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Title of the Manuscript:

Predictive Modelling Methods of Hospital Readmission Risks for Patients with
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Chronic Obstructive Pulmonary Disease (COPD): A Systematic Review Protocol

ABSTRACT

15 Introduction

17 Chronic Obstructive Pulmonary Disease (COPD) is a significant chronic respiratory
condition characterized by persistent airway obstruction, leading to substantial morbidity
22 and mortality worldwide. Patients with COPD frequently experience hospital readmissions
24 shortly after discharge, mainly due to acute exacerbations. This review evaluates and
compare the effectiveness of various predictive modelling methods for hospital
29 readmissions in COPD patients, focusing on recent advances, challenges, and limitations
31 of prediction methods.

33 Method and analysis
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This systematic review will adhere to PRISMA-P reporting guidelines. The review will
38 include studies that develop or validate predictive models for hospital readmissions in
40 COPD patients. We will perform a comprehensive search on PubMed, Embase, Cochrane
Library, IEEE Xplore, Web of Science, and Google Scholar. Eligible studies will include
45 those utilizing any predictive modelling method, focusing on unplanned readmissions

47 within specified timeframes (30, 60, or 90 days). Two independent reviewers will screen
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titles, abstracts, and full texts, and will extract data using a standardized form. The
5o methodological quality and risk of bias will be assessed using the Prediction Model Risk

54 Of Bias Assessment Tool (PROBAST).
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The results will be synthesized narratively, and a meta-analysis will be performed if the
studies are sufficiently homogenous.

Ethics and dissemination

This research is a systematic review of published studies and does not involve direct patient
data collection, thus not requiring ethics approval. Findings will be disseminated through
publication in peer-reviewed journals and presentations at national and international
conferences.

Prospero registration number

This protocol is registered with PROSPERO (CRD42024579524).

Keywords: COPD, hospital readmission, predictive modelling, risk factors

STRENGTHS AND LIMITATIONS OF A STUDY

= This study's strengths lie in its comprehensive approach to systematically reviewing
predictive models for hospital readmissions in COPD patients.

= By directly comparing traditional statistical methods with contemporary machine
learning techniques, this review assesses their effectiveness in predicting hospital
readmissions among COPD patients, while highlighting the recent advances,
challenges, and inherent limitations of these predictive modeling approaches.

= The use of rigorous methodologies, applying of the CHARMS checklist and
PROBAST tool, ensures a thorough assessment of the quality and risk of bias in the

included studies-
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= The anticipated heterogeneity in study designs, patient populations, and predictive

models may challenge the synthesis of results and limit the generalizability of the

oNOYTULT D WN =

findings.

3 INTRODUCTION

15 According to the World Health Organization, Chronic Obstructive Pulmonary Disease
(COPD) is a major chronic respiratory condition characterized by persistent airway
20 obstruction, contributing to significant morbidity and mortality worldwide and accounting
22 for nearly 5% of deaths in 2021'. Affecting over three million individuals globally, COPD
imposes a substantial burden on both individuals and healthcare systems, contributing to
27 high direct and indirect costs, frequent medical consultations, emergency visits, and
29 hospitalizations?3*. A recent study by Chen et al. (2023)° estimates that COPD will cost
the global economy USD 4.326 trillion between 2020 and 2050, representing an annual tax

34 of 0.111% on global GDP. This highlights the substantial economic impact of the disease

* (s3gv) Jnauadns juswaublasug
| @p anbiydeiboilqig soushy re Gzoz ‘2 sunr uo /wod fwg uadolway/:dny wolj pspeojumod "szoz |1dy /Z uo T..£60-7202-uadolwa/oeTT 0T Se paysiignd 1si1) :uadO rINg

36 across different countries and regions. Moreover, patients with COPD often experience
38 hospital readmissions shortly after discharge, primarily due to acute exacerbations. These
readmissions highlight gaps in care management and coordination during transitions
43 between care levels®’.

45 Frequent and often preventable readmissions significantly increase healthcare costs and

negatively affect the quality of care provided®®!°. For instance, in the United States, COPD
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50 readmissions are responsible for more than $15 billion annually in direct healthcare costs
52 alone®, representing up to 75% of the total costs associated with managing COPD

exacerbations!!.
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While progress has been made in understanding the factors contributing to these
readmissions, the persistently high rates underscore the need for more effective prevention
strategies and improved patient monitoring post-discharge. Indeed, enhanced coordination
between hospital services and primary care, along with personalized management plans,
has demonstrated the ability to reduce readmissions and improve patient clinical
outcomes!> 13, In response to the significant financial burden and high rates of readmissions
associated with COPD, predictive modeling efforts have been undertaken to identify
determinants of these readmissions, with the aim of improving interventions and care
planning!415, Predictive modelling is "the process of applying a statistical model or data
mining algorithm to data to predict new observations or future observations"'®. Current
studies!4!7-18 reveal a wide variety of methods used to predict readmissions, reflecting the
complexity of COPD and the multiple factors influencing patient outcomes.

Conventional approaches, such as LACE, PEARL, Elixhauser, and HOSPITAL indices
18,19.20 have been widely adopted in clinical practice. The LACE index predicts 30-day
readmissions or death based on length of stay, acuity of admission, comorbidity (via the
Charlson index), and emergency visits in the last six months!®. The HOSPITAL score,
identifies patients at risk of avoidable readmissions, focusing on hospital procedures and
previous admissions??. The PEARL score predicts 90-day readmission or death in COPD
based on five criteria: previous admissions, eMRCD score, age, and right- and left-sided
heart failure'®. The Elixhauser comorbidity index assesses assesses 29 comorbidities to
predict hospital mortality and readmissions?!. While these tools are useful, they often fail
to fully address the complexity of COPD and its social determinants, which can limit their

effectiveness in specific contexts or populations!'®.
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The findings will inform future research and aid in identifying individuals at highest risk
of readmission which could be the target of interventions to reduce hospital readmissions.
Identifying these patients should enhance health outcomes and alleviate the burden on
healthcare systems.

This systematic review aims to address the following primary question: What is the
effectiveness of the different predictive modelling methods for hospital readmission risks

in patients with COPD?

OBJECTIVES

The objectives of this review are to :

1.Identify the different predictive modelling methods used to predict readmission risks for
patients with COPD.

2. Analyze and compare the performance and limitations of traditional predictive models
with those using machine learning approaches.

3. Identify the strengths and weaknesses of using each method.

METHODS AND ANALYSIS
This review will follow a rigorous methodology outlined in the Cochrane Handbook for
Systematic Reviews of Interventions?>?3, with a protocol registered in PROSPERO

(number CRD42024579524).
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Eligibility criteria

Complies with PRISMA-P guidelines®*?, this systematic review will examine the
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following eligibility criteria based on the PICOS approach?®, which consists of the
10 population, intervention/exposure, comparator, outcomes, and study design. The selection
of these criteria is based on a brief review of the literature, including systematic evaluations
15 of predictive models for hospital readmissions?’2%2°, This approach ensures that the most
17 relevant elements are included to effectively address the research question. Inclusion and

exclusion criteria are described in table 1

22 Table 1 Summary of inclusion and exclusion criteria

25 Criteria Inclusion Exclusion

27 Population  Adult patients discharged after a hospital Studies on  other  populations.
admission where the final diagnosis was Studies not specifically concerning
32 COPD. COPD readmissions.

34 Studies focusing on elective
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readmissions (e.g. readmission after

39 specific surgery).

41 Intervention Any studies reporting the development/ Studies on the risks of COPD
43 validation of a readmission prediction readmissions without a focus on
model including the use of heuristics predictive modelling.

48 approach or statistical methods (machine Studies that do not provide a clear and
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50 learning, or other analytical techniques).  detailed description of the variables used

in the predictive models.

55 Comparator No restriction on comparator type NA
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Outcomes Unplanned readmission within 30, 60 or Outcomes not related to unplanned
90 days following patient discharge. readmission or predictive modelling.
Ability of models to predict hospital
readmission risk (C-statistic, accuracy of
predictive models, sensitivity, specificity,
calibration, and validation of models).

Associated risk factors include clinical
variables, comorbidities, health behaviors,
etc.

Study design Quantitative empirical studies, including Retracted publications, qualitative or
prospective and retrospective cohort mixed-methods studies, and non-
studies, randomized controlled trials, case- empirical material such as knowledge
controlled studies, model validation syntheses, letters, perspectives, editorial,
studies, and studies utilizing panel data. theses, conference abstracts, study

protocols, books, book chapters, and
scoping reviews.

Language English or French Other languages

Time No restrictions NA

Context Healthcare studies related to hospital Not health-related or not related to

readmission for COPD.

hospital readmission for COPD
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Information sources

To identify studies on predictive models for COPD readmissions, an exhaustive search will
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be conducted on the following electronic databases: PubMed, Embase, Cochrane Library,
10 IEEE Xplore, and Web of Science. The search period will cover from the inception of each
database to the date of the search, in both English and French. In addition, a search for grey
15 literature will be conducted using Google Scholar to include articles not published in

17 traditional databases.

22 Search strategy

24 Our search strategy employs both MeSH terms and keywords to ensure comprehensive
coverage of relevant studies. Key terms such as '"patient readmission" and
29 "rehospitalization" are specifically targeted to capture studies focused on hospital
31 readmissions. Additionally, the strategy includes terms associated with predictive

33 modeling, such as "Regression Analysis," "Algorithms," "Prognosis," "Support Vector
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Machine," and "machine learning." For COPD, we will use specific terms including
38 "chronic obstructive pulmonary disease," "COPD," "emphysema," and "chronic
40 bronchitis." We will also incorporate MeSH terms related to "risk" along with keywords
such as "risk factors" and "risk assessment." These search criteria will be systematically
45 combined using Boolean operators (AND, OR) to refine the final set of references in each

47 database. The references cited in the included studies will also be reviewed to identify
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additional relevant articles. A proposed search strategy for PubMed is detailed in the

57 Appendix 1.
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Data collection and management

Selection of studies

Citations will be imported into the online systematic review platform Covidence (Veritas
Health Innovation, Australia)3®3!, where duplicates will be automatically removed prior to
the detailed study analysis. Two independent reviewers will conduct every step and meet
to discuss discrepancies. If consensus is not reached, then a third investigator will
adjudicate. The first step will consist of screening titles and abstracts to assess relevance
based on predefined inclusion and exclusion criteria. We will then review the full article

of each retained reference. At this step, we will note the reason for each excluded article.

Data collection and extraction process
A double data extraction will be performed for all included articles. Two reviewers will
independently extract data from each article using a standardized data extraction form
(Appendix 2) based on the CHARMS checklist (Checklist for Critical Appraisal and Data
Extraction for Systematic Reviews of Prediction Modelling Studies)3?. The data extraction
form will be piloted on a 10% sample of articles and adjusted if necessary. Any
disagreements in data extraction will be discussed between the two reviewers and, if
unresolved, will be adjudicated by a third party .
The extracted data will include the following key elements:

e Source and study design: study title, authors, publication year, and country, along

with the data source type (e.g., cohort, case-control).
o Participant characteristics: participant descriptions, including sample size and

demographic details such as age, gender, and recruitment methods.

For peer review only - http://bmjopen.bmj.com/site/about/guidelines.xhtml
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e Modelling methods: type of predictive modelling approach used in the study, as

well as the analyses for the total population.

oNOYTULT D WN =

o Handling of Missing Data: Presence of missing data (on outcomes and/or
10 variables) and method of handling missing data

e QOutcome measures: Primary and secondary outcomes related to COPD
15 readmission, with a focus on how these outcomes are measured and reported.

17 e Predictive variables and model inputs: number and names of predictive variables
used (demographics, clinical), and measurement method.

22 e Model development and validation: Modeling methods used, selection of
24 predictors, methods employed for model wvalidation, (internal/external),
performance metrics (C-index, sensitivity, specificity, calibration).

29 e Results and interpretation: final model's results, potential biases, limitations, and

31 assumptions.
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Risk of bias in individual studies
38 The risk of bias will be assessed using the Prediction model Risk Of Bias Assessment Tool
40 (PROBAST)?33:34, which is specifically designed for systematic reviews of diagnostic
prediction models (Appendix 3). The assessment will focus on several key domains,
45 including participants, predictors, outcomes, analyses, and overall methodological rigour.

nmn

47 Each domain will be evaluated and classified as "high risk of bias," "unclear risk of bias,"
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or "low risk of bias." Any discrepancy or conflict that arises during the assessment will be
5o resolved through consensus discussions, and if necessary, with the involvement of a third

54 reviewer.
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Data synthesis
The synthesis will focus on both qualitative and quantitative aspects, acknowledging the
potential heterogeneity across studies due to differences in study populations, model types,

and implementation contexts.

Narrative synthesis

We will begin with a narrative synthesis to summarize and interpret the findings from the

included studies. This approach allows us to describe the characteristics and performance

of the predictive models in a detailed and systematic manner. We will highlight the key

features of each study, including the population characteristics, the type of predictive

models used, and the context in which the models were developed and validated. The

narrative synthesis will also address the following critical aspects:

e Model discrimination: We will assess how well each model distinguishes between
patients who are readmitted and those who are not. This will include evaluating metrics

such as the Area Under the Receiver Operating Characteristic Curve (AUC-ROC) and
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other relevant performance indicators.

e Cohort type: We will compare the types of COPD patient cohorts used across studies,
considering factors such as the inclusion criteria, severity of the disease, and the
presence of comorbidities.

e Practical implementation: We will examine the practical aspects of implementing these

predictive models in clinical settings, including the ease of use, data availability, and
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the resources required for the implementation.

For peer review only - http://bmjopen.bmj.com/site/about/guidelines.xhtml


http://bmjopen.bmj.com/

Page 13 of 31 BMJ Open

e Types of variables included: We will categorize and compare the types of variables

included in the predictive models (e.g., demographic factors, clinical variables,

oNOYTULT D WN =

biomarkers), as the choice of variables can significantly impact model accuracy and
10 generalizability.

e Model performance indicators: Beyond discrimination, we will explore other
15 performance indicators such as calibration, sensitivity, specificity, and predictive

17 values.

Handling heterogeneity

23 Due to expected heterogeneity in study design, patient populations, and model types, a
25 meta-analysis will only be conducted if sufficient homogeneity is present. In line with
Kansagara & al. (2011)%7, we will qualitatively explore heterogeneity by synthesizing the
30 differences and similarities in model discrimination, COPD patient cohort types,
32 implementation practicalities, included variables, and performance indicators. This

34 approach allows for a thorough and context-specific assessment of predictive models.
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39 ETHICS AND DISSEMINATION

41 This research project is based on the analysis of published studies and does not involve
direct patient data collection; hence no ethics approval is required. However, the study will
46 adhere to ethical principles of scientific rigour, transparency, and respect for data sources.

48 The findings will be disseminated through publication in scientific journals, presentations

N
O
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at national and international conferences, and specialized forums in health sciences and
53 research methodology. This approach will maximize the impact of the findings and support

55 evidence-informed public health policies.

60 For peer review only - http://bmjopen.bmj.com/site/about/guidelines.xhtml


http://bmjopen.bmj.com/

oNOYTULT D WN =

BMJ Open

Patient and public involvement

Not applicable.

DISCUSSION

The predictive modelling of hospital readmissions for COPD patients is an evolving field
that has seen significant advancements, transitioning from traditional methods to
sophisticated machine learning approaches. Each of these methodologies comes with its
own set of strengths and weaknesses.

Traditional predictive tools, such as the LACE, PEARL, Elixhauser, and HOSPITAL
indices, have been extensively used in clinical settings. These tools, while robust, often fall
short of capturing the multifaceted nature of COPD patient care. For instance, the
Elixhauser index, despite its comprehensive inclusion of comorbidities, is complex and
lacks generalizability across diverse patient populations®. Similarly, the HOSPITAL score
requires adjustments to reflect individual COPD patient characteristics, including social
determinants of health!'*. COPD-specific indices like the PEARL score offer promising
perspectives due to their specificity for acute COPD exacerbations but require rigorous
evaluation for long-term application'®. Furthermore, while general indices like LACE
sometimes outperform disease-specific indices, they are not consistently reliable for
predicting readmissions in COPD patients, highlighting the intricate nature of this task.
The adoption of more sophisticated modelling methods, such as machine learning
techniques, offers a compelling alternative to traditional models, addressing some of their

limitations.
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Standard machine learning models, such as penalized logistic regression, random forests,

and gradient-boosting decision trees, demonstrate an enhanced ability to process and

oNOYTULT D WN =

analyze complex datasets, leading to a deeper understanding of readmission risk factors'4.
10 Additionally, deep machine learning models, such as convolutional and recurrent neural
networks, provide nuanced insights into medical data sequences, which are crucial for
15 understanding COPD's progression and outcomes'4. However, these approaches demand
17 large volumes of high-quality data and specialized expertise for their implementation,
which can be a barrier in some clinical environments!”.

22 In conclusion, this research will assess and synthesize the current state of predictive
24 modelling for hospital readmission risks in patients with COPD. By comparing traditional
predictive models with emerging machine learning approaches, this review aims to provide
29 a comprehensive understanding of the strengths and limitations of various methodologies.
31 The insights gained may guide the development of more effective and context-sensitive

33 predictive models that can improve the management of COPD patients, reduce hospital
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readmissions, and ease the burden on healthcare systems. The findings from this review
38 could inform future research and support the transition towards integrating advanced
40 prediction methods in clinical practice, offering personalized interventions that improve

patient outcomes and optimize the use of healthcare resources.

47 Amendments
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Any protocol amendments will be documented and made publicly accessible on the
5o PROSPERO registration. Each amendment will include the date, a detailed description,

54 and the rationale for the changes made.
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Annex

Appendix 1

BMJ Open

PubMed search strategy

Search

number

13

12

11

10

Query

#3 AND #6 AND #9 AND #12

#10 OR #11

"Predictive  variabl*"[TIAB] OR "Risk factors"[TIAB] OR
"Util*"[TIAB] OR "value*"[tiab] OR "tool*"[tiab] OR "index"[tiab] OR
"indices"[tiab] OR "assess*"[tiab] OR "risk prediction"[TIAB] OR "risk
score"[TIAB] OR "risk calculation"[TIAB] OR "risk assessment"[TIAB]
"Risk"[Mesh]

#7 OR #8

"Data mining*"[TIAB] OR "Forecasting*"[TIAB] OR "Explanatory
modelling"[TIAB] OR "Neural Networks*"[TIAB] OR "Support Vector
Machine"[TIAB] OR "Naive Bayesian classifier"[ TIAB] OR "Logistic
regression"[TIAB] OR "heuristic approach*"[TIAB] OR "Statistical
approach*"[TIAB] OR ‘"c-statistic*"[tiab] OR "ROC"[tiab] OR
"nomogram"[tiab] OR "indicat*"[tiab] OR "calibration"[tiab] OR "area
under the curve"[tiab] OR "area under the receiver operator characteristic
curve"[tiab] OR "Predictive Value of Tests"[TIAB]

"Regression  Analysis"[Mesh] OR  "Algorithms"[Mesh] OR

"Nomograms"[mesh] OR "Prognosis"[Mesh:NoExp] OR "Support
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Vector Machine"[Mesh] OR "Area Under Curve"[Mesh]

6 #4 OR #5
"Rehosp*"[TIAB] OR  "Discharge"[TIAB] OR  "Unplanned
readmission*"[TIAB] OR  "Readmission*"[tiab] OR  "Re-
admission*"[tiab] OR "Readmit*"[tiab] OR "Repeat*"[tiab] OR
5 "Admission*"[tiab]
"Patient Readmission"[Mesh] OR "Hospitalization*"[Mesh] OR
4 Hospital*"[Mesh]
3 #1 OR #2
"Pulmonary  Emphysema*"[TIAB] OR  "Chronic  Pulmonary
2 disease*"[TIAB] OR "COPD*"[TIAB]
1 "Pulmonary Disease, Chronic Obstructive"[Mesh]
Appendix 2 CHARMS 2014 Relevant items to extract from individual studies in
a systematic review of prediction models®2.
Domain Key items Reported
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Source of data

Source of data (e.g., cohort, case-control, randomized trial

participants, or registry data)

Participants

Outcome(s) to be

predicted

Participant eligibility and recruitment method (e.g.,
consecutive participants, location, number of centers,

setting, inclusion and exclusion criteria)

Participant description

Details of treatments received, if relevant

Study dates

Definition and method for measurement of outcome

Was the same outcome definition (and method for

measurement) used in all patients?

Type of outcome (e.g., single or combined endpoints)

Was the outcome assessed without knowledge of the

candidate predictors (i.e., blinded)?

Were candidate predictors part of the outcome (e.g., in panel

or consensus diagnosis)?
Time of outcome occurrence or summary of duration of

follow-up

Candidate
predictors

(or index tests)

Number and type of predictors (e.g., demographics, patient
history, physical examination, additional testing, disease

characteristics)

Definition and method for measurement of candidate

predictors

Timing of predictor measurement (e.g., at patient

presentation, at diagnosis, at treatment initiation)

Were predictors assessed blinded for outcome, and for each

other (if relevant)?
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Handling of predictors in the modelling (e.g., continuous,

linear, non-linear transformations or categorised)

Sample size

Number of participants and number of outcomes/events

Number of outcomes/events in relation to the number of

candidate predictors (Events Per Variable)

Missing data

Model

development

Number of participants with any missing value (include

predictors and outcomes)
Number of participants with missing data for each predictor

Handling of missing data (e.g., complete-case analysis,

imputation, or other methods)

Modelling method (e.g., logistic, survival, neural network,

or machine learning techniques)

Modelling assumptions satisfied

Method for selection of predictors for inclusion in
multivariable modelling (e.g., all candidate predictors, pre-

selection based on unadjusted association with the outcome)
Method for selection of predictors during multivariable

modelling (e.g., full model approach, backward or forward
selection) and criteria used (e.g., p-value, Akaike

Information Criterion)
Shrinkage of predictor weights or regression coefficients

(e.g., no shrinkage, uniform shrinkage, penalized

Model

Calibration (calibration plot, calibration slope, Hosmer-

Lemeshow test) and Discrimination

For peer review only - http://bmjopen.bmj.com/site/about/guidelines.xhtml

Page 26 of 31

'salIfojouyoal Jejiwis pue ‘Buiuresy |v ‘Buluiw elep pue 1xa1 01 pale|al sasn Joj Buipnjoul ‘1ybliAdod Aq paloalold

* (s3gv) Jnauadns juswaublasug
| @p anbiydeiboilqig soushy re Gzoz ‘2 sunr uo /wod fwg uadolway/:dny wolj pspeojumod "szoz |1dy /Z uo T..£60-7202-uadolwa/oeTT 0T Se paysiignd 1si1) :uadO rINg


http://bmjopen.bmj.com/

Page 27 of 31 BMJ Open

m
1 =
: H
2 performance Classification measures (e.g., sensitivity, specificity, =
5 o N @
6 predictive values, net reclassification improvement) and ©
7 =
8 whether a-priori cut points were used %
" o
?o Model Method used for testing model performance: development L B
1 _ _ S S
12 Evaluation dataset only (random split of data, resampling methods e.g. 8 o
13 3 2
14 bootstrap or cross-validation, none) or separate external g 3
15 S 3
16 validation (e.g. temporal, geographical, different setting 2 3
17 s ’ ’ ’ a 3
18 Z R
19 different investigators) 5 3
[¢]
20 In case of poor validation, whether model was adjusted or < §
= =
. . . . 3 g
53 updated (e.g., intercept recalibrated, predictor effects E) N
24 . . 2 m>
25 adjusted, or new predictors added) G
TaN
;? Results Final and other multivariable models (e.g., basic, extended, =3 E
2
28 o o | | 529
29 simplified) presented, including predictor weights or 5 03
30 235
31 regression coefficients, intercept, baseline survival, model 3;—;@
32 o< -,
Q =
. —~0
2431 performance measures (with standard errors or confidence g &3
Zm=-
35 . ERZE:
36 intervals) a- S
37 : : - z 2
38 Any alternative presentation of the final prediction models, 5 8
39 R
- > e
40 e.g., sum score, nomogram, score chart, predictions for @ 3
4 S 3
. . . Q
fé specific risk subgroups with performance o 3
3 o
. . . . . . . = S
44 Comparison of the distribution of predictors (including 2 o
6 3
47 Interpretation Interpretation of presented models (confirmatory, i.e., 3 :
48 S B
. . — (6)]
49 and discussion model useful for practice versus exploratory, i.e., more s =
50 Z
51 research needed) %
52 )
53 =
54 =
55 E
56 S
57 é
58 g
59 @
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discussion  of

studies,

other

with

generalizability, strengths and

limitations.

Comparison
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Appendix 3 PROBAST: Assessment of Risk of Bias and Concerns Regarding
Applicability3*

1. Participants 2. Predictors 3. Outcome 4. Analysis
Signaling questions
1.1. Were appropriate | 2.1. Were predictors | 3.1. © Was  the |4.1. Were there a
data sources used, e.g., | defined and assessed | outcome reasonable number of
cohort, RCT, or nested | in a similar way for | determined participants ~ with  the
case-control study | all participants? appropriately? outcome?

data?

1.2. Were all

inclusions and
exclusions of
participants

appropriate?

2.2. Were predictor
assessments  made
without knowledge

of outcome data?

2.3. Are all
predictors available
at the time the model

1s intended to be

used?

3.2 Was a
prespecified or
outcome

standard

definition used?

3.3. Were
predictors excluded
from the outcome

definition?

34. Was the
outcome  defined

and determined in a

similar way for all

4.2. Were continuous and
categorical predictors

handled appropriately?

4.3. Were all enrolled
participants included in the

analysis?

4.4. Were participants with

missing data  handled

appropriately?
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participants?

3.5. Was the

outcome
determined without
knowledge of
predictor
information?

3.6. Was the time
interval  between
predictor
assessment and
outcome
determination

appropriate?

4.5. Was selection of
predictors based on
univariable analysis

avoided?

4.6. Were complexities in
the data (e.g., censoring,
competing risks, sampling
of control participants)
accounted for

appropriately?

4.7. Were relevant model
performance measures
evaluated appropriately?
4.8. Were model
overfitting,  underfitting,
and optimism in model
performance accounted
for?

4.9. Do predictors and their
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assigned weights in the
final model correspond to
the results from the
reported multivariable
analysis?

ROB Predictors or their | Outcome or its | Analysis

Selection of | assessment determination

participants

Applicability Definition, Its definition,

Included participants | assessment, or timing | timing, or

or setting does not | of predictors does not | determination does

match the review | match the review | not match the

question question review question

RCT = randomized controlled trial; ROB = risk of bias. Signaling questions are answered

as yes, probably yes, probably no, no, or no information. ROB and concerns for

applicability are rated as low, high, or unclear.
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Title of the Manuscript:

Predictive Modelling Methods of Hospital Readmission Risks for Patients with

oNOYTULT D WN =

Chronic Obstructive Pulmonary Disease (COPD): A Systematic Review Protocol

ABSTRACT

15 Introduction

17 Chronic Obstructive Pulmonary Disease (COPD) is a significant chronic respiratory
condition characterized by persistent airway obstruction, leading to substantial morbidity
22 and mortality worldwide. Patients with COPD frequently experience hospital readmissions
24 shortly after discharge, mainly due to acute exacerbations. This review aims to identify and
synthesize the reported performance metrics and methodological limitations of different
29 predictive modelling methods for hospital readmissions in COPD patients.

31 Method and analysis

33 This protocol adheres to the Preferred Reporting Items for Systematic Reviews and Meta-
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Analysis Protocols (PRISMA-P) guidelines. The review will include studies that develop
38 or validate predictive models for hospital readmissions in COPD patients. A
40 comprehensive search will be conducted across PubMed, Embase, Cochrane Library, IEEE
Xplore, Web of Science, and Google Scholar using predefined keywords. Eligible studies
45 will include those utilizing any predictive modelling method, focusing on unplanned

47 readmissions within specified timeframes (30, 60, or 90 days). Two independent reviewers
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will screen titles, abstracts, full texts, selecting studies based on predefined inclusion

5o criteria.
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Data extraction will be conducted based on the CHARMS checklist, and the
methodological quality and risk of bias will be assessed using the Prediction Model Risk
Of Bias Assessment Tool (PROBAST).

The results will be synthesized narratively. A meta-analysis using a random-effects model
will be conducted if at least five external validation studies are available for the same
prediction model.

Ethics and dissemination

This research is based exclusively on published studies and does not involve the collection
of primary data collection from patients. Therefore, ethical approval is not required.
Findings will be disseminated through publications in peer-reviewed journals and
presentations at national and international conferences.

Prospero registration number

This protocol is registered with PROSPERO (CRD42024579524).

Keywords: COPD, hospital readmission, predictive modelling, risk factors

STRENGTHS AND LIMITATIONS OF A STUDY

= This study's strengths lie in its comprehensive approach to systematically reviewing
predictive models for hospital readmissions in COPD patients.

= This review will critically assess the reported performance metrics across studies while
accounting for methodological variations, including data heterogeneity and model

specifications.
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= The use of rigorous methodologies, applying of the CHARMS checklist and

PROBAST tool, ensures a thorough assessment of the quality and risk of bias in the

oNOYTULT D WN =

included studies-
= The anticipated heterogeneity in study designs, patient populations, and predictive
13 models may challenge the synthesis of results and limit the generalizability of the

15 findings.

INTRODUCTION

22 According to the World Health Organization, Chronic Obstructive Pulmonary Disease
(COPD) is a major chronic respiratory condition characterized by persistent airway
27 obstruction, contributing to significant morbidity and mortality worldwide and accounting
29 for nearly 5% of deaths in 2021'. In addition to its impact on mortality, COPD imposes
substantial costs, further exacerbated by frequent medical consultations, emergency visits,

34 and hospitalizations>34. A recent study by Chen et al. (2023)° estimates that COPD will
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36 cost the global economy USD 4.326 trillion between 2020 and 2050, representing an annual
38 tax of 0.111% on global GDP. This highlights the substantial economic impact of the
M disease across different countries and regions. Moreover, patients with COPD often
43 experience hospital readmissions shortly after discharge, primarily due to acute
45 exacerbations. These readmissions highlight gaps in care management and coordination

during transitions between care levels®’. Frequent and often preventable readmissions
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50 significantly increase healthcare costs and negatively affect the quality of care

52 provided?%10,
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For instance, in the United States, COPD readmissions are responsible for more than $15
billion annually in direct healthcare costs alone®, representing up to 75% of the total costs
associated with managing COPD exacerbations'!. Despite progress in understanding
readmission factors, high rates persist, emphasizing the need for better prevention and post-
discharge monitoring. Improved coordination between hospitals and primary care,
combined with personalized management, has proven effective in reducing readmissions
and improving patient outcomes!>!3. Given COPD significant financial burden and high
readmission rates, predictive modeling helps identify key risk factors to optimize
interventions and care planning!%!>. Predictive modelling is "the process of applying a
statistical model or data mining algorithm to data to predict new observations or future
observations"'®, Current studies'%!713 highlight diverse methods for predicting
readmissions, reflecting COPD's complexity and its multiple influencing factors.

Conventional approaches, such as LACE, PEARL, Elixhauser, and HOSPITAL indices
18,19.20 have been widely adopted in clinical practice. The LACE index predicts 30-day
readmissions or death based on length of stay, acuity of admission, comorbidity, and
emergency visits in the last six months'®. The HOSPITAL score, identifies patients at risk
of avoidable readmissions, focusing on hospital procedures and previous admissions?’. The
PEARL score predicts 90-day readmission or death in COPD based on five criteria:
previous admissions, eMRCD score, age, and right- and left-sided heart failure'®. The
Elixhauser comorbidity index assesses assesses 29 comorbidities to predict hospital
mortality and readmissions?!. While these tools are useful, they often fail to fully address
the complexity of COPD and its social determinants, which can limit their effectiveness in

specific contexts or populations!®.
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OBJECTIVES

The objectives of this review are to :

1.Identify the different predictive modelling approaches used to predict readmission risks
for patients with COPD.

2. Synthesize and analyze the reported performance metrics and methodological limitations
of these predictive models.

3. Identify the strengths and weaknesses of using each method.

METHODS AND ANALYSIS
This review will follow a rigorous methodology outlined in the Cochrane Handbook for
Systematic Reviews of Interventions?>23, with a protocol registered in PROSPERO

(number CRD42024579524).

Eligibility criteria

This protocol follows PRISMA-P guidelines?**?> and the PICOS approach?® to define
eligibility criteria, including the population, intervention/exposure, comparator, outcomes,
and study design. These criteria is based on a brief literature review, including systematic
evaluations of predictive models for hospital readmissions?’-?%2°, This approach ensures
that the most relevant elements are included to effectively address the research question.

Inclusion and exclusion criteria are described in table 1
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Summary of inclusion and exclusion criteria

Criteria

Inclusion

Exclusion

oNOYTULT D WN =

Population

Adult patients discharged after a hospital
admission where the final diagnosis was

COPD.

Studies on  other  populations.

Studies not specifically concerning

COPD readmissions.

Studies focusing on elective

readmissions (e.g. readmission after

specific surgery).

22 Intervention

Any studies reporting the development/
validation of a readmission prediction
model including the use of heuristics
approach or statistical methods (machine

learning, or other analytical techniques).

Studies on the risks of COPD

readmissions without a focus on

predictive modelling.
Studies that do not provide a clear and

detailed description of the variables used

in the predictive models.

36 Comparator

38 Outcomes

No restriction on comparator type

Unplanned readmission within 30, 60 or
90 days following patient discharge.
Ability of models to predict hospital
readmission risk (C-statistic, accuracy of
predictive models, sensitivity, specificity,
calibration, and validation of models).
Associated risk factors include clinical

variables, comorbidities, health behaviors,

NA
Outcomes not related to unplanned

readmission or predictive modelling.
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Study design

etc.

Quantitative empirical studies, including
prospective and retrospective cohort
studies, randomized controlled trials, case-
controlled studies, model validation

studies, and studies utilizing panel data.

Retracted publications, qualitative or
mixed-methods studies, and non-
empirical material such as knowledge
syntheses, letters, perspectives, editorial,
theses, conference abstracts, study
protocols, books, book chapters, and

scoping reviews.

Language English or French Other languages
Time No restrictions NA
Context Healthcare studies related to hospital Not health-related or not related to

readmission for COPD.

hospital readmission for COPD

Information sources

To identify studies on predictive models for COPD readmissions, an exhaustive search will

be conducted on the following electronic databases: PubMed, Embase, Cochrane Library,

IEEE Xplore, and Web of Science. The search period will cover from the inception of each

database to the date of the search, in both English and French. In addition, a search for grey

literature will be conducted using Google Scholar to include articles not published in

traditional databases.
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Search strategy

Our search strategy employs both MeSH terms and keywords to ensure comprehensive

oNOYTULT D WN =

coverage of relevant studies. Key terms such as '"patient readmission" and
10 "rehospitalization" are specifically targeted to capture studies focused on hospital
readmissions. Additionally, the strategy includes terms associated with predictive
15 modeling, such as "Regression Analysis," "Algorithms," "Prognosis," "Support Vector
17 Machine," and "machine learning." For COPD, we will use specific terms including
"chronic obstructive pulmonary disease," "COPD," "emphysema," and "chronic
22 bronchitis." We will also incorporate MeSH terms related to "risk" along with keywords
24 such as "risk factors" and "risk assessment." These search criteria will be systematically
combined using Boolean operators (AND, OR) to refine the final set of references in each
29 database. The references cited in the included studies will also be reviewed to identify
31 additional relevant articles. A proposed search strategy for PubMed is detailed in the

33 Appendix 1.
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38 Data collection and management

40 Selection of studies

Citations will be imported into the online systematic review platform Covidence, where
45 duplicates will be automatically removed prior to the detailed study analysis®*>!. Two

47 independent reviewers will conduct every step and meet to discuss discrepancies. If
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consensus is not reached, then a third investigator will adjudicate. The first step will consist
5o of screening titles and abstracts to assess relevance based on predefined inclusion and

54 exclusion criteria. We will then review the full article of each retained reference.
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At this step, we will note the reason for each excluded article.

Data collection and extraction process
A double data extraction will be performed for all included articles. Two reviewers will
independently extract data from each article using a standardized data extraction form
(Appendix 2) based on the CHARMS checklist??. The data extraction form will be piloted
on a 10% sample of articles and adjusted if necessary. Any disagreements in data extraction
will be discussed between the two reviewers and, if unresolved, will be adjudicated by a
third party . The extracted data will include the following key elements:
e Source and study design: study title, authors, publication year, and country, along
with the data source type (e.g., cohort, case-control).
o Participant characteristics: participant descriptions, including sample size and
demographic details such as age, gender, and recruitment methods.
e Modelling methods: type of predictive modelling approach used in the study, as
well as the analyses for the total population.
o Handling of Missing Data: Presence of missing data (on outcomes and/or
variables) and method of handling missing data
e Outcome measures: Primary and secondary outcomes related to COPD
readmission, with a focus on how these outcomes are measured and reported.
e Predictive variables and model inputs: number and names of predictive variables
used (demographics, clinical), and measurement method.
e Model development and validation: Modeling methods used, selection of
predictors, methods employed for model validation, (internal/external),

performance metrics (C-index, sensitivity, specificity, calibration).
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e Results and interpretation: final model's results, potential biases, limitations, and

assumptions.

oNOYTULT D WN =

10 Risk of bias in individual studies

The risk of bias will be assessed using the Prediction model Risk Of Bias Assessment Tool
15 (PROBAST)?3334 which is specifically designed for systematic reviews of diagnostic
17 prediction models (Appendix 3). The assessment will focus on several key domains,
including participants, predictors, outcomes, analyses, and overall methodological rigour.

nn

22 Each domain will be evaluated and classified as "high risk of bias," "unclear risk of bias,"
24 or "low risk of bias." Any discrepancy or conflict that arises during the assessment will be

resolved through consensus discussions, and if necessary, with the involvement of a third

29 reviewer.

33 Data synthesis
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The synthesis will focus on both qualitative and quantitative aspects, acknowledging the
38 potential heterogeneity across studies due to differences in study populations, model types,

40 and implementation contexts.

Narrative synthesis
46 We will begin with a narrative synthesis to summarize and interpret the findings from the

48 included studies. This approach allows us to describe the characteristics and performance
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of the predictive models in a detailed and systematic manner. We will highlight the key
53 study features, including population characteristics, predictive model types, and their

55 development and validation contexts.
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The narrative synthesis will also address the following critical aspects:

Model discrimination: We will assess how well each model distinguishes between
patients who are readmitted and those who are not. This will include evaluating metrics
such as the Area Under the Receiver Operating Characteristic Curve (AUC-ROC) and
other relevant performance indicators.

Cohort type: We will compare the types of COPD patient cohorts used across studies,
considering factors such as the inclusion criteria, severity of the disease, and the
presence of comorbidities.

Practical implementation: We will examine the practical aspects of implementing these
predictive models in clinical settings, including the ease of use, data availability, and
the resources required for the implementation.

Predictor variables : We will categorize and compare the types of variables included in
the predictive models, as the choice of variables can significantly impact model
accuracy and generalizability.

Model performance indicators: Beyond discrimination, we will explore other
performance indicators such as calibration, sensitivity, specificity, and predictive

values.

Meta-analysis and heterogeneity management

Due to variations in study design, patient populations, and model types, heterogeneity is

expected in this review. Therefore, a random-effects model with restricted maximum

likelihood estimation will be used to account for inter-study variability®>. The Hartung-

Knapp-Sidik-Jonkman (HKSJ) method will be used to calculate the 95% confidence

intervals3®.
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The primary outcome will be the C-statistic, which will be transformed using the logit

function, and standard errors will be calculated accordingly. A forest plot will summarize
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predictive performance, displaying AUROC, sensitivity, and specificity with
10 corresponding 95% confidence intervals. Statistical heterogeneity assessed using the I?
statistic, will be further examined through a leave-one-out sensitivity analysis if I2 > 50%37.
15 If more than 10 studies are available, a meta-regression will explore the impact of study
17 characteristics on model performance’®. Subgroup analyses will be conducted based on
region, participant sex, study design, model performance and validation method?3®.
22 Publication bias will be assessed using funnel plots, and Egger’s regression test will

24 analyze asymmetry.

29 ETHICS AND DISSEMINATION
31 This research project is based on the analysis of published studies and does not involve

33 direct patient data collection; hence no ethics approval is required. However, the study will
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adhere to ethical principles of scientific rigour, transparency, and respect for data sources.
38 The findings will be disseminated through publication in scientific journals, presentations
40 at national and international conferences, and specialized forums in health sciences and
research methodology. This approach will maximize the impact of the findings and support

45 evidence-informed public health policies.
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Patient and public involvement

5o No patients or the public were involved in the study design.
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DISCUSSION

The evolution of predictive models for COPD hospital readmissions has transitioned from
traditional risk scores to more sophisticated machine learning approaches. Established
indices such as LACE, PEARL, Elixhauser, and HOSPITAL remain widely used in clinical
practice. However, these conventional models often struggle with generalizability and
adaptability to individual patient characteristics, limiting their ability to capture the
complexity of readmissions!43%:40:41,

In contrast, machine learning based models leverage large datasets to identify intricate
interactions between risk factors, improving prediction accuracy*’. Despite these
advantages, their clinical adoption faces significant challenges, including high data
requirements, computational demands, and the need for specialized expertise®.
Furthermore, generalizability remains a major concern, as many models are developed on
specific cohorts, restricting their applicability across diverse healthcare settings**43.
Multicenter validation and pilot studies on varied patient populations are essential to
enhance robustness and ensure clinical reliability*®. Another critical barrier to adoption is
integration into Electronic Health Records (EHRs). Many predictive models rely on
structured data, while valuable clinical insights remain embedded in unstructured physician
notes and free-text reports. Natural Language Processing (NLP) techniques could address
this issue by automating data extraction and enhancing real-time model usability in clinical
decision-making*’#%, Additionally, model interpretability remains a crucial factor
influencing clinical acceptance. While deep learning models demonstrate high predictive
performance, their "black-box" nature limits transparency and trust among healthcare

professionals!74.
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Hybrid models, which combine traditional risk scores with Al-driven predictions, offer a

promising solution by balancing accuracy and explainability*’. Another key consideration

oNOYTULT D WN =

is bias and fairness in predictive modeling. Socioeconomic and behavioral factors are often
10 underrepresented in datasets, leading to disparities in prediction quality across different
patient populations’!-32. Incorporating these factors into machine learning models could
15 improve representativeness and mitigate biases in care delivery. The next phase of
17 predictive modeling for COPD readmissions must focus on dynamic integration into
clinical workflows. Evaluation should extend beyond standard metrics like AUC to include
22 calibration analysis and net benefit assessment, ensuring real-world clinical
24 relevance!41833,

Future research should explore the feasibility of real-world implementation by conducting
29 prospective validation studies within routine care settings®*. Additionally, visualization
31 techniques, such as comparative charts and performance graphs, can help illustrate

33 differences between models and facilitate clinical decision-making™.
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This review will synthesize the current state of predictive modeling for COPD
38 readmissions, highlighting the strengths and limitations of different approaches. The
40 findings could inform future research and support the transition towards integrating

advanced prediction methods in clinical practice.

47 Amendments
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Any protocol amendments will be documented and made publicly accessible on the
5o PROSPERO registration. Each amendment will include the date, a detailed description,

54 and the rationale for the changes made.
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Annex

Appendix 1

BMJ Open

PubMed search strategy

Search

number

13

12

11

10

Query

#3 AND #6 AND #9 AND #12

#10 OR #11

"Predictive  variabl*"[TIAB] OR "Risk factors"[TIAB] OR
"Util*"[TIAB] OR "value*"[tiab] OR "tool*"[tiab] OR "index"[tiab] OR
"indices"[tiab] OR "assess*"[tiab] OR "risk prediction"[TIAB] OR "risk
score"[TIAB] OR "risk calculation"[TIAB] OR "risk assessment"[TIAB]
"Risk"[Mesh]

#7 OR #8

"Data mining*"[TIAB] OR "Forecasting*"[TIAB] OR "Explanatory
modelling"[TIAB] OR "Neural Networks*"[TIAB] OR "Support Vector
Machine"[TIAB] OR "Naive Bayesian classifier"[ TIAB] OR "Logistic
regression"[TIAB] OR "heuristic approach*"[TIAB] OR "Statistical
approach*"[TIAB] OR ‘"c-statistic*"[tiab] OR "ROC"[tiab] OR
"nomogram"[tiab] OR "indicat*"[tiab] OR "calibration"[tiab] OR "area
under the curve"[tiab] OR "area under the receiver operator characteristic

curve"[tiab] OR "Predictive Value of Tests"[TIAB]
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"Regression  Analysis"[Mesh] OR  "Algorithms"[Mesh] OR

"Nomograms"[mesh] OR "Prognosis"[Mesh:NoExp] OR "Support

oNOYTULT D WN =

7 Vector Machine"[Mesh] OR "Area Under Curve"[Mesh]

10 6 #4 OR #5

"Rehosp*"[TIAB] OR  "Discharge"[TIAB] OR  "Unplanned
15 readmission*"[TIAB] OR  "Readmission*"[tiab] OR  "Re-
17 admission*"[tiab] OR "Readmit*"[tiab] OR "Repeat*"[tiab] OR
5 "Admission*"[tiab]

22 "Patient Readmission"[Mesh] OR "Hospitalization*"[Mesh] OR
24 4 Hospital*"[Mesh]

26 3 #1 OR #2

29 "Pulmonary  Emphysema*"[TIAB] OR  "Chronic  Pulmonary
31 2 disease*"[TIAB] OR "COPD*"[TIAB]

33 1 "Pulmonary Disease, Chronic Obstructive"[Mesh]
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Appendix 2 CHARMS 2014 Relevant items to extract from individual studies in

a systematic review of prediction models®2.

Domain Key items Reported

Source of data Source of data (e.g., cohort, case-control, randomized trial

participants, or registry data)

Participants Participant eligibility and recruitment method (e.g.,
consecutive participants, location, number of centers,

setting, inclusion and exclusion criteria)
Participant description

Details of treatments received, if relevant

o

o

]

g

o
<

(@]

@]
©
=
E

Ey

=

o

c

o

S
«Q

)

Study dates Em
iti 32
Outcome(s) to be Definition and method for measurement of outcome s
=]
. Was the same outcome definition (and method for g
predicted - @
o>
measurement) used in all patients? g v
=]
. . . 2 o
Type of outcome (e.g., single or combined endpoints) 2z
ag
Was the outcome assessed without knowledge of the 85
us)
candidate predictors (i.e., blinded)? =i
Were candidate predictors part of the outcome (e.g., in panel §
)
]
or consensus diagnosis)? 3
Time of outcome occurrence or summary of duration of g
o
follow-up 3
)
Candidate Number and type of predictors (e.g., demographics, patient =

[¢]

>0

>
predictors history, physical examination, additional testing, disease =
E.

(or index tests) characteristics)

Definition and method for measurement of candidate

predictors
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Timing of predictor measurement (e.g., at patient

presentation, at diagnosis, at treatment initiation)

Were predictors assessed blinded for outcome, and for each

other (if relevant)?
Handling of predictors in the modelling (e.g., continuous,

linear, non-linear transformations or categorised)

Sample size

Number of participants and number of outcomes/events

Number of outcomes/events in relation to the number of

candidate predictors (Events Per Variable)

Missing data

Model

development

Number of participants with any missing value (include

predictors and outcomes)
Number of participants with missing data for each predictor

Handling of missing data (e.g., complete-case analysis,

imputation, or other methods)

Modelling method (e.g., logistic, survival, neural network,

or machine learning techniques)

Modelling assumptions satisfied

Method for selection of predictors for inclusion in
multivariable modelling (e.g., all candidate predictors, pre-

selection based on unadjusted association with the outcome)
Method for selection of predictors during multivariable

modelling (e.g., full model approach, backward or forward
selection) and criteria used (e.g., p-value, Akaike

Information Criterion)
Shrinkage of predictor weights or regression coefficients

(e.g., no shrinkage, uniform shrinkage, penalized

For peer review only - http://bmjopen.bmj.com/site/about/guidelines.xhtml

'salIfojouyoal Jejiwis pue ‘Buiuresy |v ‘Buluiw elep pue 1xa1 01 pale|al sasn Joj Buipnjoul ‘1ybliAdod Aq paloalold

* (s3gv) Jnauadns juswaublasug
| @p anbiydeiboilqig soushy re Gzoz ‘2 sunr uo /wod fwg uadolway/:dny wolj pspeojumod "szoz |1dy /Z uo T..£60-7202-uadolwa/oeTT 0T Se paysiignd 1si1) :uadO rINg


http://bmjopen.bmj.com/

oNOYTULT D WN =

BMJ Open

Model

performance

Calibration (calibration plot, calibration slope, Hosmer-

Lemeshow test) and Discrimination

Classification measures (e.g., sensitivity, specificity,
predictive values, net reclassification improvement) and

whether a-priori cut points were used

Model

Evaluation

Results

Method used for testing model performance: development
dataset only (random split of data, resampling methods e.g.
bootstrap or cross-validation, none) or separate external
validation (e.g. temporal, geographical, different setting,

different investigators)
In case of poor validation, whether model was adjusted or

updated (e.g., intercept recalibrated, predictor effects

adjusted, or new predictors added)

Final and other multivariable models (e.g., basic, extended,
simplified) presented, including predictor weights or
regression coefficients, intercept, baseline survival, model
performance measures (with standard errors or confidence

intervals)

Any alternative presentation of the final prediction models,
e.g., sum score, nomogram, score chart, predictions for

specific risk subgroups with performance

Comparison of the distribution of predictors (including

Interpretation

and discussion

Interpretation of presented models (confirmatory, i.e.,
model useful for practice versus exploratory, i.e., more

research needed)
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discussion  of

studies,

other

with

generalizability, strengths and

limitations.

Comparison
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Appendix 3 PROBAST: Assessment of Risk of Bias and Concerns Regarding
Applicability3*

1. Participants 2. Predictors 3. Outcome 4. Analysis
Signaling questions
1.1. Were appropriate | 2.1. Were predictors | 3.1.  Was  the | 4.1. Were there a
data sources used, e.g., | defined and assessed | outcome reasonable number of
cohort, RCT, or nested | in a similar way for | determined participants ~ with  the
case-control study | all participants? appropriately? outcome?
data?
1.2. Were all | 2.2. Were predictor | 3.2. Was a | 4.2. Were continuous and
inclusions and | assessments  made | prespecified or | categorical predictors
exclusions of | without knowledge | standard outcome | handled appropriately?
participants of outcome data? definition used?
appropriate?

2.3. Are all
predictors available
at the time the model

1s intended to be

used?

3.3. Were
predictors excluded
from the outcome

definition?

34. Was the
outcome  defined

and determined in a

4.3. Were all enrolled
participants included in the

analysis?

4.4. Were participants with

missing data  handled

appropriately?
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similar way for all
participants?

3.5. Was the

outcome
determined without
knowledge of
predictor
information?

3.6. Was the time
interval  between
predictor
assessment and
outcome
determination

appropriate?

4.5. Was selection of
predictors based on
univariable analysis

avoided?

4.6. Were complexities in
the data (e.g., censoring,
competing risks, sampling
of control participants)
accounted for

appropriately?

4.7. Were relevant model
performance measures
evaluated appropriately?

4.8. Were model
overfitting,  underfitting,
and optimism in model
performance accounted

for?
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4.9. Do predictors and their
assigned weights in the
final model correspond to
the results from the
reported multivariable
analysis?

ROB Predictors or their | Outcome or its | Analysis

Selection of | assessment determination

participants

Applicability Definition, Its definition,

Included participants | assessment, or timing | timing, or

or setting does not | of predictors does not | determination does

match the review | match the review | not match the

question question review question

RCT = randomized controlled trial; ROB = risk of bias. Signaling questions are answered

as yes, probably yes, probably no, no, or no information. ROB and concerns for

applicability are rated as low, high, or unclear.
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