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Abstract 

Background 

Multi-state models (MSMs) describe transitions between health states over time, supporting 

clinical prediction across multiple, potentially competing events. This paper aims to 

summarise methods for developing MSMs for individual-level clinical prediction and provide 

a structured guide to available approaches. 

Methods 

PubMed, Web of Science, Scopus, and arXiv were systematically searched and reference 

snowballing was conducted. Eligible studies were English-language, peer-reviewed articles 

proposing or validating statistical or machine-learning approaches for multi-state time-to-

event models with covariates outputting individual-level risk estimates. Purely applied 

studies were excluded as well as papers focused on multimodal data, panel/ 

intermittent/coarsened data, spatial analyses, reviews or software without methodological 

innovation. 

Results 

105 studies were included. Of these, 101 focussed on methods for model development. 

Papers developing methods for Markov processes were most common, with 55 papers, with 

18 and 14 for semi-Markov and non-Markov, respectively. 11 papers described methods for 

prediction model development that are process-agnostic, including the use of pseudo-values 

(n=7). Fewer studies addressed missing data, hierarchical data, automated covariate selection, 

and sample size. Only 4 studies examined methods for model validation.   

Conclusion 

Although substantial methodological progress has been made in model specification and 

fitting, important gaps remain elsewhere in the prediction pipeline. Further methodological 

development is needed for sample size determination, missing data handling, and validation 

methods that assess discrimination, calibration, and uncertainty across multiple states and 

prediction times. This review is the first that systematically reviews available methods for 

producing MSM CPMs, serving as a useful guide for researchers developing or validating 

these models. 

 

Keywords: prediction models; multi-state model; methodology review; survival analysis; 

process history; transition probability; state occupation probability. 
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1 Introduction 

Clinical prediction models (CPMs) are regression models or machine learning algorithms that 

are used to predict the risk of future health outcomes, or the presence of current health 

outcomes [1]. The models take information on the patient (e.g. age, body mass index, 

smoking status, biomarkers) and use this to provide predictions that can be used to support 

clinical decision making. Such predictions can be used in clinical practice to identify 

individuals at high/low-risk of a disease or event, an example of this is the QRISK tool [2] 

that is used to estimate a patient’s 10-year risk of cardiovascular disease (CVD). Based on the 

UK health guidelines if an individual were to have a QRISK-estimated CVD risk of 10% or 

more, then they are eligible for statin treatment to reduce this risk [3]. 

 

Most clinical prediction models are designed to predict a single outcome event. However, in 

many clinical settings, decision-making depends on understanding a patient’s risk of 
experiencing multiple outcomes over time, and sometimes the order in which those outcomes 

occur. [4] For example, in multimorbidity prevention, clinicians may wish to estimate an 

individual’s risk of developing type 2 diabetes, then atrial fibrillation, and subsequently 
cardiovascular disease. Statistically, this can be viewed as a multi-state process, in which 

individuals move through a sequence of clinically relevant states over time. Multi-state 

models provide a natural framework for representing these pathways and, in principle, for 

generating predictions about future transitions, state occupation, and disease progression. 

Although MSMs are often used to describe disease processes at the population level, they can 

also be used for individual-level clinical prediction. 

 

In the multi-state individual-level prediction setting, the main quantity of interest is the 

transition probability: the probability that a patient in a given state will move to another state 

within a specified time horizon or stay in their current state, conditional on their covariates at 

the prediction time. [5] For example, one might wish to predict the risk of developing atrial 

fibrillation within three years of a type 2 diabetes diagnosis. In some settings, interest may 

also lie in the expected time spent in a state over a given horizon. MSMs are particularly 

useful because such predictions can be updated as patients move through different states over 

time. 

 

As with all prediction models, the production of a MSM CPM involves the broader pipeline 

of development, validation, impact assessment, and clinical implementation. Developing a 

MSM CPM will often involve: (1) defining the state structure and transitions to represent the 

clinical pathway; (2) specifying the prediction setting, the time scale (e.g. clock-forward or 

clock-reset), the prediction horizon, and the covariates available at 𝑡0 (and whether covariates 

will be updated over time); (3) addressing missing data, where required; (4) choosing and 

fitting an appropriate modelling approach; and (5) obtaining individual-level predictions for 

the target estimands. In many approaches, step (4) involves fitting transition-specific models 

(e.g. separate Cox-type models, flexible parametric hazards, or discrete-time approaches), 

including decisions about how competing events and censoring are handled, and step (5) then 

involves translating these fitted transition components into individual-level predictions (e.g. 

via the Aalen-Johansen estimator  numerical integration, or simulation [5]). However, these 

steps are not absolute and may differ depending on the modelling strategy used. For example, 

pseudo-value approaches target clinically relevant prediction quantities more directly at fixed 

time horizons and do not necessarily require specification of a full set of transition-specific 

hazard models. [6] For validation of a MSM CPM, consideration then turns to quantifying the 
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predictive performance of the resulting transition probabilities, particularly calibration and 

discrimination, in the target population where the model is intended for clinical use. 

A recent review by Gorfine and colleagues addressed core multi-state model types (intensity-

based, marginal, frailty approaches) and identified key challenges such as intermittent 

observation and emerging machine-learning applications. [148] However, the review focused 

on population-level descriptive analyses rather than covariate-specific individual-level 

prediction. This methodological scoping review differs in systematically mapping the full 

development and validation pipeline specifically for multi-state prediction models. To our 

knowledge, no existing review has focused on summarising this literature specifically where 

the interest is in developing a MSM for individual-level predictions across the full clinical 

prediction model pipeline. Therefore, the aim of this scoping review [7] is to provide an 

overview of all existing literature surrounding methods used to develop and validate multi-

state prediction models for individual-level prediction. Our goal is to provide researchers 

with a comprehensive summary of the existing approaches they could use to produce multi-

state individual-level CPMs in practice. We structure the review into stages of model 

development and validation, and we outline key advantages and disadvantages of available 

methods to provide guidance on choosing appropriate methods for each stage. We also call 

attention to opportunities for future research. Readers wanting information regarding the 

mathematical detail on multi-state models may refer to Andersen and Ravn (2023)[8] or 

Putter et al. [5]. 

2 Methods 

2.1 Registration 

The review protocol [9] was prospectively registered and is available on the Open Science 

Framework. The search strategy was revised: the protocol's search string included machine 

learning terms alongside general multi-state modelling terms, whereas the final strategy used 

a broader, method-agnostic string to capture the full methodological landscape. The grouping 

of evidence was also amended: the protocol described a descriptive and thematic synthesis 

organised chronologically, whereas the final synthesis used a more granular hierarchical 

grouping of pre-development, development, and validation, with development further 

subdivided by process type. We conducted and reported this scoping review in accordance 

with the Preferred Reporting Items for Systematic reviews and Meta-Analyses Extension for 

Scoping Reviews reporting guidelines. [10] 

2.2 Search Strategy 

We designed our search strategy to identify peer-reviewed journal articles that described 

methods for the development or validation of modelling multi-state processes for time-to-

event outcomes. The full search strategies for all databases are provided in the Supplementary 

Material. The PUBMED search strategy was as follows: (("multi-state" OR "multistate" OR 

"multi state") AND ("development" OR "validation" OR "method*")) NOT ("multimodal*" 

OR "spatio*" OR "spatial*" OR "load*"). Results were filtered to English-language articles 

only. No date limits were applied.  

 

Search terms were developed as a team based on our prior knowledge of this methodological 

area and were tested against key references identified a priori (Supplementary Material). 

Search terms were entered into PUBMED, Web of Science, ArXiv, SCOPUS and data was 

extracted on the 4th October 2025. The snowballing technique was also used to gather 

additional relevant papers with the aid of the Research Rabbit website [7]. Duplicates were 

removed using automatic deduplication by the Rayyan literature review online tool [11]. 
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2.3 Inclusion and Exclusion Criteria 

Studies were eligible for inclusion if they described methods intended to support the 

development or validation of a multi-state model that could be used for individual risk 

prediction. Only papers published in peer-reviewed journals and written in English were 

considered. 

Studies were excluded if they: (i) relied on panel/intermittently observed/coarsened data 

(since such data are rare to develop clinical prediction models); (ii) focused on multimodal 

data sources; (iii) did not focus on developing MSMs that can condition on 

predictors/covariates (since such conditioning is needed for individual risk prediction); (iv) 

presented only methodological comparisons/ reviews, solely described software packages, or 

contained no methodological development relevant to predictive modelling of multi-state 

processes (since we aimed to focus on papers developing new methods); or (v) contained 

only methods for discrete-time data (since routinely collected health data, upon which most 

prediction models are developed, [12] are predominantly captured in continuous time, albeit 

sometimes with irregular observation or coarsening). These exclusions were intended to keep 

the review focussed on methods specific to prediction modelling studies, and relevant to 

researchers working with electronic health records and other routinely collected clinical 

datasets. In addition, the review did not consider spatial processes. Pilot searches showed that 

our search terms retrieved a high volume of spatially focused papers, so terms with spatio* or 

spatial* in the title were excluded using the NOT operator. 

 

2.4 Selection Process 

Prior to title and abstract screening, GPM and AP each reviewed 5% (n = 739) of papers and 

CC reviewed each subset independently with the results compared for consistency. The three 

reviewers had high agreement (only 26 papers had a conflicting inclusion decision (1.27%)), 

and as such all remaining papers were screened by CC. For resource and time reasons, the 

team took a pragmatic approach to full-text screening and started with comparing decisions 

for 40 papers. Agreement was high (95%), and after discussions over differing decisions, a 

further 40 papers were assessed with 100% agreement. The remaining full-text screening was 

done by CC. 

 

2.5 Data Collection and Data Items 

After screening, the following information was extracted from each journal article (data 

collection form can be found in the Supplementary Material): the aim of the method, 

overview of the method, advantages, limitations, possibilities for future work as determined 

by the authors, and publication year. Publication years were extracted to allow for changing 

opinions in the “best practice” for that part of the modelling process. During full-text 

screening if a paper had unclear information, a second person (GPM or AP) would review the 

information, and a decision would be made jointly based on interpretation. 

 

Papers were then placed into three main groups based on whether they included methods for 

pre-development, development or validation. The pre-development focused papers were then 

further split by which part of the development process they belonged to (i) missing data 

handling; or (ii) sample size; Development focused papers were further split into (i) data-

driven variable selection methods; or (ii) model specification and fitting. Model specification 
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and fitting was further split into Markov processes, Semi-Markov processes, non-Markov, 

assumption-free and pseudo-values. Validation papers were split into discrimination and 

calibration.  

2.6 Software Implementation Guidance 

Although not the focus of this review, some detail is provided on software implementations 

available in R. This focus reflects the landscape of multi-state model development: the 

majority of widely used software packages for MSM specification, fitting, and prediction are 

implemented in R. Software descriptions and implementation guidance are included at the 

end of each methodological subsection, not as part of a systematic software review, but rather 

to aid researchers in future model development. 

2.7 Glossary  

Throughout the text many key statistical concepts and terms that are either intrinsic to multi-

state modelling (such as Markov assumptions, transition probabilities, and the Aalen-

Johansen estimator), or are commonly employed in the modelling, estimation, validation, or 

interpretation of multi-state processes are used. In the interests of brevity of the main text, we 

provide a glossary table in the Supplementary Material (Supplementary Table 1).  

3 Results 

3.1 Study Selection 

Initially, 18207 studies were identified from four databases: Web of Science (5674), PubMed 

(3942), SCOPUS (8071), and ArXiv (520). After removing 7161 duplicates (348 manually 

and 6813 by Rayyan), 11046 studies remained for screening (Error! Reference source not 

found.). Following the initial abstract and title screening, 308 studies were assessed for 

eligibility.  

 

As listed in Error! Reference source not found., a total of 216 studies were excluded for 

reasons related to eligibility criteria. This process resulted in 105 studies being included in 

the final review, with the additional 13 studies identified through forward and backward 

snowballing techniques. 55 addressed Markov processes, 18 semi-Markov, 14 non-Markov, 

11 were process-agnostic, and 7 used pseudo-values (see Table 1 for a list of abbreviations 

and Supplementary Materials for Glossary of key terms).  

 

Studies that may appear to meet the inclusion criteria, but were excluded include: “A Note on 

Variance Estimation of the Aalen–Johansen Estimator of the Cumulative Incidence Function 

in Competing Risks, with a View towards Left-Truncated Data” (2009),  [13] which was 

rejected as it did not condition on predictors, and “Progressive multi-state models for 

informatively incomplete longitudinal data” (2011), [14] which focused on causal effects. 
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Table 1 List of abbreviations included in the review 

Abbreviation Definition 

AIC Akaike information criterion 

AUC Area under the curve 

BLR-IPCW Binary logistic regression with inverse probability of censoring weighting 

BUGS Bayesian inference using Gibbs sampling 

CPM Clinical prediction model 

CVD Cardiovascular disease 

EHR Electronic health record 

EM Expectation-maximisation 

GEE Generalised estimation equation 

ICS Informative cluster size 

IPCW Inverse probability of censoring weighting 

JAGS Just another Gibbs sampler 

LASSO Least absolute shrinkage and selection operator 

MAR Missing at random 

MCMC Markov chain Monte-Carlo 

MI Multiple imputation 

MLR-IPCW Multinomial logistic regression with inverse probability of censoring weighting 

MNAR Missing not at random 

MSM Multi-state model 

NIHR National Institute for Health and Care Research 

NICE National Institute for Health and Care Excellence 

OSF  Open Science Framework 

PLS Partial least squares 

PMM Predictive mean matching 

PRISMA Preferred Reporting Items for Systematic reviews and Meta-Analyses Extension for Scoping Reviews 

QRISK Cardiovascular disease risk prediction tool (UK) 

ROC Receiver operating characteristic 

SPLS Sparse partial least squares 

STAR Structured hazard multi-state regression 
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3.2  Pre-Development 

3.2.1 Sample Size 

Determining the required sample size for a multi-state CPM is more complex than for single-

outcome models: [4, 15] researchers must ensure adequate events for each transition, 

accommodate potentially sparse absorbing-state transitions, and consider the number of 

predictors per model. Despite this, none of the 105 development-focused papers in this 

review directly proposed sample size methods for multi-state CPMs. This gap is discussed 

further in Section 4. 

3.2.2 Missing Data 

Missing-data methods support valid estimation of MSM CPM prediction estimands by 

addressing missing covariates and uncertain transition times. While missing data are a 

common issue across prediction modelling, MSM CPMs pose additional challenges because 
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Papers from databases (n=18207) 

Web of Science (n = 5674) 

PubMed (n = 3942) 

SCOPUS (n = 8071) 

ArXiv (n = 520) 

References removed (n=7161) 

Duplicates identified manually (n = 348) 

Duplicates identified by Rayyan (n = 6813) 

  

Studies excluded† (n = 216) 
Not for individual-level prediction (n=76) 

Panel/intermittent/coarsened data only (n=31) 

Methods comparisons/reviews (n=40) 

Software packages only (n=2) 

No full access provided (n=1) 

Not published/ peer-reviewed (n=14) 

Applied only (n=3) 

Book chapter/conference proceeding/thesis (n=24) 

Discrete data only (n=25) 

Studies screened (n = 11046) 

Studies assessed for eligibility (n = 308) 

Studies excluded (n = 10738) 

Studies included from search (n =92)  Snowballing (n = 13) 

Total number of included studies (n = 105) 

Markov* (n = 55)                           Semi-Markov* (n = 18) 

Non-Markov* (n = 14)        Assumption Agnostic (n = 13) 

Pseudo-Value (n = 7)                                Validation (n=4) 

 

Figure 1 PRISMA flow diagram for methodological studies relating to multi-state processes. †Includes primary reason for 
exclusion only. *Papers may belong to more than one category. 
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predictions depend not only on predictor values but also on the timing and ordering of 

transitions between states. Missingness may therefore affect both the covariate information 

used for prediction and the observed event-history process used to estimate transition risks. 

We identified two papers that focused on missing data handling for Markov multi-state 

models.  

 

The first, [16] develops a likelihood-based approach for multi-state models with partially 

missing covariates. The authors construct the observed data likelihood by jointly modelling 

outcomes and covariates under missing completely at random/ missing at random (MAR), 

resulting in unbiased, efficient estimates and avoiding the convergence issues of complete-

case analysis or naive imputation.  

 

The other [17] compares multiple imputation (MI) strategies for missing event times, 

including predictive mean matching (PMM), subgroup-specific PMM, linear regression MI 

and a compatibility-preserving PMM. PMM, particularly subgroup-specific PMM, shows low 

bias and good precision under MAR and improves efficiency over complete-case analysis. 

The study found considerable bias under MNAR and found that MI using draws from a linear 

imputation model led to more bias than PMM when estimating transition intensity model 

parameters.   

3.3 Model Development 

3.3.1 Data-Driven Variable Selection Methods 

Data-driven variable selection methods aim to reduce overfitting and improve estimation 

across multiple transition-specific models, particularly when many predictors are considered 

or some transitions are infrequent. Table 2 provides a summary for each paper included in 

this section. 
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Table 2 Summary of literature for Markov algorithmic covariate selection 

Title Year Aim Method Benefits Limitations 

Reduced-rank 

proportional hazards 

regression and 

simulation-based 

prediction for multi-state 

models [18] 

 

2008 To introduce reduced-rank 

regression techniques in multi-

state models to address the 

difficulty of estimating many 

covariate effects, particularly for 

event-poor transitions 

Applied reduced-rank Cox regression 

for transition intensities, borrowed 

information from event-rich transitions, 

and used resampling methods to 

estimate standard errors and prediction 

probabilities 

Reduced the number of parameters, 

improved stability of estimates, 

yielding interpretable prognostic 

scores, and enabled practical analysis 

of complex settings 

 

Computationally intensive due to simulation and 

resampling, standard error formulas not available 

for semi-Markov models, prediction probability 

inference relies heavily on simulation 

 

Structured fusion lasso 

penalized multi-state 

models [19] 

 

2016 To introduce a structured fusion 

Lasso penalised framework for 

multi-state models to enable 

cross-transition effect analysis 

and variable selection in a data-

driven way 

Combined L1 and fusion penalties 

within partial likelihood and piecewise 

constant baseline hazard models, 

estimated via penalised iterative 

reweighted least squares with local 

quadratic approximation, selected 

tuning parameters via grid search using 

AIC 

Identified structural relationships 

between transitions, unifying variable 

selection and cross-transition effect 

estimation 

 

Current approach limited to linear effects; 

extension to nonlinear (e.g., penalised splines) 

would be complex due to many penalty parameters 

Risk Factor 

Identification in 

Heterogeneous Disease 

Progression with L1-

Regularized Multi-state 

Models [20] 

 

2021 To develop an L1-regularised 

multi-state model framework for 

simultaneous parameter 

estimation and variable selection 

Applied L1-regularised partial 

likelihood with a one-step coordinate 

descent algorithm using local quadratic 

approximation, specified Cox models 

for each transition 

 

Improves computational efficiency, 

identifies significant risk factors more 

accurately than existing approaches, 

enhances prediction of transition 

probabilities, and performs well even 

in small-sample settings 

 

Current approach assumes constant coefficients 

over time, cannot jointly handle categorical 

variables without group penalties, and does not yet 

address time-dependent or semi-Markov 

extensions 

 

Multistate analysis of 

multitype recurrent 

event and failure time 

data with event 

feedbacks in biomarkers 

[21] 

2022 To propose a flexible and 

computationally efficient 

modelling framework for 

analysing multitype recurrent 

events alongside terminal events 

Extended Cox regression with both 

constant and time-dependent 

coefficients (estimated via regression 

splines), allowed event-type and event-

order dependence, modelled event 

feedback, avoided distributional 

assumptions for random effects, and 

developed asymptotically unbiased 

estimating equations with derived 

variance estimators 

Handled complex event feedback 

structures, supporting hypothesis 

testing and confidence interval 

construction without bootstrapping, 

improved computational efficiency 

over local polynomials, and offered 

flexibility for recurrent/terminal event 

processes 

 

Current framework assumes Markov models, but 

feedback mechanisms may violate this 

assumption; extensions to semi-Markov or non-

Markov models and formal testing for feedback 

effects are needed 

 

Penalized Estimation of 

Frailty-Based Illness-

Death Models for Semi-

Competing Risks [22] 

 

2024 To develop penalised frailty-

based illness–death models to 

better capture semi-competing 

risks and improve interpretability 

and prediction in clinical 

application 

Applied fusion regularisation to 

regression parameters across hazards, 

allow penalization of baseline hazards, 

compared frailty and non-frailty 

models, and established theoretical 

statistical properties of the penalised 

estimator 

Improved model fit and parsimony, 

enabled sharing of covariate effects 

across hazards, supporting 

individualised risk prediction, and is 

adaptable to high-dimensional data 

sources 

Current work assumes parametric baseline hazards 

and gamma frailty; extensions to spline-based 

baselines, alternative frailty distributions, and 

post-selection inference remain future directions 
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Markov multi-state models have been extended with algorithmic covariate selection and 

cross-transition regularisation to address instability arising from the need to estimate many 

transition-specific effects, particularly for event-sparse transitions [18-22]. One method uses 

reduced-rank proportional hazards regression for transition intensities to reduce 

dimensionality, allowing prediction in complex multi-state settings [18]. Other methods have 

also been used to select predictors and to incorporate shared structure among transitions. For 

example, including structured fusion-lasso multi-state models that combine sparsity and 

cross-transition fusion penalties within Cox-type partial likelihoods and L1-regularised multi-

state models with coordinate-descent algorithms for variable selection [20]. Similar 

developments for Markov recurrent-event/terminal-event systems allow for flexible effect 

modelling (including spline-based time-varying coefficients) within a multi-state Cox 

framework via estimating equations [21] without the need for computationally demanding 

inference. More recently, penalisation has been applied to frailty-based Markov illness–death 

models for semi-competing risks, using fusion regularisation to share covariate information 

across hazards, thereby improving prediction [22].  

 

For individual-level multi-state prediction models, reduced-rank proportional hazards 

regression [18] provides the most user-friendly method of variable selection, combining 

automatic regularisation with simulation-based trajectory prediction. L1 or fusion-based 

feature selection [19, 20] can precede this to identify relevant predictors. If time-varying 

covariate effects are scientifically important, the flexible spline-based approach complements 

this framework without requiring fundamental restructuring. [21] Penalisation, alongside 

frailty-based Markov illness–death models, adds complexity beyond standard multi-state 

prediction and should be adopted only when genuinely applicable. [22] 

 

3.3.2 Model Specification and Fitting 

3.3.2.1 Markov Models 

Markov multi-state methods in the reviewed literature [23-49] were mainly concerned with 

how to specify the transition structure and fit the model to longitudinal event-history data so 

that clinically relevant predictions could be derived. For someone developing a multi-state 

prediction model, these methods are useful because they provide a framework for estimating 

not only whether an event occurs, but which transition occurs, when it occurs, and how long 

patients are expected to remain in different states. Across the literature, the main outputs 

included transition hazards, transition probabilities, state occupation probabilities, and 

expected time spent in particular states. 

 

Many papers specified the multi-state process through transition intensities, using either 

parametric or semiparametric regression models. [23-26, 33-35, 48, 50-54] Parametric 

approaches assumed specific forms for the baseline transition hazard, such as exponential, 

Weibull, or piecewise-constant models, usually fitted by maximum likelihood [23, 26, 48]. 

For someone fitting a multi-state prediction model, these approaches are helpful because they 

provide a fully specified model from which transition probabilities and related prognostic 

summaries can be derived directly, often with relatively straightforward estimation. In 

contrast, when the modeller wants greater flexibility in the baseline transition process while 

still quantifying how predictors affect movement between states, then semiparametric 

approaches can be used, most commonly Cox-type proportional intensity models, which 

leave the baseline hazard unspecified while estimating transition-specific covariate effects 

[24, 25]. We identified a related strand of research focused on transition and state occupation 
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probabilities, using nonparametric product-integral methods such as the Aalen–Johansen 

estimator [24, 33-35]. These methods are particularly useful when the aim is to estimate 

absolute probabilities of being in a given state over time, which are often closer to the 

quantities clinicians want for prognosis than transition-specific hazard ratios alone. 

 

The literature also included a wide range of extensions to support model fitting under various 

data conditions. [23-49] Some methods adapted standard Markov models to settings with 

incomplete cohort information or complex sampling designs, such as nested case-control 

studies [27, 31], thereby enabling the modeller to estimate transition effects even when full 

follow-up data are not available for all individuals. Hidden Markov approaches addressed 

misclassification, which is useful when the recorded state may not equal the true underlying 

disease state [28, 46, 49]. Frailty and related latent-effect models were used to represent 

unobserved heterogeneity across individuals or transitions [29, 47], helping the modeller 

account for dependence that is not captured by measured predictors alone. Further extensions 

allowed for time-dependent covariates, interval- or left-censoring, recurrent-terminal event 

structures, and joint modelling with longitudinal biomarkers [32, 37-44], which is particularly 

helpful when prognosis needs to be updated over time using evolving clinical information 

rather than baseline covariates only. Together, these methods show that model specification 

in this literature was not just about selecting a hazard form, but about deciding how best to 

represent incomplete observation, latent structure, and changing patient information within 

the fitted prediction model. 

 

Additional work considered clustered or hierarchical data, where transition outcomes may be 

correlated within centres, hospitals, or other groupings. Approaches included mixture Markov 

regression models, frailty-based multi-state models, hierarchical Bayesian illness–death 

models, and nested frailty formulations [55-61]. For those fitting multi-state prediction 

models, these methods are useful because they allow predictions and uncertainty estimates to 

reflect shared centre-level or subgroup-level structure, rather than treating all patients as 

independent. This is especially relevant in multicentre datasets, where failing to account for 

clustering may lead to overconfident predictions or hide between-centre variation in 

transition dynamics (Table 3). 
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Table 3 Literature relevant to handling clustering in Markov MSMs 

Title Year Aim Method Benefits Limitations 

Mixture multi-state 

Markov regression 

model [59] 

2007 To develop a mixture multi-state 

Markov regression model that 

accounts for unobserved 

heterogeneity in disease progression 

through an initial mixture 

distribution and covariate-

dependent transition rates 

Used a continuous-time 

homogeneous Markov model with an 

unobserved mixture distribution for 

the initial state and exponential 

regression models for transition 

intensities, estimated via maximum 

likelihood 

Reduces unobserved heterogeneity, 

improves fit over standard homogeneous 

models, and identifies covariate effects on 

specific transitions for more accurate 

clinical classification 

Requires exponential assumptions, depends on 

correct specification of the initial mixture 

distribution 

Investigating hospital 

heterogeneity with a 

multi-state frailty 

model: application to 

nosocomial 

pneumonia disease in 

intensive care units 

[57] 

2012 To develop multi-state frailty 

models to account for cluster-level 

heterogeneity in competing risks 

and multi-centre data 

Specified semi-Markov and non-

homogeneous Markov models with 

semiparametric or parametric 

estimation, provided model selection 

measures 

Captures centre effects and unobserved 

heterogeneity, improves predictive accuracy 

compared to models without frailties, allows 

cluster-predictions, and provides practical 

software for implementation 

Requires large datasets for frailty variance 

estimation, prediction updating with time-

dependent covariates remains an open problem 

Bayesian 

Semiparametric 

Analysis of 

Semicompeting Risks 

Data: Investigating 

Hospital 

Readmission After a 

Pancreatic Cancer 

Diagnosis [55] 

2015 To develop a unified Bayesian 

framework for semi-competing 

risks data to estimate regression 

parameters, characterise within-

subject dependence, and predict 

outcomes 

Implemented Bayesian illness-death 

models (Markov and semi-Markov) 

with gamma frailties, MCMC 

estimation, and posterior predictive 

distributions 

Provides a comprehensive Bayesian 

approach that incorporates prior 

information, quantifies uncertainty, enables 

prediction, and flexibly extends to complex 

structures 

Interpretation depends on time scale and frailty 

assumptions, with non-terminal event 

distributions not identifiable without 

unverifiable assumptions 

Hierarchical Models 

for Semicompeting 

Risks Data With 

Application to 

Quality of End-of-

Life Care for 

Pancreatic Cancer 

[56] 

2016 To develop hierarchical models for 

semi-competing risks 

Used illness–death models with 

Bayesian hierarchical extensions, 

incorporating patient- and cluster-

level random effects 

Captures dependence between non-terminal 

and terminal events, accounts for clustering 

and heterogeneity 

Computationally intensive, requires careful 

specification of priors, results sensitive to 

model assumptions 

Correlated multistate 

models for multiple 

processes: an 

application to renal 

disease progression 

in systemic lupus 

erythematosus [58] 

2018 To develop a joint modelling 

framework that links recurrent 

events, a terminal event, and an 

underlying latent multi-state process 

to better characterise individual 

event histories 

Specified a latent continuous-time 

Markov process driving recurrent-

event and terminal-event intensities, 

and estimated parameters using 

likelihood-based inference 

incorporating shared latent-state 

structure 

Captures unobserved heterogeneity, allows 

dependence between recurrent and terminal 

events, and yields improved modelling of 

individual event trajectories compared with 

standard frailty or marginal approaches 

Computationally intensive, relies on correct 

specification of the latent multi-state structure, 

becomes difficult to scale as the number of 

latent states or event types increases 

Multistate models 

with nested frailty 

for lifetime analysis: 

Application to bone 

marrow 

2024 To propose and evaluate multi-state 

frailty models to capture 

heterogeneity between groups and 

dependencies in clustered transition 

data 

Specified shared frailty (MMSF2) 

and nested frailty (MMNF) models, 

and applied parametric and 

semiparametric estimation 

Accounts for both group-level and 

transition-level heterogeneity, improves 

modelling of clustered survival data, and 

identifies transition-specific covariate 

effects 

MMNF assumes equal variance across 

transition–cluster interactions, which may 

oversimplify heterogeneity, model complexity 

increases with number of states and transitions, 
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transplantation 

recovery patients 

[60] 

and interpretation of frailty estimates requires 

caution 

Bayesian path 

specific frailty 

models for multi-

state survival data 

with applications [61] 

2015 To develop a Bayesian gap-time 

multi-state frailty model with path-

specific random effects that 

captures dependence between 

transitions and enables estimation 

of path and survival probabilities 

Specified multinomial logistic models 

for immediate child states and gamma 

frailty piecewise-exponential gap-

time models for each path, derived 

conditions for posterior propriety 

under improper priors, and 

implemented inference via a Gibbs 

sampler 

Provides flexible non-proportional hazards 

via generalised odds-rate margins, yields 

path and survival probabilities as direct 

outputs of the Gibbs sampler, and performs 

well in simulations and real data 

Assumes a unidirectional progressive path 

structure with shared frailty across transitions 

in a path, can struggle with posterior propriety 

and sparse paths without informative priors, 

and becomes computationally demanding as 

the number of states and paths increases 
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A smaller group of literature explored alternative specification and fitting approaches. [62-

66] Flexible spline-based and computationally efficient continuous-time models aimed to 

improve fit while reducing restrictive functional form assumptions or computational burden 

[62, 63]. Machine-learning approaches, including neural-network methods and approaches 

combined with Aalen–Johansen-type estimation, were used to capture more complex linear 

and nonlinear relationships between predictors and transition behaviour [64, 65]. These 

methods may help someone fitting a multi-state prediction model when the goal is to improve 

predictive accuracy or calibration in the presence of predictor values for an individual that are 

extreme and that may be hard to capture with conventional transition models. Quantile-

regression approaches offered a different type of prediction target by estimating conditional 

quantiles of transition or sojourn times [66]. This is helpful when the practical question is not 

just the probability of transition, but when that transition is likely to occur, for example, when 

estimating median time to progression or time spent in an intermediate state. 

 

Across these methods, there remain some areas for methodological development. Although 

many approaches estimate transition hazards or probabilities successfully, there is a scarcity 

of methods that allow models to output prediction summaries that are most useful in practice, 

such as counterfactual prediction. Many of the most flexible approaches were 

computationally demanding and difficult to implement routinely, which may reduce their 

accessibility for applied researchers developing multi-state prediction models. 

 

Overall, the reviewed literature shows that Markov multi-state models can be specified and 

fitted using a wide range of approaches, from standard parametric and semiparametric 

intensity models to nonparametric, latent-variable, hierarchical, and more flexible prediction-

oriented methods. For researchers, these approaches provide tools for estimating predictions 

in more complex data settings. However, important challenges remain in aligning fitted 

models with clinically useful estimands and in balancing model flexibility with robust and 

interpretable estimation.  

 

Software implementing model fitting approaches is available in R: the flexsurv package 

implements flexible parametric (including spline-based) transition hazards models.[67] Cox-

type transition models can be fitted using the standard survival or coxph infrastructure within 

R. [68] Stan and BUGS/JAGS can be used for fully Bayesian Markov multi-state 

specifications. Additionally, for clustered or hierarchical data, the frailtypack package 

supports shared frailty models for multi-state settings with parametric and semi-parametric 

estimation. [69] The R package coxme allows mixed-effects Cox models that can be applied 

to transition-specific models. The JM and JMbayes2 packages support joint models with 

frailty-like random-effects in R. [70] 

 

3.3.2.2 Semi-Markov 

Semi-Markov multi-state methods are used when future transition risk depends not only on 

the current state but also on the time already spent in that state. For someone fitting a multi-

state prediction model, this is useful when prognosis is duration-dependent, since it allows 

prediction of transition probabilities, state occupation probabilities, and time-in-state 

summaries that vary with elapsed sojourn time [71, 72]. Supplementary Table 5 contains all 

literature found pertaining to semi-Markov methods [39, 45, 71-84]. 

 

The reviewed literature included semi-Markov regression models that incorporated 

covariates, censoring, and duration dependence through likelihood-based, semiparametric, or 

parametric waiting-time formulations [73-77]. These methods help model developers by 
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allowing future risk to depend on both patient characteristics and time since entering the 

current state, rather than assuming all patients in the same state have the same prognosis. A 

second group of papers focused on estimating prediction quantities and their uncertainty, 

including sojourn distributions, transition probability estimators, and resampling-based 

inference [76, 78]. This is important because semi-Markov prediction relies on derived 

quantities that need appropriate uncertainty estimation. A third group of papers extended 

semi-Markov modelling to more complex prediction settings, including transformation and 

relative survival models, hidden or informatively censored semi-Markov processes, Bayesian 

and shrinkage-based approaches, joint longitudinal models, and spline-based covariate effects 

[39, 45, 71, 72, 79-84]. These extensions broaden the range of data structures and predictor 

relationships that can be handled in duration-dependent prediction. 

 

There are some weaknesses of semi-Markov modelling methods. First, semi-Markov 

prediction depends critically on accurate information about time in state, so censoring, 

delayed entry, and misclassification can directly distort estimated sojourn distributions and 

the predictions derived from them [73, 76, 78, 81, 85]. Second, increasing flexibility in 

duration-dependent modelling often creates a trade-off with stable, interpretable estimation 

[39, 71, 72, 77, 83, 84]. Third, some approaches remain difficult to fit routinely in large 

registry or EHR datasets because they require substantial sample sizes or computationally 

intensive estimation [18, 71, 72, 77]. 

 

Semi-Markov models are used when prediction depends on how long a patient has remained 

in a state, but robust estimation and efficient implementation are challenging in practice. 

Software implementations include the Semimarkov R package [86], which provides 

dedicated parametric model fitting. The flexsurv package can also implement semi-Markov 

models by fitting transition-specific parametric sojourn distributions [67], and simulation-

based state occupation probabilities are available via the mstate package. [87] Bayesian semi-

Markov models can be fit using Stan. 

3.3.2.3 Non-Markov 

Non-Markov approaches are most relevant when transition probabilities or state-occupation 

probabilities depend on patient history beyond the current state. For someone fitting a multi-

state prediction model, this is useful when prognosis cannot be estimated adequately by the 

current state alone, particularly for dynamic prediction from intermediate states. 

Supplementary Table 6 contains all literature found pertaining to non-Markov methods. [88-

102] 

 

Most non-Markov methods were developed to estimate history-informed transition and state-

occupation probabilities without specifying a full transition intensity model, often using 

landmarking, smoothing, or other nonparametric estimators [88-92, 94] [95-98].  

 

Within this body of literature, we have identified some areas for further methodological 

development. Reducing bias due to Markov misspecification often comes at the cost of 

greater variance, making it difficult to assess when non-Markov methods offer an advantage 

over simpler Markov approaches [90, 91]. Additionally, although methods allow covariate-

specific prediction, their ability to handle more complex covariate structures, time-varying 

information, and higher-dimensional settings is limited [94-97, 99]. 

 

Non-Markov methods provide useful tools when prediction depends on more than the current 

state alone, especially for dynamic prediction from intermediate states, but efficient and 

reliable estimation of history-dependent risks continues to be challenging.Software for 
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implementation includes the mstate package, which implements the landmark Aalen-

Johansen estimator.[87] Landmarking for dynamic prediction is also supported by the 

landpred R package. [103] 

3.3.2.4 Unspecified Structures 

Existing methodology for analysing multi-state event-history data with unspecified structures 

includes both transition-specific hazard models and estimator-based approaches that directly 

target clinically interpretable prediction quantities. Supplementary Table 7 contains the 

literature found pertaining to unspecified structure methods. [104-114] For someone fitting a 

multi-state prediction model, these methods are useful because they provide ways to estimate 

transition probabilities, state occupation probabilities, time-in-state summaries, and dynamic 

predictions without relying on a single process-specific framework. 

 

The reviewed literature included transition-specific models, multiple-spell approaches, 

nonparametric estimators of trajectories, semiparametric regression for sojourn times, 

inverse-probability weighted methods for left-truncated settings, landmarking approaches for 

dynamic prediction, multiple-time-scale models, and more flexible structured additive or 

boosting-based methods [104-112]. 

 

Many methods were developed for simple state structures, such as illness-death or semi-

competing risks models, limiting their use in more complex pathways with multiple 

intermediate states or recurrent transitions [105, 106, 111-113]. There is also limited 

guidance on handling multiple time scales, even though choices about time since entry, 

illness duration, or calendar time can affect predictions [108, 113]. Finally, more flexible 

methods, such as multi-state boosting, aim to capture complex covariate effects, history 

dependence and misclassification, but are computationally demanding and can be difficult to 

diagnose for convergence and overfitting in realistic datasets [109].  

3.3.2.5 The Pseudo-Value Approach 

Pseudo-value methods provide an alternative approach to model specification and fitting in 

multi-state prediction by targeting fixed-horizon transition probabilities, state occupation 

probabilities or related cumulative quantities at fixed time horizons, rather than modelling 

transition hazards and then deriving probabilities under a particular process assumption. 

Table 4 contains all the literature found regarding pseudo-value approaches. [6, 95, 114-119] 

For someone fitting a multi-state prediction model, this is useful when the main aim is to 

predict a clinically interpretable absolute risk at a chosen time point, such as the probability 

of being in a particular state by time, without fully specifying the underlying transition 

process [6, 115]. 
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Table 4 Summary of literature regarding pseudo-values 

Title Year Aim/Purpose Method Benefits Limitation 

Generalised linear models 

for correlated pseudo‐
observations, with 

applications to multi‐state 
model [120] 

2003 To develop a regression framework 

that models multi-state transition or 

state probabilities directly using 

pseudo-observations rather than 

modelling each transition intensity 

separately  

Constructed jackknife pseudo-values 

from Aalen–Johansen (or Kaplan–
Meier) estimators and fitted 

generalised linear models to these 

pseudo-values via generalised 

estimating equations with appropriate 

link functions  

Provides a simple way to regress directly on 

clinically meaningful state probabilities, avoids 

specifying full intensity models, works for non-

Markov multi-state data, and yields 

approximately unbiased, easy-to-compute 

estimators  

Relies on working independence 

assumptions and correct specification 

of the link function  

Regression analysis for 

multistate models based on 

a pseudo-value approach, 

with applications to bone 

marrow transplantation 

studies [6] 

2007 To extend the pseudo-value 

approach for direct regression 

modelling of state occupation 

probabilities in multi-state models 

Constructed pseudo-values at 

transition times, estimated covariate 

effects via GEEs or penalised GEEs 

with smoothing penalties, and allowed 

extension to multivariate pseudo-

observations for joint modelling of 

multiple states 

Provides direct, interpretable modelling of 

covariate effects on state probabilities, avoids 

indirect hazard-based modelling, and allows 

flexible estimation across multiple states and 

time points 

Requires selection of time 

points/grid, variance estimation relies 

on sandwich or bootstrap, and 

computationally intensive iterative 

estimation may be needed 

Nonparametric regression 

of state occupation, entry, 

exit, and waiting times, 

with multistate right-

censored data [95] 

2013 To develop nonparametric 

regression methods for estimating 

state occupation probabilities and 

waiting time distributions in 

progressive multi-state models 

under censoring, without assuming 

Markov or semi-Markov structures 

Used kernel smoothing of counting 

and risk processes conditional on 

covariates, applied inverse probability 

of censoring weights with Aalen’s 
linear hazard model 

Avoids restrictive parametric/semiparametric 

assumptions, provides closed-form estimators 

that are asymptotically valid and robust to 

censoring misspecification, and offers useful 

benchmarks for checking parametric models 

Performance depends on sample size, 

and extension to multiple covariates 

faces dimensionality without additive 

modelling approaches 

Temporal Prediction of 

Future State Occupation in 

a Multistate Model from 

High-Dimensional Baseline 

Covariates via Pseudo-

Value Regression [116] 

2017 To develop a method for predicting 

future state-occupation probabilities 

in multi-state models using high-

dimensional baseline covariates  

Combined pseudo-value regression 

(built from Aalen–Johansen state-

occupation estimates) with high-

dimensional regression tools such as 

PLS, SPLS, LASSO, elastic net, and 

adaptive LASSO  

Enables individual-level prediction with 

thousands of covariates, avoids parametric 

assumptions, handles censoring via pseudo-

values, and performed well in simulations, 

especially PLS in both sparse and dense settings  

Performance deteriorated under high 

noise-to-signal ratios, depends on 

correct tuning of high-dimensional 

models, relies on the quality of 

pseudo-values, and simulations show 

sensitivity to heavy censoring  
Adjusting for informative 

cluster size in pseudo-value 

based regression 

approaches with clustered 

time to event data [117] 

2023 To extend pseudo-value regression 

for covariate effects in multi-state 

models to handle informative 

cluster size (ICS) 

Developed pseudo-values from 

weighted marginal estimators of SOPs 

and adjusted for ICS directly in the 

GEE estimating equations 

Provides a robust alternative to Cox-type hazard 

models by enabling direct regression on SOPs, 

flexible use of GEE with sandwich variance 

estimators, and broad applicability to clustered 

multi-state data 

Small cluster numbers can yield 

unreliable inference; extensions are 

needed for complex censoring, and 

bootstrap or resampling strategies 

may be required 

Regression analysis of a 

future state entry time 

distribution conditional on 

a past state occupation in a 

progressive multistate 

model [118] 

2023 To develop nonparametric 

estimators and regression methods 

for future state-entry probabilities 

and entry-time distributions 

conditional on past state occupation 

in progressive multi-state models 

without Markov or semi-Markov 

assumptions 

Constructed fractional at-risk sets, 

inverse-probability-of-censoring-

weighted competing-risks estimators 

and combined them with pseudo-

value regression to model covariate 

effects under dependent censoring  

Provides valid population-level estimates and 

covariate effects for future state-entry behaviour 

in complex progressive systems without relying 

on Markov assumptions and while allowing 

dependent censoring  

Requires a tree-structured 

progressive model, accurate 

modelling of the censoring 

mechanism, and can become 

computationally intensive due to 

recursive fractional-weight 

calculations  

Pseudo-observations for 

competing risks with 

2014 To investigate bias in pseudo-

observation–based regression for 

competing risks when censoring 

Replaced standard pseudo-values 

based on the Aalen–Johansen 

estimator with pseudo-values derived 

Reduces bias in regression coefficients and 

cumulative incidence estimates under covariate-

Requires correct specification of the 

censoring model; alternative 

estimators increase computational 
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covariate dependent 

censoring [119] 

depends on covariates, and propose 

modified pseudo-observations to 

address this issue 

from inverse probability of censoring 

weighted cumulative incidence 

estimators, where the censoring 

distribution is modelled (e.g., via a 

Cox model); evaluated variants that 

refit or reuse censoring models 

dependent censoring; retains the flexibility of 

pseudo-observation regression 

burden or variance; efficiency may 

be lower compared with standard 

methods 
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Most pseudo-value methods construct pseudo-observations from nonparametric estimators of 

multi-state quantities and then regress these on predictors using methods such as GEE-based 

approaches, smoothing, weighting procedures, and regularised regression. [6, 95, 114-118] 

These methods help researchers fit prediction models directly for fixed-horizon risks and 

accommodate settings such as clustered data or larger baseline covariate sets. This makes 

them useful when the prediction target is a state occupation probability rather than a 

transition-specific hazard. 

 

There are several methodological weaknesses to some of these methods. First, pseudo-value 

regression depends heavily on the quality and stability of the underlying nonparametric 

estimators, so problems such as censoring, sparse data, or unstable weighting can propagate 

directly into predictions [6, 95, 115-118]. Second, as pseudo-value models target specific 

time horizons, performance depends strongly on the choice and spacing of those time points, 

which can affect both bias and efficiency [6]. Third, although extensions exist for clustered 

and high-dimensional settings, these can make estimation and uncertainty quantification more 

difficult, especially when cluster sizes are informative or when censoring depends on many 

covariates. [116, 117, 119] 

 

Pseudo-value methods are used for multi-state prediction when the primary goal is to model 

fixed-horizon risks in a clinically interpretable way, but their performance depends on the 

stability of estimators, design choices regarding censoring adjustment and the selected time 

points. 

 

Software for pseudo-value-based regression in multi-state settings is available in R. The 

pseudo package computes jackknife pseudo-observations from Aalen-Johansen or Kaplan-

Meier estimates for state occupation probabilities and related quantities; these can then be 

passed into standard regression frameworks. [121] The mets package provides an integrated 

implementation of pseudo-observation regression for multi-state outcomes. [122] 

3.4 Model Validation 

Validation methods for multi-state prediction models remain limited, with relatively few 

papers (n=4, summarised in Table 5) addressing predictive performance and model fit across 

different multi-state structures. [123-126] The available literature focuses mainly on 

discrimination, calibration, and overall prediction error, typically for state occupation or 

transition probabilities at fixed prediction horizons.  
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Table 5 Summary of literature on validation methods 

Title Year Aim Methods Benefits Limitations 

Time-dependent ROC 

methodology to evaluate the 

predictive accuracy of 

semiparametric multi-state 

models in the presence of 

competing risks: An 

application to peritoneal 

dialysis programme [122] 

2016 To evaluate predictive 

accuracy of 

nonparametric multi-

state regression models 

using time-dependent 

ROC methodology in 

the presence of 

competing risks 

Applied Cox-type structured hazard multi-state 

regression (STAR) models with flexible 

nonparametric and time-varying covariate 

effects; assessed predictive discrimination 

using time-dependent ROC curves and AUCs 

across different transitions 

Identifies clinically relevant, time-varying 

covariate effects ,ROC/AUC analysis 

provides a robust, scale-free metric for 

comparing discrimination across 

transitions 

Extensions to more flexible hazard 

structures (e.g., GLASS, P-splines) and 

alternative ROC definitions remain for 

future research 

Prediction errors for state 

occupation and transition 

probabilities in multi-state 

models [124] 

2018 To propose predictive 

accuracy measures for 

general multi-state 

models, covering both 

baseline and dynamic 

prediction rules 

Developed two estimators for prediction error: 

one based on inverse probability of censoring 

weighting (IPCW) and one using pseudo-

observations (Aalen–Johansen estimates), with 

proofs of consistency under specified 

censoring assumptions 

Provides a framework to evaluate and 

compare predictive performance of multi-

state models (including dynamic settings), 

with practical guidance on when to use 

IPCW vs. pseudo-observations 

Relies on strong assumptions about 

censoring; bias may occur if censoring 

distribution is misspecified; standard errors 

not derived (bootstrap suggested); 

performance may differ when censoring 

heavily depends on covariates 

Calibration plots for 

multistate risk predictions 

models: an overview and 

simulation comparing novel 

approaches [123] 

2023 To provide methods for 

evaluating the 

calibration of transition 

probabilities in multi-

state prediction models 

Compared BLR-IPCW, MLR-IPCW, pseudo-

value approaches, and Aalen–Johansen 

estimator using simulations, validation 

datasets, and clinical examples; recommended 

combining calibration curves and scatter plots 

First detailed framework for calibration of 

multi-state transition probabilities; 

demonstrates unbiased estimation under 

random censoring, identifies method-

specific strengths (e.g., pseudo-values 

most robust to sparse data), and provides 

practical guidance for applied validation 

All methods show bias in low-density 

regions, performance depends on censoring 

assumptions and correct use of IPCWs, 

calibration assessments unstable in small 

validation cohorts, restricted to transitions 

out of the initial state and irreversible 

models 

calibmsm: An R package for 

calibration plots of the 

transition probabilities in a 

multistate model [125] 

2025 To create software to 

aid in assessing the 

calibration of a 

multistate model 

 

Three approaches: 

The first two utilised calibration techniques for 

binary and multinomial logistic regression 

models in combination with IPCW, the third 

utilised pseudo-values. All methods are 

implemented in conjunction with landmarking. 

Focused on calibration curves, but also 

allowed estimation of calibration slopes and 

intercepts 

Provides software to assess the calibration 

for any state in the model, including 

intermediate states 

Further comparison of the approaches in 

targeted simulations to establish their 

performance under different censoring 

mechanisms and assumptions would be 

valuable 
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3.4.1 Discrimination 

Only one paper addressed discrimination in multi-state prediction, investigating time-

dependent ROC curves and AUC measures for competing-risk and multi-state settings. These 

metrics help model developers assess whether a model appropriately ranks individuals 

according to their risk of future state occupancy or transition. 

3.4.2 Calibration 

Most of the identified validation literature focused on calibration and overall accuracy. This 

included approaches for assessing calibration of multi-state transition probabilities using 

binary or multinomial IPCW-based regression, pseudo-value methods, and Aalen–Johansen-

based benchmarks [124], as well as a broader framework for prediction error for state 

occupation and transition probabilities using IPCW or pseudo-observations [125]. Extensions 

have been developed to allow calibration assessment for predictions made from intermediate 

states [126]. For researchers, these methods are useful because they evaluate whether 

predicted multi-state probabilities are numerically reliable at clinically relevant time 

horizons, rather than only whether individuals are ranked correctly. 

 

Most existing validation methods have been developed for simple settings and are only 

applicable to irreversible models and a small number of fixed horizons, whereas in practice, 

multi-state models may require validation across multiple states, repeated transitions, and 

dynamic landmark times. Additionally, uncertainty quantification for multi-state validation 

metrics remains underdeveloped. Although bootstrap-based intervals are often recommended, 

work on Aalen–Johansen estimators has shown that commonly used bootstrap procedures 

may not reproduce the correct limiting behaviour, potentially affecting standard errors and 

inference unless additional corrections are applied. [125] 

 

Despite validation being a key part of the model pipeline, methods for validating multi-state 

prediction models are still limited. The present methods provide tools for assessing 

discrimination, calibration, and prediction error at fixed horizons, but important gaps remain 

in validating complex multi-state processes and quantifying uncertainty for performance 

measures across multiple states. 

 

Software for calibrating and validating multi-state prediction models is limited. The 

calibmsm package implements calibration plots for multi-state transition probabilities using 

BLR-IPCW, MLR-IPCW, pseudo-value and Aalen-Johansen benchmark approaches, and 

supports calibration from intermediate states. [126]  

4 Discussion 

This methodological scoping review identified 105 methodological studies on individual-

level prediction using multi-state models. We found that most contributions (n=101) focus on 

developing MSM CPMs, with the majority of those papers focusing on models for Markov 

approaches, ranging from Cox-type hazards to Bayesian and machine learning frameworks, 

while semi-Markov, non-Markov and pseudo-value methods remain comparatively 

underexplored. Most work focused on model specification and fitting, with fewer studies 

addressing other parts of the prediction pipeline, particularly sample size and validation. 

Overall, methods are more advanced for modelling transition processes than for developing 

and assessing multi-state prediction models for routine clinical use. 

 

To our knowledge, this is the first methodological scoping review of methods for producing a 

clinical prediction model for individual-level predictions across a multi-state process. A 
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recent review summarised core multi-state model types, including intensity-based, marginal 

and frailty approaches, and highlighted key challenges such as intermittent observation, 

dependence structures and the emerging use of machine learning. [127] Our findings align 

with these themes, particularly the need for stronger validation frameworks and 

software/open-source code for more complex methods. However, this review is distinct in its 

systematic mapping of methodological contributions for covariate-specific (individualised) 

prediction rather than population-based modelling, offering a structured overview of how 

current approaches address, or fail to address, the unique requirements of risk prediction. 

4.1 Methodological Gaps in MSM Prediction Model Development 

Despite the added complexity of multiple transitions, states, and time points, no papers 

addressed sample size for multi-state prediction model development. Existing sample size 

methods for single-time-to-event prediction models [4, 15] may not transfer directly to multi-

state settings, as multi-state models do not target a single endpoint or hazard. Instead, 

information is split across several transition-specific models or prediction components, often 

with different event frequencies, follow-up patterns, and censoring mechanisms. A dataset 

that appears large overall may therefore still provide limited information for particular 

transitions, especially intermediate or rare transitions, and the correlations between transitions 

further complicate how effective sample size should be quantified. 

 

Work on missing data specific to multi-state models was also sparse, even though 

missingness in multi-state settings can affect baseline covariates, time-varying predictors and 

repeated measurements. Methods for covariate selection and functional form specification 

were limited, with most approaches assuming linear, time-constant effects despite likely non-

linearity and time-varying associations in practice. Throughout model fitting, a recurring 

challenge was computational scalability, which was particularly limiting for large registry or 

electronic health record data. 

4.2 Methodological Gaps in MSM Prediction Model Validation 

Validation methodology was much less developed than model fitting (Table 5). Existing 

work mainly assessed discrimination, calibration, and prediction error at fixed horizons and 

often in relatively simple settings. This is poorly aligned with clinical use, where predictions 

may need to be updated repeatedly across intermediate states and over long follow-up. There 

was little work on discrimination across multiple landmark times, limited calibration work in 

data-sparse regions or along full pathways, and underdeveloped methods for uncertainty 

quantification, particularly for measures based on Aalen–Johansen-type estimands. 

4.3 Implications 

Future work should prioritise underdeveloped parts of the model development pipeline, 

especially sample size, missing data, and flexible but interpretable covariate handling. It 

should also focus on practical usability, including computational efficiency and guidance for 

implementation in realistic healthcare datasets. Finally, validation should be a core priority, 

as multi-state prediction models will be clinically useful only if their performance can be 

assessed reliably across multiple states, time points, and patient pathways. 

4.4 Limitations 

This review has several limitations. First, the search was restricted to peer-reviewed journal 

articles written in English, which may have resulted in relevant methodological contributions 

being missed, particularly those published in non-English literature or disseminated as 

preprints or technical reports. Second, although search terms were tested against key a priori 
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references, the breadth of terminology across the multi-state modelling literature means some 

relevant papers may not have been captured. Third, while the majority of title and abstract 

screening and all remaining full-text screening was conducted by a single reviewer, high 

agreement was demonstrated prior to independent screening. Fourth, the grouping of papers 

into methodological categories required subjective judgement, and some methods span 

multiple categories; the boundaries between groups should therefore be interpreted with this 

in mind.  

4.5 Conclusion 

The methodological literature for multi-state prediction models has progressed substantially 

in modelling transition processes, but less so in the wider framework needed to develop, 

validate, and implement these models responsibly. 
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