses were conducted with
MedCalc statistical software (version 20.116). To
benchmark pooled machine learning and deep learning
results against conventional regression models, we
combined performance metrics from regression-based
models for mortality and exacerbation risk previously
reported by Bellou and colleagues [4] and used the
MedCalc online calculator [20] to compare AUCs.
Where feasible, we also performed direct within-study
comparisons between deep learning or machine learning
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models and established risk scores or linear regression
tools (such as the BODE index) using the same dataset.

Results and Discussion

The database search initially retrieved 3620 records.
After screening titles and abstracts, followed by full-text
reviews for eligibility, 17 studies [21-37] satisfied the
inclusion and exclusion criteria (Figure 1). Examination
of reference lists identified one additional qualifying
study [38], bringing the total to 18.

3620 studies found
1029 Scopus
981 Embase

S0S ProQuest
502 PubMed

558 Web of Science

45 Cochrane Library

1698 duplicates removed

1922 studies screened against title and abstract

1794 studies excluded

128 studies assessed for full-text eligibility

1 study additionally identified
from references™

111 excluded studies
37 conference proceedings,
abstracts, and posters
30 wrong timeframe
21 wrong outcomes
13 wrong model
7 wrong study design
1 duplicate
1 not available in English
1 low quality study

18 studies included

Figure 1. Selection of studies. *To achieve thorough coverage of all relevant publications, LAS reviewed any
further articles cited within the reference sections of the qualifying papers, checked them against the predefined
eligibility standards, and integrated qualifying ones into an additional cycle of the systematic review.

Two investigations examined predictions of worsening
lung function [26, 35]. Seven papers addressed the
likelihood of disease exacerbations [21, 23, 28, 29, 32,
33, 37], while eleven focused on the risk of death [21-27,
30, 31, 34, 36, 38]. Two papers evaluated both
exacerbation and mortality risks simultaneously [21, 23].
Table 1 displays combined overviews of key study
features—such as reported counts and median figures—
separately for the deep learning group, the conventional
machine learning group, and the entire collection of

papers. Participant age, gender distribution, and site of
enrollment were routinely described across the research,
but details on participants’ ethnic backgrounds were
largely absent. Every included study carried out internal
validation, most often via a reserved test portion or k-fold
cross-validation  techniques.  External  validation,
however, was conducted in only four deep learning
papers [21, 22, 24, 25] and a single conventional machine
learning paper [30]. Of those five, three [21, 22, 30] were
built on data from the COPDGene cohort [39] and tested
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on the ECLIPSE cohort [40]. The

remaining pair

originated from South Korean patient populations and

were externally assessed on different South Korean [24]
and Malaysian [25] groups.

Table 1. Distribution of reported study characteristics and pooled summary estimates.

Characteristic

Machine learning (n=12)

Deep learning (n=6)

Combined analysis (n=18)

. Pooled Studies Pooled . Pooled
Studies reported value* reported value* Studies reported value*
63.5 (59.7— 67.1 (64.4— 67 (60.9—
0, 0, 0,
Age 11 (92%) 67.7) 4 (67%) 71.6) 15 (83%) 68.6)
65% (53— 57% (50— 57% (52—
0, 0, 0,
Male sex 10 (83%) 83) 4 (67%) 50) 14 (78%) 59)
Location 12 (100%) . 6 (100%) . 18 (100%) .
. 32% (32— 13% (11— 18% (13-
0, 0, 0,
Ethnicityt 4 (33%) 33) 2 (33%) 16) 6 (33%) 31)
Internal validation 12 (100%) 6 (100%) 18 (100%)
External validation 1 (8%) 4 (67%) 5 (28%)
COPDGene (internal
2 (17% % 28%
dataset) (17%) 3 (50%) 5 (28%)
ECLIPSE (external
1 (8% 2 (33% 3(17%
dataset) (8%) (33%) (17%)
AUC 10 (83%) 4 (67%) 14 (78%)
Confidence intervals 5 (42%) 4 (67%) 9 (50%)

Data are presented as n (%) unless otherwise specified.
* Pooled estimates are expressed as median values with interquartile ranges (IQR).
1 For studies conducted in the United States, median values represent the proportion of participants identified as Black or African-American.

Six investigations employed deep learning techniques for
COPD outcome forecasting [21-25, 38], while the

remaining twelve relied on conventional

learning approaches [26-37].

machine

Table 2 presents performance metrics for the deep
learning models, and Table 3 presents those for the

machine learning models.

Table 2. Model performance for deep learning.

Reference Qutcome AUC (95% CI) Sample size Other performance indicators
> 1 exacerbation in 1- Internal validation C O-;gg\elzg)??rftirnal
Gonzalez et year period; > 1 0.64 (0.60-0.68); validation ’1000_
al. [21] exacerbation in 3-year external validation ]
eriod 0.54 (0.51-0.57) external validation
P SR e 1672 (ECLIPSE)
. .. .. AUPRC 0.42 (SD: 0.02), recall
> -
S'”g['za?jt al. =1 exace:::lon S 673(0.71-0.75) f;rdalcnrl;si _U;ﬁggti(jn) 0.47 (SD: 0.04), accuracy
y 80.83%
nternal validation . nternal validation HR: 2.
e i TSI lsion 25
Gonzélez et 3-year all-cause 0.72 (0.63-0.81); validation ’1000_ (1.19-6.05), P = 0.017; external
al. [21] mortality external validation external vali dati(;n validation HR: 1.64 (1.19-2.26),
0.60 (0.56-0.64) 1672 (ECLIPSE) P =0.003
- . Internal validation HR (5 strata):
Humpbhries in-tl—(errar:gllr:/ilzij;)gé)n 15(10-22),16 (L1-2.4), 24
etal. [22] Mortality risk* 7143: external (1.6-3.5),2.7 (1.84.2), 2.9

validation 1962

(1.7-4.9); external validation HR
(5 strata): 1.5 (1.0-2.2), 1.7
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(

1.1-25),2.9(2.0-4.3), 5.3
(3.6-7.7), 99.7 (6.3-14.8)

(hold-out) 0.81 (0.74—

validation (temporal)

Internal validati -
nternal validation Training 3475:

internal validation
(hold-out) 315;
internal validation

0.88); internal

Nam et al. 5-year aII-_cause 0.76 (0.70—_0.8?); (temporal) 394:
[24] mortality external validation external validation
(VHSMC_) 0.72 (0.66— (VHSMC) 416:
0.78); external external validation
validation (AMC) 0.83 (AMC) 337
(0.78-0.88)
Singla et al. 5-year all-cause 0.62 (no CI Training 10 300 (5- HR: 1.54 (1.09-2.17), P <
[23] mortality calculated) fold cross-validation) 0.0001
Training 10 850;
Tang etal. L-yearall-cause internal validation Accuracy 78.89% (no Cl)
[38] mortality
4650
Internal validation Training 344 (5-fold
Yun et al. 3-year and 5-year all- 0.80 (0.72-0.88); cross-validation);
[25] cause mortality external 0.72 (0.57— external validation

0.86) 102

AUC values are shown together with newly computed 95% confidence intervals. Hazard ratios are presented as HR (95% CI). AMC refers to the
Asan Medical Centre dataset. AUC stands for area under the receiver operating characteristic curve. AUPRC denotes area under the precision-
recall curve. HR indicates hazard ratio. VHSMC stands for the Veterans Health Service Medical Centre dataset.

*The total number of cases was not provided in the
original report; therefore, the originally published 95%
Cl was retained rather than deriving a new one.

validation set.

+ The median duration of follow-up was 7.95 years for
the internal validation set and 2.90 years for the external

Table 3. Model performance for conventional machine learning.

Other performance

Reference Outcome AUC (95% CI) Sample size .
indicators
Change in FEV1 after Internal va_llda.tlon Training 4496 (10-fold
. . (cross-validation) RN
Boueiz et al. 5-year period; new . cross-validation); internal
0.71 (0.69-0.72); S
[26] FEV1 after 5-year . - validation (temporal)
eriod internal validation 1833
P (temporal) 0.70*
— S 5
Sharma et al. S e Training 42 (5-fold cross- Accgr.agy 84.6%,
[35] mL per year over 3 0.81 (0.66-0.96) validation) sensitivity 0.875,
years specificity 0.800
> 1 exacerbation in 6 Sensitivity 79.41%,

Kor et al. [28]

months (for patients
who have not
previously
exacerbated)

Training 407; internal

0.83(0.74-092) validation 102

specificity 77.94%, PPV
64.29%, NPV 88.33%, F1
score 71.05%, accuracy
78.43%

Le [29]

> 1 exacerbation in 1
year

Training 190 117 (10-

067 (0.67-0.68) fold cross-validation)
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Nguyen [33]

> 1 hospitalization in
180-day period

0.88 (0.81-0.95)

Training 81; internal
validation 27

Accuracy 88%, sensitivity
0.83, specificity 0.93

Zeng et al. [37]

> 1 exacerbation in 1-
year period

0.866 (0.83-0.90)

Accuracy 90.3% (89.6—
91.0), sensitivity 56.6
(49.2-64.2), specificity
91.2 (90.5-91.8), PPV
13.7 (11.2-16.2), NPV
98.8 (98.6-99.1)

Training 36 047; internal
validation 7529

Moslemietal. > 1 hospitalization in 3 Training 328; internal Accuracy 78%, F1 score
[32] years 0.78 (0.69-087) validation 1411 71%
Esteban et al. 5-year all-cause Training 611; internal
[27] mortality 074 (0.68-0.80) validation 348
Internal validation
. ~ Training 1974; internal
Moll et al. [30] AII-caus_e n:ortallty 0.731 (0'682{)'7_80)’ validation 658; external
risk* external validation validation 1268
0.688 (0.655-0.721)
Training 163 587,
Morales et al. S-year all-cause 0.80 (0.79-0.80) internal validation
[31] mortality

40 895t

Pinto-Plata et
al. [34]

3-year all-cause
mortality

Training 90; internal
validation 30 (100%
mortality)

Accuracy 85%, sensitivity
81%, specificity 89%

1-year all-cause

Tang et al. [36] mortality

Training 10 850; internal

0,
validation 4650 Accuracy 64.6%

All reported AUC values include newly computed 95% confidence intervals. Hazard ratios are displayed as HR (95% CI). AUC stands for area
under the receiver operating characteristic curve. HR represents the hazard ratio. PPV indicates positive predictive value. NPV denotes negative

predictive value. FEV1 refers to forced expiratory volume in 1s.

* The regression model lacked event counts, preventing
calculation of 95% Cls; the values shown are those
originally published in the study.

+ Training and validation group sizes were derived from
the overall cohort size and the reported percentages
allocated to each split.

1 Median follow-up duration was 6.4 years for internal
validation and 7.2 years for external validation.

The combined AUC for forecasting exacerbations using
both machine learning and deep learning models on
internal validation data reached 0.77 (95% CI: 0.69-

0.85); (Figure 2). Assessment of variability via
Cochran’s Q test revealed considerable heterogeneity (I?
97%, P < 0.0001). Although the number of deep learning
studies addressing exacerbation risk was insufficient for
separate pooling, machine learning studies could be
aggregated, yielding a pooled AUC of 0.80 (95% CI:
0.72-0.87, 12: 97%, P < 0.0001). A single investigation
[21] conducted external validation for exacerbation
prediction and recorded a decline in accuracy from an
AUC of 0.64 (95% CI: 0.58-0.71) internally to 0.55
(95% ClI: 0.51-0.57) externally.

Cohort size AUC Weight

n/N (95%Cl)
Gonzalez et al** 331/1000 - 0-64 (0-61-0-68) 19%
Kor et al®® 34/102 — . 0-83 (0-74-0-92) 15%
Leetal® 35088/190117 m 0-67 (0-67-0-68) 19%
Moslemi et al* 49/141 — 078 (0-70-0-87) 16%
Nguyen et al*? 12/27 — - 0-88 (0-74-1-00) 12%
Zeng et al’ 182/7529 E 0-87 (0-83-0-90) 19%
Overall 35453/198916 <> 0-77 (0-69-0-85) 100%
1*=97%, p<0-0001

06 07 08 09 10
Figure 2. Random-effects forest plot showing models for predicting exacerbation risk.
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n indicates the number of exacerbation events, and N
denotes the total sample size. P-values were obtained
from Cochran’s Q test. AUC stands for area under the
receiver operating characteristic curve.

The combined AUC for mortality prediction using
internal validation datasets was 0.77 (95% CI: 0.74—
0.80), accompanied by notable heterogeneity (12: 60%, P
= 0.027); (Figure 3). When examined separately, deep
learning studies produced a pooled AUC of 0.78 (95%
Cl:0.73-0.84, 12: 22%, P = 0.28), while machine learning

studies yielded 0.77 (95% CI: 0.73-0.80, 12 80%, P =
0.0070). Statistical comparison of the pooled AUCs
between machine learning and deep learning methods for
mortality showed no meaningful difference (P = 0.44).
Four studies [21, 24, 25, 30] performed external
validation for mortality prediction, yielding a pooled
AUC of 0.67 (95% CI: 0.62-0.72, 12: 79%, P = 0.0023).
For these same studies, the pooled internal validation
performance was substantially better (P = 0.0049), with
an AUC of 0.76 (95% CI: 0.72-0.80, 12: 42%, P = 0.16).

Cohort size AUC Weight

n/N (95%Cl)
Gonzalez et al* 38/1000 - e 0-72 (0-62-0-81) 7%
Nam et al** 66/315 — 0-81(0.74-0-88) 12%
Yunetal*® 43/344 —_— 0-80(0-72-0-88) 9%
Esteban et al”’ 112/348 -em 074 (0-68-0-80) 14%
Moll et al*° 152/658 —a— 0-73 (0-68-0-78) 18%
Morales et al** 8083/40895 = 0-80(0-79-0-80) 39%
Overall 8494/43560 <> 0-77 (0-74-0-80) 100%
12260%, p=0-027 . l . :

0-6 07 0-8 09

Figure 3. Random-effects forest plot displaying models for mortality risk prediction

n denotes the count of events (exacerbations), and N
indicates the overall group size. P values derive from
Cochran’s Q test. AUC stands for area under the receiver
operating characteristic curve.

Since only two investigations provided data on lung
function decline, pooling of AUC values was not
feasible. One study predicted a drop in lung function
exceeding 30 mL across 5 years, achieving an AUC of
0.81 (95% CI: 0.66-0.96) in a group of 42 patients via 5-
fold cross-validation [35]. Another study forecasted the
general reduction in lung volume with an AUC of 0.71
(95% CI: 0.69-0.72) in a cohort of 4496 patients using
ten-fold nested cross-validation (Table 3) [26].

The aggregated predictive accuracy of regression models
earlier summarized by Bellou and colleagues [4] stood at
0.66 (95% CI: 0.49-0.82) for exacerbation forecasting
and 0.69 (95% CI: 0.68-0.71) for mortality forecasting.
For mortality prognosis, both machine learning (P =
0.0001) and deep learning (P < 0.0001) approaches
demonstrated markedly superior performance compared
with these regression models. For exacerbation
prognosis, machine learning studies produced a
numerically greater pooled estimate than that reported by
Bellou and colleagues [4]. Yet, the contrast did not reach

statistical significance (P = 0.14 when pooling only
machine learning studies and P = 0.24 when pooling all
studies).

A limited subset of studies enabled head-to-head
evaluation of deep learning or machine learning models
against traditional risk scores or regression models within
identical datasets. Three deep learning investigations [21,
23, 24] compared mortality prediction against the BODE
index, with two drawing from the same patient
population (COPDGene) [21, 23]. These papers noted
slight, non-significant gains in AUC for mortality using
deep learning relative to the BODE index. Seven
machine learning studies additionally supplied data on
standard indices (such as the BODE index or the age,
dyspnoea, airflow obstruction index) or regression
models built with the same input variables on the same
data [26, 27, 30, 31, 35-37]. Five of these [26, 27, 30, 35,
37] described better results with the machine learning
model, one found equivalent performance [31], and one
observed marginally inferior results for the machine
learning approach [36]. Among the five showing
improvement, only one indicated a statistically
significant advantage [30]. Three of the seven studies
[27, 30, 31] reported AUCs and shared the mortality
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outcome, allowing meta-analysis. This analysis found no
meaningful difference in pooled AUC between machine
learning models (pooled AUC 0.77) and conventional
regression models (pooled AUC 0.75; P = 0.57).

Compliance with TRIPOD recommendations was
generally strong, as only one study [23] covered fewer
than 70% of the required items. Fourteen out of 18
studies (78%) failed to supply or link to the complete
prediction model (item 15a), and nine out of 18 (50%)
omitted confidence intervals around the model’s
performance metrics (item 16). According to the
PROBAST evaluation, every included study carried a
high overall risk of bias. The analysis domain was a
source of high risk of bias in all cases. Inappropriate
management of missing data represented the most
common issue (item 4.4): two studies [36, 38] had no
missing values, three [23, 28, 29] provided no details on
handling methods, one [37] applied a model that
naturally accommodates missing data, one [34] relied on
minimum-value imputation, and the others performed
complete-case analysis without confirming the missing-
completely-at-random assumption. Nine of the 18 studies
(50%) did not report confidence intervals for any model
outcomes (item 4.7). The events-per-variable (EPV)
ratio—calculated as the number of positive outcome
events divided by the number of predictor variables—
was examined for item 4.1, with an EPV below 10
signaling high risk of bias [41]. Six of the 12 machine
learning studies (50%) [28, 33-37] had an EPV under 10
in the training set, showing a median of 82 positive
events (IQR 33-1560) and a median of 154 predictor
variables in the final model (IQR 45-412). The other six
machine learning studies had EPV values above 20, with
a median of 1645 positive events (IQR 244-4075) and a
median of 11.5 predictor variables (IQR: 6-39).

We conducted a systematic review and meta-analysis of
machine learning and deep learning studies focused on
COPD prognosis, identifying 18 eligible investigations.
The endpoints examined included  mortality,
exacerbation events, and deterioration in lung function.
Findings indicate that both machine learning and deep
learning methods may deliver greater predictive accuracy
than traditional regression models, regardless of specific
architecture or chosen variables—especially when
forecasting mortality. Nevertheless, this conclusion must
be tempered by the universally high risk of bias across
studies and the results observed during external
validation. Primary factors driving high risk of bias
included inadequate management of missing data,

limited sample sizes, and failure to report confidence
intervals.

Marked heterogeneity between studies for each clinical
endpoint complicated direct performance comparisons,
stemming from variations in outcome time windows,
patient characteristics, input features, and modeling
techniques. Even so, we recognize that substantial
heterogeneity is to be expected when developing deep
learning models, since factors such as random weight
initialization alone can influence training outcomes [42].
Consequently, aggregating results despite  high
heterogeneity remains acceptable when potential sources
of variation are acknowledged.

Pooled results for machine learning and deep learning
models on internal validation data surpassed the pooled
performance of regression models from external
validation sets. Yet, among the five models subjected to
external validation (one for exacerbation and four for
mortality), external performance declined by roughly
0.09 AUC on average compared with internal results. It
proved inferior to or comparable with regression models.
Robust conclusions about superiority require thorough
external validation, which remains a widespread
methodological shortcoming in machine learning and
deep learning research [4, 43, 44].

Nearly every study exhibited high risk of bias arising
from unsuitable handling of missing data (for instance,
relying on complete-case analysis without verifying
missing-completely-at-random assumptions).
PROBAST guidelines advocate multiple imputation to
limit bias while maintaining data distribution [41];
however, comparable strategies for imputing absent
imaging information remain an active research topic [45].
Regarding overfitting risk, an EPV exceeding 20
generally denotes low risk of bias, whereas an EPV
below 10 signals high risk [41]. The six studies with EPV
under 10 featured both modest datasets with sparse
outcome events and models incorporating numerous
predictor variables. When expanding cohort size is not
possible, applying multivariate feature selection to trim
the number of inputs can help mitigate overfitting [41].
Deep learning studies typically utilized larger datasets
than machine learning studies, with median training
cohort sizes of 6016 (IQR: 2407-10,300) versus 1292.5
(IQR: 183-29,747), respectively. In broad terms, deep
learning models tend to achieve stronger performance
and better generalizability with bigger training sets.
Despite this pattern, we observed a qualitative inverse
association between deep learning mortality model
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accuracy and training cohort size, suggesting potential
overfitting to the training data. Regularization methods
can curb overfitting in deep learning with little detriment
to training performance; common options include
dropout [46], batch normalization [47], and data
augmentation [48]. Traditional notions of overfitting and
regularization do not translate straightforwardly to deep
learning, as these models can achieve near-perfect fits to
training data (what would classically be viewed as
overfitting) while still delivering strong test performance
and external generalizability [49]. At present, evaluating
overfitting risk in deep learning for prognostic
applications remains difficult beyond external validation,
underscoring the need for specialized guidelines
analogous to PROBAST in the deep learning setting.
Although more than 75% of the studies documented age
and sex characteristics, and the recruitment location was
clear in every case, reporting of participants’ ethnicity
remained inadequate. For thorough evaluation and
comparison across investigations, complete disclosure of
cohort demographics is essential. This is particularly
important given the well-documented racial and sex-
related differences in COPD risk and progression [50,
51]. Self-reported race has lately been identified as a
potentially significant confounder in image-based deep
learning assessments [52]. Since ethnicity data are
unavailable for the ECLIPSE cohort—a frequently used
validation set in major COPD research—there is a clear
need for new, sizable studies that fully describe
participant demographics. Except for three papers, all
studies originated from North America or Western
Europe (specifically the USA, Canada, UK, or Spain).
The remaining three were conducted in South Korea [24,
25] and Taiwan [28]. Consequently, applying these
findings to low- and middle-income countries—where
COPD exerts its greatest impact—requires considerable
caution [53].

Because of modest external generalizability and a
pervasive high risk of bias, current evidence does not
strongly support the notion that machine learning or deep
learning models outperform conventional regression
approaches, even with their greater sophistication. That
said, continued development in these areas holds promise
for enhanced generalizability and reduced bias in the
future. In particular, creating dedicated risk-of-bias
tools—modeled after PROBAST—specifically for deep
learning model development and validation would help
address issues such as missing data, generalizability,
dataset scale, and reporting practices, thereby

standardizing methodology and elevating evidence
quality.

From a practical clinical standpoint, machine learning
tools demanding numerous input variables offer limited
value to clinicians who must assess individual patients
rapidly and cannot realistically collect dozens of data
points per case. In contrast, established risk scores (for
example, the BODE index) and deep learning models
applied to CT imaging show greater promise for real-
world use. The expanding role of CT scans in differential
diagnosis, lung cancer screening, and preoperative
evaluation [2] creates natural opportunities for CT-based
deep learning tools to provide prognostic insights
opportunistically, without imposing extra workload on
clinicians—assuming the models have been rigorously
validated in integrated clinical settings [54].

Moreover, effective deep learning model development
depends on access to extensive high-quality datasets and
well-crafted algorithmic  designs. For imaging,
established public longitudinal cohorts such as
COPDGene and ECLIPSE supply valuable high-quality
data suitable as benchmarks for model testing and
validation. Nevertheless, these collections remain modest
in scale compared with massive imaging repositories
used in computer science (such as ImageNet, which
contains over 14 million images). Additional work is
required to advance deep learning techniques capable of
properly processing CT scans. Among the reviewed
studies, only Singla and colleagues [23] utilized three-
dimensional volumetric data rather than two-dimensional
slices. Exploring multimodal integration represents
another encouraging avenue. Moslemi and colleagues
[32], Nam and colleagues [24], and Singla and colleagues
[23] each demonstrated that merging imaging and
clinical information in a unified prognostic model
yielded superior results compared with using either data
type in isolation. Furthermore, emerging large language
models open fresh research possibilities [55]. These
systems have shown remarkable skill at parsing
unstructured text and can often be adapted to new fields
with minimal fine-tuning via prompting [56], although
their application to medical prediction tasks remains
largely unexplored.

Finally, deep learning models focused on imaging may
also help uncover disease subtypes linked to severity
levels. For instance, Humphries and colleagues [22]
created a tool to automatically assign Fleischner grades
for emphysema severity on lung CT scans; this approach



Petrova et al.

J Med Sci Interdiscip Res, 2026, 6(1):120-133

distinguished mortality risk more effectively than manual
human grading using the original Fleischner criteria.
Despite these possibilities, predicting disease course
remains inherently challenging, and there is no assurance
that machine learning or deep learning will achieve
reliable patient-level forecasts. Clinical usefulness
cannot be established solely through internal and external
validation studies [57]. Dedicated impact studies,
interventional trials, and silent trials [54] are necessary to
determine whether such models can meaningfully
enhance patient outcomes and optimize healthcare
resource allocation. To our knowledge, no such
evaluations have yet been performed for COPD-related
endpoints, and they are improbable until stronger
evidence establishes clinical equipoise.

The earlier review by Bellou and colleagues [4]
examined 408 regression-based prognostic models. It
determined that only seven (1.7%) carried low risk of
bias under PROBAST criteria, mainly because of small
training sets, inadequate feature selection or external
validation, and suboptimal missing data management.
Our analysis, limited to 18 non-regression machine
learning and deep learning models, similarly identified
high risk of bias in the analysis domain across all studies
for comparable core reasons, while additionally
highlighting deficiencies in confidence interval reporting
for model performance.

This work represents the first in-depth systematic review
of non-regression machine learning and deep learning
approaches for COPD outcome prediction. Key strengths
include an exhaustive search across multiple databases
conducted in line with PRISMA standards, dual
independent processes for study screening and data
extraction, and rigorous quality and bias appraisals
guided by TRIPOD and PROBAST instruments. The
primary limitation was the considerable heterogeneity
among studies, which hindered firm conclusions about
overall model performance or identification of optimal
modeling strategies for COPD prognosis. The need to
recalculate 95% Cls—while vital for fair comparison—
introduced another constraint. In most cases, the
recalculated intervals closely aligned with originally
reported values, except in three studies [21, 24, 25]. For
Yun and colleagues [25], the published 95% CI was
notably narrower than our calculation and those seen in
comparable research. Given that this study had the
smallest training cohort (344 participants) among deep
learning investigations, we deemed use of the
recalculated Cl appropriate. For Gonzélez and colleagues

[21] and Nam and colleagues [24], the recalculated Cls
were narrower than those originally published, leading to
somewhat optimistic pooled estimates involving these
papers. Broader Cls would likely reduce the statistical
significance of observed differences between groups and
therefore would not alter the overall conclusions of this
review.

Conclusion

In summary, our systematic review evaluated 18 machine
learning and deep learning studies addressing COPD
mortality, exacerbation, and functional decline, revealing
only limited evidence that these models surpass
previously reported regression tools based on
performance on external validation sets. All studies
exhibited high risk of bias, driven chiefly by low events-
per-variable ratios, suboptimal missing data handling,
and absent uncertainty measures. Future investigations
should prioritize alignment with PROBAST principles
wherever applicable. Despite these constraints, we
encourage continued development of deep learning
techniques, particularly those emphasizing efficient
three-dimensional image processing and multimodal data
integration.
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