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Abstract 

Adults with multiple chronic conditions account for a disproportionate share of thirty-day 

hospital readmissions, yet most readmission risk models were developed and judged in general 

or single-disease populations. This critical methodological review examines what is required for 

such a model to be trustworthy in multimorbid adults. Literature was identified purposively and 

by citation chaining, anchored on published systematic reviews of readmission models and on 

the reporting and appraisal standards for prognostic research, and was appraised against 

CHARMS, PROBAST, TRIPOD+AI and published guidance on evaluating prediction model 

performance. The review does not pool performance estimates and reports no new quantitative 

synthesis. Prior syntheses consistently describe modest discrimination, sparse calibration 

reporting, and little external validation, and direct evidence in older adults shows widely used 

scores discriminating poorly. The review argues that the ceiling on performance lies more in 

what routine data measure than in how models are estimated: functional status, frailty, falls, 

medication access and social circumstances are repeatedly associated with readmission but 

seldom captured in administrative data. It sets out an appraisal framework, a predictor-domain 

map, a transportability checklist and a worked illustration of why modest discrimination yields 

low positive predictive value. The Multimorbidity Readmission Prediction Readiness framework 

links infrastructure, measurement, model governance and care-coordination capacity, and 

generates four testable propositions. Local recalibration, calibration reporting, decision-analytic 

evaluation and equity auditing should precede deployment. 
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1. Introduction 

1.1 The clinical and economic burden of readmission in multimorbidity 

Thirty-day readmission remains a high-volume, high-cost outcome, and adults with multiple 

chronic conditions carry much of that burden. According to the Healthcare Cost and Utilization 

Project, in 2020 there were 14.0 readmissions within thirty days per 100 adult index admissions 

in the United States, at an average cost of $17,700 per readmission; the rate was 17.0 per 100 

among Medicare stays, reached 28.2 for chronic kidney disease and 22.3 for heart failure, and 

five conditions regarded as potentially preventable (heart failure, diabetes with complications, 

pneumonia, chronic obstructive pulmonary disease, and urinary tract infection) together 

accounted for 18.7% of all adult readmissions [1]. A companion statistical brief reported that the 

all-cause thirty-day rate remained at 13.9 per 100 index admissions across 2016 to 2020 [2]. The 

persistence of the problem is itself informative: if readmission were chiefly a consequence of 

discrete, correctable failures at discharge, the financial penalties and transitional care programs 

introduced over the preceding decade might have been expected to move the national rate further 

than they have. 

Comorbidity burden is one of the most consistent correlates of that persistence. In a Swiss 

cohort that linked patient-level hospital administrative data to the population census, unplanned 

thirty-day readmission among patients with chronic health conditions followed a social gradient 

[3]. Among Medicare beneficiaries in the Health and Retirement Study, an ICD-coded 

multimorbidity-weighted index that embeds physical functioning was associated with both thirty-

day readmission and post-discharge mortality [4]. Chronic conditions rarely occur in isolation; 

they cluster, for example along a cardiometabolic continuum in which a single metabolic marker 

combined with echocardiographic parameters has been proposed to improve cardiovascular risk 

stratification [5]. Readmission in this population is therefore better understood as an emergent 

property of several interacting conditions moving through a fragmented care system than as a 

property of a single index diagnosis, and a model that sees only the index diagnosis code sees 

little of the process it is asked to forecast. 

1.2 Why multimorbidity changes the prediction problem 

Multimorbidity describes the coexistence of two or more chronic diseases in one person. It rises 

steeply with age and drives admissions, specialist referral, and resource use; in the Medicare 
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analysis cited above, beneficiaries in the highest quartile of the multimorbidity-weighted index 

had substantially higher odds of thirty-day readmission than those in the lowest quartile, and the 

index was proposed as a way of bringing physical functioning into claims-based risk models [4]. 

Older adults who combine multimorbidity with disability and social complexity are those whose 

individual characteristics claims-based risk adjustment captures least well. Three features of such 

populations make prediction structurally harder than in single-condition cohorts. 

First, the causal pathway to readmission runs through care coordination as much as through 

disease severity. Care-coordination frameworks designed to reduce readmissions among chronic 

disease patients identify handoff quality, medication reconciliation, and follow-up scheduling as 

the operative levers [6], and continuity-of-care frameworks for cardiometabolic patients reach 

the same conclusion from the policy side [7]. These levers act after the index discharge, when 

most prediction models have already produced their output. 

Second, many of the determinants that matter are unmeasured in routine data. In a cohort of 

1,509 older adults admitted to a geriatric ward, comprehensive geriatric assessment found that 

moderately impaired gait ability, together with male sex, was independently associated with 

thirty-day readmission, information that the scores routinely applied to such patients do not 

contain [8]; among patients aged 80 years and over, multimorbidity and prior falls have been 

reported to correlate with readmission risk in a prospective cohort [9]. Medication access is a 

comparable blind spot. Equitable access to chronic therapies in hospital pharmacy settings has 

been framed as a continuity-of-care problem [10], supply chain inefficiency translates into 

affordability failure in resource-constrained systems [11], last-mile distribution barriers 

determine whether a discharge prescription is filled [12], and unscreened drug interactions can 

turn the post-discharge regimen itself into a hazard, as a framework for systematic interaction 

screening in antenatal care illustrates in a different clinical population [13]. 

Third, the infrastructure needed to capture these variables is unevenly distributed. Analyses 

of health system transformation place a governance backbone for interoperability, data quality, 

and analytics at the base of any analytic capability [14], and argue that scientific innovation fails 

to improve outcomes without a functioning delivery infrastructure [15]. Diagnostic capacity 

belongs to that backbone: integrated laboratory information systems improve detection accuracy 
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[16], and quality systems determine whether laboratory results are trustworthy enough to be used 

as model inputs [17]. 

1.3 The state of the prediction literature and the gap in prior reviews 

Two decades of model development have produced a crowded field with limited cumulative 

progress. A landmark systematic review identified 30 studies of 26 unique readmission models; 

among the 21 studies reporting a C-statistic, values ranged from 0.55 to 0.83, only six exceeded 

0.70, and the large United States population-based models designed for hospital comparison 

generally discriminated poorly [18]. An update covering 60 studies and 73 unique models 

reported C-statistics spanning 0.21 to 0.88, with consistently moderate discrimination (C-statistic 

of 0.70 or above) in 11 of the 13 models built for medical condition-related readmissions, and the 

authors emphasized inconsistent performance across the field [19]. A review of 41 studies that 

used electronic medical record data found that such models perform better than models built on 

administrative data, but only modestly; it reported no statistically significant difference between 

the average C-statistics of regression and machine learning models, and it noted that most studies 

lacked socioeconomic features, failed to calibrate their models, and did not discuss clinical 

impact [20]. In hospitalized older adults, a group in which multimorbidity is the norm, both the 

LACE index and the HOSPITAL score discriminated at a C-statistic of 0.59 [8]. 

Three gaps follow from this record. No prior synthesis has examined model evaluation in a 

population defined by multimorbidity rather than by index diagnosis or by general admission; the 

review of thirty-day readmission models in paediatrics, for instance, addressed applicability in a 

quite different population [21]. The earliest general reviews preceded PROBAST and so did not 

apply a structured, domain-level appraisal of bias, although appraisals in adjacent prognostic 

fields have since shown how pervasive analysis-domain flaws are, as in models predicting 

impairment after critical illness [22] and early warning scores for ward deterioration [23]. 

Finally, no review has examined calibration, reconstructability, and transportability together, 

even though these, rather than discrimination, determine whether a published model can be 

adopted elsewhere. Reviews of machine learning early warning systems describe the same gap 

between the number of models developed and the number evaluated in new settings [24]. 

The applied analytics literature, meanwhile, has matured quickly outside clinical prediction. 

AI-based decision support for healthcare operations and resource planning [25], performance 
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intelligence for public service outcomes [26], data-driven lifecycle performance management 

[27], and predictive detection of financial risk and fraud in public systems [28] show a toolkit 

that is no longer technically scarce. The same methods have been applied to humanitarian 

logistics [29], predictive maintenance of commercial platforms [30], student retention and 

institutional risk [31], and budgeting from operational signals [32]. Capacity planning for multi-

program portfolios [33], cost optimization through machine learning [34], crop resilience 

forecasting [35], and predictive strategy in large service organizations [36] complete a picture in 

which estimator availability is not the constraint. At population scale, AI-based risk stratification 

for emergency preparedness [37], big-data outbreak anticipation [38], and climate-integrated 

mortality prediction [39] apply the toolkit to public health. The gap is therefore not 

methodological capacity but its alignment with the clinical problem, with the data actually 

available, and with the care system that must act on the output. 

1.4 Conceptual grounding 

Two bodies of theory frame this review. The first is the chronic care model, which holds that 

outcomes for people with chronic illness depend on productive interactions between an 

informed, activated patient and a prepared, proactive practice team, supported by delivery system 

design, decision support, clinical information systems, and community resources [40]. Read 

through that model, a readmission risk score is a decision-support and clinical-information 

component; its value is conditional on the delivery-system and self-management components 

that must act on it. This framing predicts that discrimination and clinical value will diverge 

whenever the delivery system lacks capacity, which is a prediction that the literature reviewed 

here can illuminate but not yet test. 

The second is the methodological framework for prognostic model research. The CHARMS 

checklist specifies what must be extracted to judge a prediction model study [41], PROBAST 

structures judgments of risk of bias and applicability across participants, predictors, outcome, 

and analysis [42], TRIPOD+AI sets reporting requirements for regression and machine learning 

models alike [43], and methodological guidance on reviewing prediction model performance 

specifies how C-statistics and calibration measures should be interpreted, transformed, and, 

where appropriate, combined [44]. Within this framework, discrimination, calibration, and 

clinical utility are distinct properties, and transportability to a new setting is an empirical 
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question rather than an assumption. A structure-process-outcome reading in the Donabedian 

tradition, and the behavioral model of health service use that separates predisposing, enabling, 

and need factors, also informed the grouping of predictor domains. 

1.5 Objectives and contributions 

This critical methodological review aims to set out what a reader, a health system, or a journal 

should require before trusting a model that predicts thirty-day all-cause unplanned readmission in 

adults with multiple chronic conditions. Its objectives are to summarize what published 

systematic reviews have established about the performance of readmission models [18-20]; to 

translate the appraisal and reporting standards for prognostic research into concrete questions for 

readmission models [42,43]; to examine, from the cited primary and review literature, which 

predictor domains are likely to matter most in multimorbid adults and why they are usually 

absent; and to situate model performance within the infrastructure and care-coordination 

conditions that determine whether a model can be implemented. 

The review makes five contributions. (1) It provides an appraisal framework that maps each 

named methodological standard to the questions a reader should ask of a readmission model, so 

that published models can be judged consistently. (2) It sets out the predictor-domain argument, 

that functional, frailty, medication, and social information matter more than algorithmic 

sophistication, as a reasoned case built from cited evidence and stated as a hypothesis to be 

tested rather than as a measured effect. (3) It explains, with a clearly labeled worked illustration, 

why modest discrimination at realistic readmission rates yields low positive predictive value, and 

why calibration and decision-analytic evaluation are therefore indispensable. (4) It proposes the 

Multimorbidity Readmission Prediction Readiness (MRPR) framework, which treats 

performance as a joint property of a model and its operating environment and yields four testable 

propositions. (5) It sets out a prioritized research agenda that favors external validation, 

recalibration, and impact evaluation over further model development, consistent with the view of 

the chronic care model that information systems add value only when coupled to delivery [40]. 

http://www.ijtmh.com/


International Journal of Technology Management & Humanities (IJTMH) 
e-ISSN:2454–566X, Volume 10, Issue 4, (December2024),www.ijtmh.com 

December 2024 www.ijtmh.com 384 | Page 

2. Methods 

2.1 Review design and rationale 

This article is a critical methodological review rather than a systematic review with meta-

analysis. The choice follows from the question. The question is not how well the average 

published model discriminates, which earlier systematic reviews have addressed for general and 

condition-specific populations [18-20], but what a model must demonstrate before it can be 

trusted in multimorbid adults and which features of the evidence base prevent that 

demonstration. A question of this kind is answered by appraisal against explicit standards and by 

reasoned argument from the best available evidence, not by pooling. The review therefore does 

not claim the exhaustive search, duplicate screening, or quantitative synthesis that the PRISMA 

2020 statement describes for systematic reviews [45], and readers should not read it as one. It 

borrows from that tradition the obligation to state how sources were found, how they were 

judged, and what the review can and cannot conclude. The scope of the review is summarized in  

 

Table 1. Scope of the review framed with PICOTS. 

Element Scope 

Population Hospitalized adults with two or more chronic 

conditions, or populations in which 

multimorbidity is the explicit modeling target 

Index model Any multivariable model estimating 

individual risk, whether regression, tree-

based, or neural 

Comparator Other models, clinician judgment, or simple 

rules, where the cited literature reports them 

Outcome All-cause unplanned readmission to any acute 

hospital within 30 days of index discharge 

Timing Prediction at admission or at discharge, with 

attention to whether predictors are available at 

the stated time 

Setting Acute inpatient care, any country, any payer 

Evidence considered Published systematic reviews, primary cohort 

studies in older and multimorbid adults, 

reporting and appraisal standards, and impact 

studies from adjacent prediction tasks 
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Table 1 using the PICOTS elements recommended for questions about prognostic models [44], 

which separate the population, the index model, any comparator, the outcome, the timing of 

prediction, and the setting. 

 

2.2 How literature was identified 

The literature was identified purposively and by citation chaining rather than by a registered 

database search. The review was anchored on four groups of sources that are listed in full in the 

reference list. The first group comprises published systematic reviews of readmission prediction 

models, namely the general review that established the field [18], its update [19], the review of 

models built on electronic medical record data [20], and the review of paediatric thirty-day 

readmission models [21]; their included studies and conclusions define what the field is already 

known to show. The second group comprises the reporting and appraisal standards for prognostic 

research: CHARMS [41], PROBAST [42], TRIPOD+AI [43], and guidance on systematic 

review and meta-analysis of prediction model performance [44]. The third group comprises 

primary studies of readmission determinants in older and multimorbid adults [3,4,8,9] and 

national surveillance statistics [1,2]. The fourth group comprises evaluations of prediction 

models deployed in adjacent acute care tasks, where external validation and impact studies are 

more advanced [23,46,47]. From these anchors, backward citation chaining and forward reading 

of related work were used to locate literature on predictor domains, transportability, 

implementation, and the infrastructure and governance conditions discussed in Section 2.6. 

Selection was guided by relevance to a methodological question and by the need to represent 

each standard and each predictor domain, not by an attempt at completeness. 

2.3 How the evidence was appraised 

Each source was read for what it could support. Systematic reviews were used for what their 

abstracts and main text report about the number and performance of models, and their figures are 

attributed to them rather than restated as findings of the present review [18-20]. Primary studies 

were used for what their design permits: a single cohort can show that a variable is associated 

with readmission in that setting [8], but it cannot show that adding the variable to a model will 

improve performance elsewhere. The appraisal standards were then applied in a structured way. 

CHARMS was used to identify the information a reader needs to judge a readmission model 

study, including data source, participants, outcome definition, candidate predictors, sample size, 
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missing data, model development, performance, and model evaluation [41]. PROBAST was used 

to organize concerns about bias and applicability across participants, predictors, outcome, and 

analysis [42]. TRIPOD+AI was used to define what must be reported for a model to be 

reconstructed, validated, and implemented, including calibration and full model specification 

[43]. Guidance on reviewing prediction model performance was used to frame the interpretation 

of C-statistics, calibration measures, heterogeneity, and prediction intervals [44]. Table 2 

translates these standards into questions a reader should ask of any readmission model intended 

for multimorbid adults. For studies evaluating the effect of using a model on patient outcomes, 

ROBINS-I for non-randomized studies [48] and RoB 2 for randomized trials [49] are the 

appropriate instruments, and the distinction matters because a well-calibrated model can still be 

evaluated in a badly biased impact study. 

 

Table 2. Appraisal framework: methodological standards mapped to the questions a reader 

should ask of a thirty-day readmission model in multimorbid adults. 

Standard or 

concept 

What it addresses Questions to ask of a readmission model 

CHARMS [41] Information needed to 

judge a prediction model 

study 

Is the data source, setting, and period 

stated? How is multimorbidity defined? 

How many index admissions and 

readmission events contribute, and how 

many candidate predictors were considered? 

PROBAST, 

participants domain 

[42] 

Whether the study 

population matches the 

intended use 

Were exclusions (deaths, transfers, planned 

admissions) handled so that the modeled 

population resembles the one in which the 

model will be used? 

PROBAST, 

predictors domain 

[42] 

Whether predictors are 

defined and available at 

the time of use 

Is every predictor available at the stated 

prediction time? Would a model intended 

for use at admission depend on length of 

stay or discharge information? 

PROBAST, 

outcome domain 

[42] 

Whether readmission is 

ascertained completely 

and consistently 

Can readmissions to other hospitals be 

observed? Are planned readmissions 

excluded consistently? How is death before 

readmission handled? 

PROBAST, 

analysis domain 

[42] 

Whether the analysis is 

likely to produce 

optimistic or biased 

estimates 

Was sample size adequate for the number of 

candidate predictors? Were missing data 

imputed rather than excluded? Were 

continuous predictors kept continuous? Was 

univariable screening avoided? Was 

optimism corrected? 
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Standard or 

concept 

What it addresses Questions to ask of a readmission model 

TRIPOD+AI [43] Reporting sufficient for 

reconstruction, 

validation, and 

implementation 

Is the full model specification (coefficients 

and intercept, or the trained model and 

preprocessing pipeline) available? Are 

intended use and threshold rationale stated? 

Is code available? 

Calibration [43,44] Whether predicted 

probabilities match 

observed risk 

Is a calibration plot shown with calibration 

slope and intercept, or an observed-to-

expected ratio? Is calibration assessed in the 

highest-risk groups where decisions 

concentrate? 

Discrimination [44] Whether the model ranks 

patients correctly 

Is the C-statistic reported with a confidence 

interval, and is it an apparent, internally 

validated, or externally validated estimate? 

Transportability 

and external 

validation [44,47] 

Whether performance 

holds in a new setting 

Has the model been validated in a different 

hospital, system, or time period? Were case 

mix, coding, and linkage in the validation 

setting described? 

Heterogeneity and 

prediction intervals 

[44,50] 

How much performance 

varies between settings 

Where several validations exist, what range 

of performance should a new setting expect, 

rather than what is the average? 

Clinical utility and 

decision curves 

[43,44] 

Whether using the model 

does more good than 

harm at a relevant 

threshold 

Is net benefit reported across a range of 

thresholds relevant to the intended action, 

compared with treating all patients and 

treating none? 

Equity and 

subgroup 

performance [3,51] 

Whether errors fall 

unevenly on 

disadvantaged groups 

Are discrimination and calibration reported 

by race and ethnicity, payer, deprivation, 

sex, and age band? 

Impact evaluation 

[48,49,52,53] 

Whether using the model 

changes outcomes 

Has the model been evaluated in an early-

stage clinical study and then in a trial or 

well-designed non-randomized comparison? 

 

2.4 Operationalization of multimorbidity 

The definition of the population is a methodological choice with consequences for every 

downstream judgment. Four operationalizations of multimorbidity recur in the readmission 

literature and in the sources cited here: a count of two or more conditions from a named list; a 

Charlson or Elixhauser index above a stated threshold; a validated multimorbidity index such as 

the weighted index applied to Medicare data [4]; and national classifications of pluripathology. 

The heterogeneity of these definitions is a measurement problem with governance consequences. 

Quality monitoring frameworks in long-term care have shown how differently constructed 
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indicators produce different accountability conclusions from the same underlying population 

[54], and geriatric quality measure sets face the same construct-validity challenge when a single 

label covers patients with very different needs [55]. A Charlson threshold weights conditions by 

their association with mortality, whereas a condition count treats a controlled hypertension and a 

decompensated heart failure alike; the two definitions therefore select overlapping but distinct 

populations. For appraisal, this means that a model developed under one definition cannot be 

assumed to transport to a population selected under another, and the definition should be treated 

as part of the model's intended-use statement rather than as a detail of cohort assembly. 

2.5 Outcome definition and the thirty-day window 

The review focuses on all-cause unplanned readmission within thirty days of index discharge. 

The thirty-day window is the horizon used in payment policy and in the national statistics that 

define the burden [1], and mixing windows would conflate models answering different questions. 

The updated general review, for example, deliberately included both 28-day and 30-day models 

[19], which is appropriate for a general survey but means that pooled or tabulated figures from 

that review are not direct estimates for a thirty-day question. Three further features of the 

outcome matter for appraisal. Planned readmissions should be excluded consistently, because a 

planned return that goes well is not a failure of transitional care. Readmissions to other hospitals 

must be observable, which depends on record linkage rather than on the model. And death after 

discharge competes with readmission: post-discharge mortality is itself strongly associated with 

multimorbidity [4], so a model that predicts death well could appear to predict readmission well 

if the two were not separated, while a model evaluated with deaths censored may look better than 

it is in the sickest patients. The review therefore treats composite outcomes that cannot be 

disaggregated, and outcome ascertainment restricted to a single hospital, as threats to 

applicability that a reader should check before relying on a reported performance estimate [42]. 

2.6 Interpretive synthesis of infrastructure and governance literature 

Conventional prognostic reviews treat performance as a property of the model. This review 

additionally treats it as a property of the model and its operating environment jointly, on the 

reasoning that where richer data depend on infrastructure, infrastructure becomes a determinant 

of performance. To examine this, a structured interpretive synthesis was conducted of literature 

on data infrastructure, diagnostic capacity, medication access, workforce, governance, and 
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security, much of it drawn from health systems research and from cross-sector analogues. 

Analyses of health system transformation locate analytic capability downstream of 

interoperability and data quality [14], work on real-world evidence frames predictive analytics as 

one component of health system performance [56], and studies of laboratory networks treat 

infrastructure as a public health intervention in its own right [57] whose returns require explicit 

measurement [58]. This literature is largely conceptual. It was therefore used to generate and 

interpret hypotheses about the conditions under which models perform or fail, never to supply 

effect sizes. 

The interpretive synthesis followed three rules. Each source was cited only for what its title, 

venue, and scope indicate it examined, so that, for example, a framework for laboratory spatial 

planning was used to support the claim that facility design affects diagnostic throughput and not 

any claim about readmission. Cross-sector sources, such as work on predictive analytics in 

finance, logistics, education, or energy, were used as analogues that illustrate a mechanism, 

never as evidence that the mechanism operates in hospital care. And every interpretive claim was 

tied to a pattern documented in the clinical prediction literature, such as the modest gain from 

electronic record data [20] or the performance loss on external validation observed in adjacent 

tasks [47], so that the contextual synthesis could be checked against the clinical evidence rather 

than floating free of it. Documentation discipline for the review drew on data integrity principles 

from regulated life sciences operations, in which attributable and verifiable records are treated as 

preconditions for any downstream decision [59], and on the logic of corrective and preventive 

action, in which recurring errors lead to a change in procedure rather than case-by-case 

correction [60]. 

2.7 What this review does and does not estimate 

The limits of the review should be stated plainly because they determine how its conclusions 

may be used. The review does not pool C-statistics, calibration measures, or classification 

metrics, and it reports no pooled estimate, confidence interval, prediction interval, heterogeneity 

statistic, or risk-of-bias tally of its own. Where numbers appear, they are either attributed to the 

published source that reported them, such as national readmission statistics [1,2] and the counts 

and ranges reported by earlier systematic reviews [18-21], or they are part of a worked 

illustration that is labeled as such and whose assumptions are stated. The review also does not 
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claim that the sources it cites are a complete or random sample of the literature. Its conclusions 

are of three kinds. The first are statements about standards, which rest on the published standards 

themselves [41-43]. The second are statements about what prior reviews found, which rest on 

those reviews. The third are reasoned arguments and hypotheses, such as the predictor-domain 

argument and the MRPR propositions, which are offered for testing and are labeled as such. 

Readers seeking an estimate of average model performance in multimorbid adults should treat 

that as an open question that an individual participant data meta-analysis, or a systematic review 

designed around the appraisal framework in Table 2, would be needed to answer [44]. 

 

3. Methodological Appraisal of the Evidence 

3.1 What prior syntheses have established 

Four published systematic reviews define the baseline against which models for multimorbid 

adults should be judged. The earliest general review, which identified 30 studies of 26 unique 

models, found C-statistics from 0.55 to 0.83 among the 21 studies that reported one, with only 

six above 0.70, and concluded that most models discriminated modestly; the population-based 

models designed for hospital comparison performed worst [18]. The update found a wider range, 

from 0.21 to 0.88 across 56 of 60 studies, with more consistent moderate discrimination among 

models for specific medical conditions, and stressed inconsistency across its 73 models [19]. The 

review of models built on electronic medical record data found that 17 of its 41 studies reported 

a C-statistic of 0.75 or more, that electronic record data improved on administrative data only 

modestly, that the difference between regression and machine learning was not statistically 

significant, and that relatively few models were reported to use calibration techniques [20]. The 

paediatric review, finally, identified 37 models from 28 studies, found comorbidity and length of 

stay to be the most common significant predictors, and reported median adherence to TRIPOD of 

59% [21]. 

Three messages are consistent across these reviews and are directly relevant to multimorbid 

adults. Discrimination is usually modest, and higher values tend to come from narrower 

populations or richer data. Calibration is reported far less often than discrimination, so the 

correspondence between predicted and observed risk is usually unknown. And reporting is 
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incomplete enough that many models cannot be reconstructed or independently validated. None 

of these reviews defined its population by multimorbidity, so none answers directly how models 

perform when multimorbidity is the defining feature. The closest direct evidence comes from 

older inpatients, in whom two widely used scores discriminated at 0.59 [8], a value near the 

lower end of the ranges reported for general populations. That observation is consistent with, 

though it does not prove, the expectation that multimorbid populations are harder to predict than 

the general inpatient populations on which most models were built. 

3.2 Discrimination: what the C-statistic can and cannot tell 

The C-statistic is the most reported and most misread property of a readmission model. It is the 

probability that a randomly chosen patient who is readmitted receives a higher predicted risk 

than a randomly chosen patient who is not. A value of 0.50 represents ranking no better than 

chance, and a value of 0.70 is often described as acceptable, but the conventional thresholds have 

no clinical meaning in themselves [44]. Three properties of the statistic matter for appraisal. 

First, it is rank-based, so it is silent on whether the predicted probabilities are correct; a model 

can discriminate well and still assign risks that are systematically too high or too low. Second, it 

depends on the spread of risk in the population. The same model will appear to discriminate 

better in a heterogeneous cohort, such as a general admission population that includes both 

elective surgical patients and frail medical patients, than in a homogeneous one, such as a cohort 

restricted to older adults with several chronic conditions. This is one reason why a score 

validated in general populations can look weaker when applied in geriatric wards [8], and why a 

C-statistic from one population is a poor guide to performance in another. Third, the statistic 

reported in a development sample is optimistic by construction unless it has been corrected for 

overfitting through bootstrapping or cross-validation, and even a corrected internal estimate says 

little about performance in a different hospital [42]. 

For a reader appraising a readmission model, the practical questions are therefore not only 

how high the C-statistic is, but which kind of estimate it is (apparent, internally validated, or 

externally validated), in which population it was obtained, and how that population compares 

with the intended one. A modest C-statistic from an external validation in a similar multimorbid 

population is more informative than a higher value from a development sample in a general 

population. Comparison with other fields can also mislead: early warning scores for in-hospital 
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deterioration often report higher discrimination [61], but they predict an outcome hours away 

from physiological signals that are measured repeatedly, whereas readmission models predict an 

outcome weeks away from data that omit most of what happens after discharge. 

3.3 Calibration: whether predicted risks mean what they say 

Calibration describes the agreement between predicted probabilities and observed event rates. It 

is typically assessed with a calibration plot, a calibration slope, and a calibration intercept or 

calibration-in-the-large, and in reviews it is often summarized as an observed-to-expected ratio 

[44]. The calibration slope has a direct interpretation. A slope below 1 on validation indicates 

that predictions are too extreme, with high risks too high and low risks too low, which is the 

characteristic signature of overfitting; a slope above 1 indicates predictions that are too 

conservative. The intercept, or an observed-to-expected ratio different from 1, indicates that the 

model systematically over- or under-predicts overall, which commonly happens when a model is 

moved to a setting with a different baseline readmission rate. The Hosmer-Lemeshow test, 

historically the most common calibration statistic in this literature, is the least informative: it is 

sensitive to sample size, indicates neither the direction nor the location of miscalibration, and has 

been superseded in reporting guidance, which asks for calibration plots with slope and intercept 

[43]. 

Calibration matters more than discrimination for most decisions that readmission models are 

asked to support. Enrollment in a transitional care program, allocation of a pharmacist visit, or 

referral for home-based follow-up is usually made by applying a threshold to predicted risk. If 

the model underpredicts risk in the highest-risk patients, fewer of them cross the threshold than 

should, even if the ranking of patients is correct. The review of electronic record models reported 

that relatively few of its included models were described as using calibration techniques [20], 

and the earlier reviews focused on discrimination because that is what their included studies 

reported [18,19]. For multimorbid adults, whose baseline risk varies widely between settings, 

calibration should be assumed not to transport and should be checked and, where necessary, 

updated in every new setting before deployment [44]. 

3.4 Heterogeneity and prediction intervals 

When several studies report the performance of the same or similar models, their estimates 

usually differ by more than chance would explain. Guidance on meta-analysis of prediction 
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model performance therefore recommends random-effects methods, analysis of the C-statistic on 

the logit scale, and, most importantly for a reader considering adoption, a prediction interval 

[44]. The distinction between a confidence interval and a prediction interval is central. A 

confidence interval around an average C-statistic describes how precisely that average has been 

estimated; with many large studies it can be very narrow. A prediction interval describes the 

range within which the performance in a new, comparable setting is expected to fall, and it 

widens with the between-study variance. The classical moment estimator of between-study 

variance [50] is still widely used, but guidance for prediction model reviews notes that 

alternative estimators and interval methods can better reflect uncertainty when heterogeneity is 

large and the number of studies is small [44]. 

The conceptual consequence for readmission models is that an average is not a forecast. Even 

if a well-conducted meta-analysis were to find a respectable average C-statistic for a family of 

models, a wide prediction interval would mean that a health system adopting one of those models 

could obtain performance barely distinguishable from chance or performance that supports 

useful risk ranking, with no way of knowing in advance which to expect. The ranges reported by 

the general reviews, from 0.55 to 0.83 in one [18] and from 0.21 to 0.88 in another [19], are not 

prediction intervals, because they mix different models, populations, and validation types, but 

they show why a reader should expect wide variation. The appraisal question is therefore 

whether the model has been validated in settings like the reader's own, and if so what range of 

performance those validations show, rather than what its best reported C-statistic was. 

3.5 Predictor domains: what routine data make easy to measure 

The predictors used in readmission models are best read as a map of what routine data systems 

make easy to measure rather than of what clinicians believe drives readmission. The general 

reviews found that most models rely on comorbidity, prior utilization, length of stay, and 

demographic variables available in administrative data [18,19], and the paediatric review found 

comorbidity and length of stay to be the most common significant risk factors [21]. The review 

of electronic record models found that most studies lacked socioeconomic features [20]. By 

contrast, the direct evidence in older and multimorbid adults points toward domains that 

administrative data record poorly. Impaired gait ability was independently associated with 

readmission in older inpatients undergoing comprehensive geriatric assessment [8]; prior falls  
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Table 3. Predictor domains for thirty-day readmission in multimorbid adults, described 

qualitatively with the cited basis for each. 

Predictor 

domain 

Typical data 

source 

Basis in the cited literature Principal appraisal 

concern 

Comorbidity 

burden 

Claims or 

electronic 

record 

diagnosis 

codes 

Consistently used and 

associated with readmission; a 

weighted multimorbidity index 

is associated with readmission 

and mortality [4,19] 

Coding intensity differs 

between systems, so the 

same index captures 

different burden in 

different settings 

Prior 

utilization and 

length of stay 

Claims or 

electronic 

record 

Among the most common 

predictors in general and 

paediatric reviews [18,21] 

Length of stay is not 

available at admission; 

prior utilization reflects 

access as well as need 

Laboratory 

values 

Electronic 

record 

Part of the richer data that give 

electronic record models a 

modest advantage [20] 

Availability depends on 

diagnostic infrastructure 

and test-ordering practice 

[16,17] 

Functional 

status and gait 

Geriatric 

assessment or 

structured 

nursing fields 

Impaired gait independently 

associated with readmission in 

older inpatients [8]; function 

embedded in a multimorbidity 

index [4] 

Rarely recorded in 

structured form; measured 

differently across settings 

Frailty and 

falls 

Prospective 

assessment or 

structured 

fields 

Prior falls correlated with 

readmission in patients aged 80 

and over [9] 

Frailty instruments vary; 

falls history is often 

incomplete 

Medication 

access and 

regimen 

complexity 

Pharmacy 

claims, 

dispensing 

records, or 

interview 

Continuity and affordability of 

chronic therapies shape post-

discharge regimens [10-12]; 

adherence measurable from 

pharmacy data [62,63] 

Usually reduced to a drug 

count; fill and adherence 

data require linkage 

Social risk Linked area 

data, census 

linkage, or 

screening 

Social gradient in readmission 

among patients with chronic 

conditions [3]; socioeconomic 

features usually absent [20] 

Area-level proxies 

misclassify individuals; 

inclusion raises questions 

for payment adjustment 

Caregiver 

capacity 

Interview or 

care-planning 

records 

Caregiver burden linked to 

patient impairment after 

critical illness [64,65] 

Almost never recorded in 

routine data 

Care-process 

and follow-up 

variables 

Scheduling, 

pharmacy, 

and 

community 

care records 

Handoff, reconciliation, and 

follow-up are the operative 

levers in care-coordination 

frameworks [6,7] 

Occur after the prediction 

is made, so cannot be used 

as predictors at discharge 

without redefining timing 
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correlated with readmission in patients aged 80 and over [9]; a multimorbidity index that embeds 

physical functioning was associated with readmission among Medicare beneficiaries [4]; and 

unplanned readmission among patients with chronic conditions showed a social gradient when 

hospital data were linked to census information [3]. 

Table 3 summarizes the main predictor domains qualitatively, with the typical data source, 

the cited basis for their relevance, and the principal appraisal concern. The table deliberately 

contains no frequencies, because the review did not count predictors across a defined set of 

models. Its purpose is to show the inversion that runs through the literature: the domains that 

direct geriatric and social evidence identifies as informative are those least available in the data 

most models use. In the terms of the chronic care model, the literature has modeled the variables 

held by clinical information systems and largely omitted those held by self-management support 

and community resources [40]. 

3.6 Data content versus algorithmic complexity 

A recurring question in readmission modeling is whether better performance should be sought 

through more flexible estimators or through better data. The cited evidence favors data. The 

review of electronic record models found that the difference between regression and machine 

learning was small and not statistically significant, and that electronic record data improved on 

administrative data only modestly [20]. Comparative work in ward deterioration reached a 

conclusion that is instructive precisely because its inputs were unusually rich: in a multicenter 

comparison, machine learning methods outperformed conventional regression when both were 

given the same repeated vital sign and laboratory data [66], and that comparison built on an 

earlier multicenter risk stratification tool whose performance rested on combining vital signs, 

laboratory values, and demographic data [67]. In both cases the estimator worked on dense, time-

varying inputs. Readmission models rarely have that advantage, because the information that 

separates a patient who returns from one who does not is mostly functional, social, and post-

discharge, and is mostly absent from the data. 

The argument of this review, stated as a hypothesis, is therefore that the ceiling on 

discrimination in multimorbid adults lies more in what is measured than in how it is modeled. 

The hypothesis is consistent with the direct geriatric evidence [8,9], with the modest data-source 

gain reported for electronic records [20], and with the chronic care model's emphasis on self-
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management and community information [40]. It is not established by a within-cohort 

comparison, and it should be tested by adding functional, medication, and social predictors to a 

fixed modeling method in the same cohort and reporting the change in discrimination, 

calibration, and net benefit (Section 4.6). 

3.7 Transportability and external validation 

Transportability is the central unsolved problem for readmission models. A model developed in 

one system encodes that system's case mix, coding practices, linkage completeness, and care 

pathways; when any of these differ, both discrimination and calibration shift. The general 

reviews found external validation to be uncommon [18,19], and the pattern is not unique to 

readmission. External validation of a widely implemented proprietary sepsis model in an 

independent health system found performance substantially below that reported by its developer 

[47], and systematic reviews of AI for predicting in-hospital deterioration report that few models 

are externally validated and fewer still are tested prospectively [24,68]. Transportability also 

depends on the stability of the inputs. Scores built on routinely recorded vital signs, such as the 

National Early Warning Score [61], travel comparatively well because their inputs are measured 

similarly everywhere, whereas scores that draw more widely on the electronic record, such as an 

alert score for inpatient deterioration [69] and a later system for detecting deteriorating ward 

patients [70], depend more heavily on the local data model and warrant revalidation in each new 

setting. Most readmission models are of the second kind. 

Table 4 sets out a transportability checklist that a health system can apply before adopting a 

published readmission model. Each item corresponds to a way in which a development setting 

can differ from an adoption setting, and each is grounded in an appraisal standard or in the cited 

evidence. 

3.8 Classification performance and clinical utility: a worked illustration 

Readmission models are often summarized by sensitivity and specificity at an author-selected 

threshold, but the quantity that matters to a program manager is the positive predictive value, the 

proportion of flagged patients who are actually readmitted. Positive predictive value depends 

heavily on the readmission rate. The following is a worked illustration, not a result of this 

review.  
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Table 4. Transportability checklist for adopting a published readmission model in a new setting. 

Item Question for the adopting 

setting 

Why it matters 

Population definition Is multimorbidity defined the 

same way, and is the age and 

frailty profile similar? 

Different definitions select 

different populations [4,55] 

Baseline readmission 

rate 

Is the local thirty-day rate similar 

to that in the development setting? 

A different baseline shifts 

calibration-in-the-large even if 

ranking is preserved [44] 

Outcome capture Can readmissions to other 

hospitals be observed locally, as 

they were (or were not) in 

development? 

Incomplete linkage biases 

observed rates and apparent 

performance [42] 

Predictor definitions 

and timing 

Is each predictor recorded in the 

same way and available at the 

same moment? 

Coding and documentation 

practices vary; timing errors 

inflate performance [42] 

Data source Does the model depend on 

laboratory, functional, or social 

data that are incomplete locally? 

Input quality depends on 

infrastructure [14,16] 

Model specification Is the full specification available 

so that the model can be run and 

recalibrated? 

Without it, independent validation 

is impossible [43] 

Local validation Has discrimination and calibration 

been measured locally, ideally 

during silent operation? 

Performance in a new system can 

fall well below developer reports 

[47] 

Recalibration plan Is there a plan to update the 

intercept and slope, and to 

monitor drift after deployment? 

Calibration is setting-specific and 

changes with case mix [44] 

Subgroup 

performance 

Have discrimination and 

calibration been checked by race 

and ethnicity, payer, and 

deprivation? 

Social gradients in readmission 

can translate into unequal errors 

[3] 

Action capacity Is there a defined, resourced 

action for patients above the 

threshold? 

A score without a workflow 

changes little [46,71] 

 

 

It assumes a thirty-day readmission rate of 17 per 100, the national figure for Medicare stays 

reported by the Healthcare Cost and Utilization Project [1], and four hypothetical operating 

points chosen to span the kinds of trade-off that a model of modest discrimination offers. 

Positive predictive value is calculated by Bayes' theorem as sensitivity multiplied by prevalence, 

divided by the sum of that quantity and the product of one minus specificity and one minus 
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prevalence. Net benefit is calculated at an illustrative risk threshold of 20%, as the proportion of 

true positives minus the proportion of false positives weighted by the threshold odds (0.20 

divided by 0.80), following the logic of decision curve analysis [44]; the default strategy of 

treating everyone has a net benefit of 0.17 minus 0.83 multiplied by 0.25, which is negative 

(about minus 3.8 per 100), and treating no one has a net benefit of zero. 

 

Table 5. Worked illustration (hypothetical operating points; not results of this review). 

Assumptions: readmission rate 17 per 100 [1]; 1,000 patients; net benefit at a 20% risk threshold, 

expressed as net true positives per 100 patients. 

Hypothetic

al 

sensitivity 

Hypothetic

al 

specificity 

Patient

s 

flagged 

per 

1,000 

Readmitte

d among 

flagged 

Not 

readmitte

d among 

flagged 

Positive 

predictiv

e value 

Negative 

predictiv

e value 

Net 

benefi

t per 

100 

0.80 0.50 551 136 415 0.25 0.92 3.2 

0.70 0.70 368 119 249 0.32 0.92 5.7 

0.50 0.85 210 85 125 0.41 0.89 5.4 

0.30 0.95 93 51 42 0.55 0.87 4.1 

 

Three points follow from the illustration. First, at a readmission rate in the teens, most flagged 

patients are not readmitted unless specificity is high; at the second operating point, roughly two 

of every three flagged patients would not return within thirty days. At the all-payer adult rate of 

14.0 per 100 [1], the same operating point would give a positive predictive value of about 0.28. 

Second, raising the positive predictive value requires sacrificing sensitivity, so that a high-

specificity model misses most readmissions. Third, net benefit depends on the threshold, which 

in turn should reflect the cost and burden of the action triggered by a flag relative to the harm of 

a missed readmission. Each hypothetical operating point in the illustration beats both default 

strategies at a 20% threshold, but the ordering would change at other thresholds. This is why 

TRIPOD+AI asks authors to state intended use and threshold rationale [43], and why decision 

curve analysis across a range of thresholds is more informative than a single operating point. 

Whether a given positive predictive value is acceptable depends entirely on what the flag 

triggers: a low-cost, broadly beneficial action such as medication reconciliation tolerates many 

false positives, whereas a scarce and expensive program does not. 
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3.9 Risk of bias: recurring patterns and how to recognize them 

PROBAST organizes risk of bias into four domains, and the recurring concerns in readmission 

modeling can be located within them [42]. In the participants domain, the main concern is that 

exclusions made for analytic convenience, such as removing patients who died, were transferred, 

or had missing data, produce a population that differs from the one in which the model will be 

used. In the predictors domain, the main concern is timing: a model described as usable at 

admission may rely on length of stay, discharge disposition, or other information that exists only 

at discharge. In the outcome domain, the main concern is ascertainment, particularly the inability 

of single-hospital data to observe readmissions elsewhere, a completeness failure analogous to 

the data-quality gaps that evaluations of routine disease surveillance systems document [72]. In 

the analysis domain, the familiar concerns are insufficient events relative to candidate predictors, 

complete-case analysis without justification, univariable screening of predictors, dichotomization 

of continuous variables, and failure to correct for optimism. 

These analysis-domain flaws are not peculiar to readmission research. Systematic appraisal 

of early warning scores for adult inpatients found widespread methodological weakness and poor 

reporting [23], and appraisal of models predicting impairment after critical illness reached 

similar conclusions [22]. In each literature the dominant flaws are methodological choices that 

are well understood and avoidable, which suggests that the bottleneck is less statistical 

knowledge than the absence of enforced reporting and review standards. For machine learning 

models, additional questions arise that PROBAST was not originally designed to capture: 

whether release gating and automated evaluation were described, including awareness of bias in 

automated judging [73], and whether data curation decisions made during model fitting were 

documented [74]. A reader appraising a readmission model should check each domain directly 

rather than relying on the authors' own description of the model as validated. 

3.10 Reporting completeness and reconstructability 

Reporting completeness determines whether a model can be used by anyone other than its 

developers. Without the intercept and coefficients of a regression model, or the trained object 

and preprocessing pipeline of a machine learning model, a second team cannot externally 

validate the model, cannot recalibrate it, and cannot compare it head to head with an alternative 

in its own population. TRIPOD+AI requires that the full model be reported, together with its 

http://www.ijtmh.com/


International Journal of Technology Management & Humanities (IJTMH) 
e-ISSN:2454–566X, Volume 10, Issue 4, (December2024),www.ijtmh.com 

December 2024 www.ijtmh.com 400 | Page 

intended use, the handling of missing data, calibration, and, for machine learning models, 

hyperparameters and code availability [43]. The paediatric readmission review found median 

adherence to TRIPOD of 59%, ranging from 33% to 81%, and called for more complete 

reporting of the items relevant to implementation [21], and the review of electronic record 

models noted that most studies failed to calibrate their models or discuss clinical impact [20]. 

Reporting deficits matter especially for flexible models, whose performance is more sensitive 

to preprocessing, class-imbalance handling, and hyperparameter choice than that of a 

prespecified regression. A model whose specification is not published is closed to the 

independent evaluation that PROBAST and TRIPOD+AI assume will follow publication. A 

literature in which many models cannot be reproduced accumulates claims rather than evidence, 

and each new development study adds a model without adding knowledge the next study can 

build on. For appraisal, the implication is simple: a model that cannot be reconstructed from its 

publication or accompanying materials should not be considered for adoption until its developers 

make the specification available and it has been validated locally [44]. 

3.11 Subgroup performance and equity 

Equity is a property of how a model distributes its errors, not only of its average accuracy. 

National statistics show that readmission rates differ by payer and by race and ethnicity; the 

Healthcare Cost and Utilization Project reported the highest rates among non-Hispanic Black 

patients and the lowest among non-Hispanic Asian and Pacific Islander patients (16.0 versus 

11.7 per 100 index admissions) over 2016 to 2020, and particularly high rates among Medicare 

beneficiaries aged 21 to 64 years and Medicaid patients aged 45 to 64 years [2]. Among patients 

with chronic conditions, readmission follows a social gradient [3]. Two kinds of error can arise 

when a model is applied across such groups. Lower discrimination within a subgroup means that 

the model ranks patients in that group less well, which reduces the efficiency of targeting. 

Underprediction means that the group as a whole is assigned risks below its true risk, which 

reduces its share of referrals at any fixed threshold. The second error is the more harmful for 

equity, and it is also the one that group-specific recalibration can correct. 

The mechanism by which such errors arise is not mysterious: the predictors most associated 

with social disadvantage, such as function, social support, and medication access, are those least 

often measured, so their influence is absorbed into residual error that may concentrate in the 
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groups where they matter most. Outside health care, an analysis of deep learning load forecasting 

has argued that a forecast can be accurate on average and still distribute its errors inequitably 

across districts [75], an analogue of the pattern that readmission models may reproduce. 

Comparative governance literature has examined executive oversight, regulatory structures, and 

accountability for AI-driven healthcare management across jurisdictions [51], and systematic 

work on digital equity and access frameworks in health education addresses the same concern 

from another direction [76]. For appraisal, the question is whether subgroup discrimination and 

calibration were reported at all, and whether any subgroup analysis was prespecified. 

3.12 Optimism, small studies, and selective reporting 

Small development samples overfit, overfitting inflates apparent discrimination, and small 

studies with inflated performance may be more likely to be published. In prediction model 

research, small-study effects and optimism are therefore partly the same phenomenon, and 

funnel-plot asymmetry in a meta-analysis of C-statistics has a specific interpretation that differs 

from its interpretation in intervention reviews [44]. For a reader appraising an individual model, 

the relevant questions are whether the sample size was planned for the number of candidate 

predictors rather than assumed adequate because the cohort is large, whether optimism was 

corrected by resampling, and whether the performance reported is the performance of the model 

as it would be used, rather than of the best of several models tried. Selective reporting of the 

best-performing specification, or of a favorable subgroup, produces the same inflation as 

overfitting and is invisible without a prespecified analysis plan [42]. 

These concerns suggest that the ranges reported in the general reviews [18,19] should, if 

anything, be read as optimistic for the performance a health system is likely to achieve with a 

model developed elsewhere. They also explain why guidance on reviewing prediction model 

performance recommends separate treatment of development, internal validation, and external 

validation estimates rather than combining them [44]. A review or a health system that pools 

apparent and externally validated performance without distinction will overstate what can be 

expected in practice. 
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4. The Multimorbidity Readmission Prediction Readiness Framework 

4.1 Rationale for a layered framework 

The appraisal supports a claim that no single statistic captures: predictive performance in 

multimorbid populations is bounded from below by the data environment and from above by the 

care system's capacity to act. A model is one component in a chain, and the weakest link in the 

chain determines what the model can contribute to outcomes. Existing frameworks represent the 

links separately. Prognostic model reporting standards describe the model in isolation [43]; 

health system frameworks describe the delivery environment, including its data backbone, 

without reference to prediction [14]; and the chronic care model places decision support and 

clinical information systems alongside delivery system design without specifying how the 

quality of the former depends on the latter [40]. The Multimorbidity Readmission Prediction 

Readiness (MRPR) framework joins them. It specifies four nested layers and the dependencies 

between them (Figure 1), and it is intended both as an interpretive device for the evidence 

reviewed here and as a source of propositions that future studies can test. 

4.2 Layer 1: Infrastructure foundation 

The base layer comprises diagnostic and laboratory capacity, the interoperability and data quality 

backbone, cross-site record linkage and identity, and security, privacy, and availability. 

Diagnostic capacity determines which laboratory values exist to be modeled, and it is itself a 

product of sustainable laboratory infrastructure models [77], infrastructure-driven expansion of 

diagnostic access into underserved regions [78], laboratory spatial planning that affects accuracy 

and throughput [79], and regulatory-compliant design of molecular and pathology environments 

[80]. Lifecycle evaluation links that design to long-term service delivery [81], and quality 

systems determine whether the resulting values are reliable [17]. Interoperability governs 

whether values held in separate systems can be combined [14]. Record linkage determines 

whether the outcome can be observed at all, since a model developed in data that cannot see 

readmissions to other hospitals is trained on an incomplete outcome; blockchain-based cross-

border data exchange [82] and privacy-focused digital identity verification [83] illustrate 

architectural routes past that constraint. Security and availability determine whether the system 

functions under stress, and systematic evidence associates cybersecurity investment with 

healthcare financial performance [84]. The clinical signature of this layer is the modest but 
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consistent advantage of models built on richer electronic record data over those built on 

administrative data [20]. 

 

 

Figure 1. The Multimorbidity Readmission Prediction Readiness (MRPR) framework. Each 

layer bounds the one below it: predictive performance cannot exceed what the measurement 

layer captures, measurement cannot exceed what the infrastructure layer supports, and a 

prediction changes outcomes only through the action layer. The dashed path shows outcome 

feedback used to refine measurement and recalibrate the model. 

 

4.3 Layer 2: Measurement domains 

The second layer specifies what is measured: clinical and laboratory variables; prior utilization 

and length of stay; function, frailty, and cognition; medication access and complexity; and social 
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and behavioral risk. The appraisal in Sections 3.5 and 3.6 suggests that the largest recoverable 

gain sits in this layer, because the domains most clearly associated with readmission in older and 

multimorbid adults, such as gait, falls, function, and social circumstances [3,4,8,9], are the least 

available in routine data. The framework treats medication access as a first-order domain rather 

than a covariate, because affordability, last-mile distribution, and continuity of supply each 

determine whether a discharge regimen is actually taken [10-12], and because shortages are 

themselves predictable from supply signals, as drug shortage early-warning models show [85]. 

Program evidence from medication therapy management in chronically ill Medicare populations 

[86], evaluation of the eligibility criteria used to target such services [87], and systematic 

evidence on medication synchronization and utilization [88] all indicate that medication-related 

information is collectible at scale when a program requires it. The design of a cluster-randomized 

tele-pharmacy trial for chronic disease adherence shows how such measures can be embedded 

prospectively [89]. 

4.4 Layer 3: Model development and governance 

The third layer covers development and internal validation, calibration and external validation, 

fairness and subgroup audit, and release gating with ongoing monitoring. It is the layer that the 

readmission literature addresses most directly, and the published reviews show that it does so 

incompletely: calibration is reported less often than discrimination [20], external validation is 

uncommon [18,19], and reporting is often insufficient for reconstruction [21]. The framework 

positions governance as part of development rather than as post-hoc compliance, consistent with 

work on release gating and automated evaluation of models before and after deployment [73], 

with frameworks for documenting data curation during model fitting [74], and with the 

TRIPOD+AI requirement that model specifications be reported in full [43]. For models that will 

influence care, the DECIDE-AI guideline for early-stage clinical evaluation of AI-driven 

decision support provides the bridge between technical validation and prospective use [53]. 

Threat models developed for agentic AI workflows, covering tool poisoning and manipulation of 

memory and inputs, are a reminder that a deployed model's inputs are an attack surface as well as 

a data pipeline [90]. 
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4.5 Layer 4: Action and care-coordination capacity, and the feedback path 

The fourth layer covers transitional care and handoff, pharmacy-led continuity and 

reconciliation, workforce capacity and staffing, and follow-up through telehealth or community 

care. It explains why discrimination alone is a poor guide to value: a score changes outcomes 

only through the actions it triggers, and those actions require capacity that varies independently 

of model quality. Care-coordination frameworks specify handoff mechanics [6,7], pharmacy-led 

access models supply continuity [91], workforce governance determines whether protocols are 

executed [92], and telehealth adoption frameworks for underserved populations extend reach 

[93]. Reviews of telehealth effectiveness across rural and urban settings indicate how far such 

follow-up can realistically compensate for distance [94], and workflow automation in small 

practices shows how patient engagement can be scaled when staff time is the constraint [95]. 

One feedback path runs from observed readmissions back to the measurement layer, 

recalibrating the model against local case mix and revealing which unmeasured determinants 

drive residual error. The published reviews describe a literature in which models are typically 

developed, reported, and left static, with little evidence of scheduled updating [18,19]. 

Engineering domains offer templates for continuous recalibration, including sensor-based 

predictive energy management with ongoing model updating [96] and tiered digital twins that 

bring predictive diagnostics to resource-constrained sites [97]. 

4.6 Testable propositions 

The framework yields four propositions (Table 6). None can be tested with the literature as it 

stands, because the required infrastructure and capacity variables are rarely reported; reporting 

them is itself a recommendation of this review. The propositions are deliberately falsifiable. If, 

for example, external validation performance proved unrelated to linkage completeness and 

laboratory availability, the infrastructure layer would lose its claimed role as a determinant of 

transportability, and the framework would need to locate the loss of performance on external 

validation elsewhere, for instance in case-mix differences alone. External validation of a widely 

implemented proprietary sepsis model in a new health system [47], and the deployment of an 

automated deterioration alert across a large integrated system [46], illustrate in adjacent fields the 

kind of natural experiment in which such propositions can be examined. 
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Table 6. Testable propositions derived from the MRPR framework. 

Proposition Layer Statement Basis in the 

cited literature 

Design needed 

to test 

P1 Measurement Within a fixed 

modeling method, 

discrimination 

increases with the 

number of 

measurement 

domains represented, 

and the increment 

from function, 

medication, and 

social domains 

exceeds that from 

more flexible 

estimators 

Direct 

associations of 

gait, falls, 

function, and 

social gradient 

with readmission 

[3,4,8,9]; no 

significant 

regression 

versus machine 

learning 

difference in a 

prior review [20] 

Individual 

participant data 

meta-analysis or 

single-cohort 

study with 

nested model 

comparison 

P2 Infrastructure External validation 

performance 

degrades in 

proportion to the 

infrastructure gap 

between development 

and validation 

settings 

Performance 

loss on 

independent 

validation in an 

adjacent task 

[47]; input 

dependence of 

record-based 

scores [69,70] 

Multi-site 

external 

validation 

recording 

linkage 

completeness 

and laboratory 

availability 

P3 Action The clinical value of 

a given C-statistic is 

conditional on care-

coordination capacity 

Positive and 

negative impact 

studies of alerts 

with and without 

structured 

responses 

[46,71] 

Decision curve 

analysis and 

cluster trials 

across systems 

with differing 

transitional care 

capacity 

P4 Governance and 

feedback 

Models embedded in 

a recalibration loop 

maintain calibration 

over time, whereas 

static models drift 

with case-mix change 

Calibration is 

setting-specific 

and rarely 

reported [20,44] 

Temporal 

validation with 

scheduled 

recalibration 

versus a static 

comparator 

 

4.7 Relation to existing frameworks 

The MRPR framework is intended to complement, not replace, established models. Relative to 

the chronic care model [40], it narrows the focus to one decision-support component and makes 
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explicit the dependencies that the chronic care model leaves implicit: a decision-support tool is 

only as informative as the clinical information system that feeds it, and only as useful as the 

delivery system design that acts on it. Relative to PROBAST [42], which asks whether a model's 

performance estimate is at risk of bias in the study that produced it, MRPR asks whether the 

conditions that produced that estimate exist in the setting where the model will be used. The two 

questions are distinct: a model can be at low risk of bias in its development study and still fail in 

a new setting whose linkage, laboratory, and staffing conditions differ. Relative to conceptual 

models explaining why scientific innovation fails to improve patient outcomes without delivery 

infrastructure [15], MRPR specifies the particular infrastructure elements on which prognostic 

modeling depends and links each to an observable property of the data or the care process. The 

framework is therefore narrower than these antecedents but more directly testable, which is its 

intended contribution. 

 

5. Discussion 

5.1 Principal arguments 

This review advances four arguments. First, the evidence summarized by published systematic 

reviews shows that readmission models discriminate modestly, that calibration is reported far 

less often than discrimination, and that external validation is uncommon [18-20]; direct evidence 

in older inpatients, among whom multimorbidity is the norm, shows widely used scores 

discriminating poorly [8]. Second, the ceiling on performance in multimorbid adults plausibly 

lies more in what routine data measure than in how models are estimated, because the domains 

most clearly associated with readmission in these patients are those least often recorded. Third, 

calibration and decision-analytic evaluation matter more than discrimination for the decisions 

readmission models are asked to support, and the worked illustration in Section 3.8 shows why 

modest discrimination at realistic readmission rates yields low positive predictive value. Fourth, 

reconstructability and transportability, rather than reported discrimination, determine whether a 

published model can be adopted, and both are constrained by reporting practice and by the 

infrastructure of the adopting setting. 
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Together these describe a literature that is productive but not cumulative. Each new study 

adds a model; few add knowledge the next study can build on, because the information required 

to validate, recalibrate, or extend a published model is usually missing [43]. The response 

proposed here is not another model but a change in what is measured, what is reported, and what 

is evaluated. 

5.2 Comparison with prior reviews 

The earliest general review judged the evidence too heterogeneous to pool and concluded that 

most models performed poorly [18]. The update reported moderate discrimination mainly among 

condition-specific models [19], and the review of electronic record models reported a modest 

advantage for richer data and no significant advantage for machine learning [20]. The paediatric 

review addressed a population too different to serve as a direct comparator, but its finding that 

reporting of implementation-relevant items was incomplete applies equally to adult models [21]. 

The ordering implied by these reviews, with condition-specific models tending to discriminate 

better than general ones, is expected. Restricting to a single index condition removes between-

patient heterogeneity that a model does not then have to explain; multimorbid populations 

reinstate it, and they do so in the dimensions (function, frailty, medication, social context) that 

routine data capture least well. 

This review adds three elements that the prior syntheses did not provide: a focus on 

populations defined by multimorbidity, a structured translation of PROBAST, TRIPOD+AI, and 

related standards into appraisal questions specific to readmission models, and an explicit analysis 

of the infrastructure and care-coordination conditions on which performance depends. The 

methodological weaknesses discussed here are also not unique to readmission research: 

systematic appraisal of early warning scores found widespread analysis-domain flaws and poor 

reporting [23], and appraisal of models predicting impairment after critical illness reached 

similar conclusions [22]. Prognostic modeling in acute and post-acute care shares a common 

methodological deficit that reporting standards have not yet corrected. 

5.3 Why performance remains modest 

The ceiling appears substantive rather than technical. Readmission in multimorbid patients 

reflects an interaction of baseline vulnerability, acute decompensation, and post-discharge care 

processes, and two of those three are determined after the prediction is made. A model built at 
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discharge cannot observe whether a follow-up appointment was kept, whether a prescription was 

filled, or whether a caregiver was available in the second week at home. Moving prediction from 

admission to discharge adds information about the hospital episode but still omits the period in 

which most of the missing signal arises. 

The literature on post-discharge and inpatient care processes makes the point concrete. 

Multidisciplinary collaboration changes outcomes in emergency care [98], postoperative pain 

management depends on integrated nursing communication pathways [99], patient safety in 

high-acuity units depends on integrated clinical policies [100], and wound care in acute settings 

follows evidence-based protocols whose adherence varies across units [101]. Process variables of 

this kind are rarely available to readmission models, yet each plausibly separates a patient who 

returns from one who does not. The chronic care model anticipates this: outcomes emerge from 

interactions between prepared teams and activated patients, and a model trained on the 

characteristics of the patient alone omits the team [40]. 

5.4 Measurement as the binding constraint 

Adjacent domains offer analogues for the argument that measurement, not method, is the binding 

constraint. Business intelligence applications have been proposed to improve the allocation of 

mental health and substance use resources by making previously unrecorded program data 

visible [102,103]; informatics frameworks for protecting vulnerable populations depend on 

population-level social data [104]; and public health governance models built on process metrics 

make the same argument for accountability [105]. The social gradient in readmission among 

patients with chronic conditions is real and measurable [3], and an integrative maternal health 

model [106] and a trauma-informed framework for adolescents in underserved communities 

[107] describe how social and psychosocial information can be built into program design from 

the outset. What readmission research lacks is less a method of measurement than a decision to 

measure. 

That decision has costs. Structured functional assessment, frailty screening, medication 

reconciliation that records access and adherence, and social risk screening each require staff time 

and workflow change. The argument of this review is not that every hospital should collect every 

domain, but that the value of collecting them should be tested directly, within cohorts, against the 

value of more complex modeling of the data already held [8,20]. 

http://www.ijtmh.com/


International Journal of Technology Management & Humanities (IJTMH) 
e-ISSN:2454–566X, Volume 10, Issue 4, (December2024),www.ijtmh.com 

December 2024 www.ijtmh.com 410 | Page 

5.5 Transportability as the central problem 

A model that performs well where it was built and poorly elsewhere is of limited use to the 

health systems that would adopt it. The appraisal in Section 3.7 and the checklist in Table 4 

frame transportability as a property that must be demonstrated rather than assumed. Evidence 

from adjacent prediction tasks shows how large performance shifts can be when a model moves 

between systems [47], and reviews of deterioration prediction show how rarely such shifts are 

measured [24,68]. Abnormal vital signs often precede in-hospital cardiac arrest [108], and 

delayed activation of rapid response teams is associated with worse outcomes [109], which 

shows that even a well-discriminating signal is only as useful as the response system attached to 

it. 

For readmission, this argues for models whose inputs are standardized across sites, for 

mandatory local recalibration whenever they are not, and for a period of silent operation in which 

predictions are recorded but not acted upon, so that local discrimination and calibration can be 

measured before any patient is affected. Guidance on the evaluation of prediction models treats 

updating of the intercept and slope as a routine step when a model is moved, not as a sign of 

failure [44]. The same guidance implies that a health system should prefer validating and 

recalibrating an existing model to developing a new one when its data are limited. 

5.6 From discrimination to impact 

Little of the readmission prediction literature measures whether using a model changes patient 

outcomes. The closest evidence comes from inpatient deterioration and sepsis, where impact 

studies are more advanced and instructive in both directions. A randomized trial of a real-time 

deterioration alert on general medical wards did not demonstrate improvement in hard outcomes 

[71], whereas deployment of an automated early warning program across a large integrated 

system was associated with lower mortality when the alert was coupled to a structured clinical 

response [46]. A multicenter clinical intervention study of a machine learning early warning 

score reported reduced hospital mortality [110], a prospective multi-site study associated timely 

clinician response to a sepsis alert with better outcomes [111], and a deep learning sepsis model 

was associated with improved quality of care and survival after deployment [112]. 

Implementation of a machine learning early warning system in an Australian hospital describes 

the operational work required to realize such benefits [113]. 

http://www.ijtmh.com/


International Journal of Technology Management & Humanities (IJTMH) 
e-ISSN:2454–566X, Volume 10, Issue 4, (December2024),www.ijtmh.com 

December 2024 www.ijtmh.com 411 | Page 

The common feature of the positive studies is that the score triggered a defined action by a 

team with capacity to act; the negative trial is a reminder that an alert without a workflow 

changes little. A longitudinal review of implementing AI to predict deterioration in adult 

hospitals concludes that implementation outcomes remain the least studied part of the pathway 

[114]. For readmission prediction, the implication is that impact evaluations should be designed 

and reported to the standards of CONSORT-AI for trials of AI-enabled interventions [52], 

appraised with RoB 2 [49] or ROBINS-I [48] according to design, and preceded by early-stage 

clinical evaluation of the kind DECIDE-AI describes [53]. 

5.7 Medication determinants as an under-modeled domain 

Medication determinants are the clearest example of a first-order cause that prediction models 

omit. Stewardship frameworks govern prescribing quality at system level [115], medicine quality 

failures carry documented clinical consequences [116], traceability and chain-of-custody 

integrity determine whether a dispensed product is authentic [117], and field-deployable methods 

now allow substandard and falsified products to be detected outside reference laboratories [118]. 

Value-based pricing [119] and biosimilar substitution [120] shape affordability, while quality 

assurance in manufacturing is increasingly understood as a determinant of supply reliability 

[121]. At the regulatory level, risk-based decision-making in manufacturing environments [122], 

risk-based interdiction of illicit medical products [123], harmonization of medicine quality 

assurance [124], and supplier risk assessment in international procurement [125] each influence 

whether the medicine a discharged patient receives is available, affordable, and of assured 

quality. 

The patient-level evidence is equally relevant. Comprehensive medication review under 

Medicare Part D has been evaluated for its effects on adherence among patients with Alzheimer's 

disease [63] and on racial and ethnic disparities in statin nonadherence in the same population 

[126], and adherence among Medicare-enrolled older adults with asthma and chronic obstructive 

pulmonary disease has been compared before and during the COVID-19 pandemic [62]. These 

are multimorbid populations in which medication behavior is measurable from pharmacy data, 

yet readmission models typically reduce medication information to a count of drugs. A model 

that omits whether the patient can obtain and tolerate their medication omits a plausible cause, 

not merely a correlate. 
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5.8 Infrastructure as a precondition for prediction 

Model performance plausibly tracks the maturity of the data environment, which aligns with a 

literature that treats infrastructure as a binding constraint on health system performance. 

Infrastructure has been framed as a public health intervention in its own right, drawing on 

evidence from large laboratory networks [57], and converting infrastructure investment into 

population health outcomes requires explicit measurement frameworks [58]. Capital project 

delivery for high-risk facilities [127], program management for coordinated multi-site expansion 

[128], design of high-performance laboratories for pandemic preparedness [129], and 

accountability in public-private partnerships [130] describe the delivery mechanics. Risk-

managed construction of complex facilities [131], sustainable materials and energy strategies 

[132], operational standards for blood collection networks [133], and compliance frameworks for 

healthcare infrastructure projects [134] shape the environment in which clinical data are 

generated. 

The consequence for prediction is direct. A model trained where laboratory turnaround is 

unreliable, diagnostic coverage incomplete, or record linkage fragmented inherits those defects 

as noise. Integrated laboratory information systems [16] are therefore relevant to prediction not 

as analogies but as upstream determinants of input quality, and data-driven preparedness 

frameworks for urban hospitals [135] show how facility readiness can be assessed systematically 

before a new tool is introduced. Few published readmission models describe the diagnostic 

environment that generated their laboratory inputs, so the literature cannot yet test whether input 

quality explains part of the variation in performance between settings. A practical corollary is 

that health systems considering a published model should compare their own laboratory 

coverage, coding practices, and linkage completeness with those of the development setting 

before adoption. Program management approaches for multi-site infrastructure [128] offer a 

transferable template for staging such a rollout across facilities with different levels of readiness. 

5.9 Governance, privacy, security, and the workforce conditions for deployment 

Deployment introduces a second set of constraints. Privacy-preserving governance models 

comparing blockchain and cryptographic strategies address how predictive systems can use 

sensitive data lawfully across jurisdictions [136], and legal and ethical risk modeling for 

enterprise data protection supplies a complementary governance lens [137]. Security is not 
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peripheral: cyber risk pricing for health technology platforms [138], forensic techniques for 

detecting cyber-enabled fraud in telemedicine [139], and structured frameworks for clinical 

record protection [140] describe the residual risk landscape. Continuous monitoring of cloud 

misconfiguration [141] and evidence on information-security risk from personal devices in 

administrative offices [142] show how quickly an unmonitored environment accumulates 

exposure, and quantitative models of compliance risk in emerging economies [143] show how 

that exposure can be scored. A deployed readmission model inherits all of these risks through its 

data pipeline. 

A risk score changes nothing unless someone acts on it. Workforce planning governed by 

explicit nurse staffing frameworks establishes the capacity precondition [92]. Work outside 

health care supplies analogues for managing that capacity: frameworks for staffing volatility 

during rapid expansion of supply chain operations [144], enterprise risk models integrating 

human resource strategy with operational analytics [145], and structured talent development 

across distributed operations [146]. Workforce safety training models show how operational risk 

falls when training is systematic rather than ad hoc [147]. Resilient health system frameworks 

argue that organizational strategy, operational excellence, and workforce capability matter more 

than technology adoption alone [148], which is the MRPR Layer 4 argument stated from the 

health system side. 

5.10 The choice of outcome: readmission and its alternatives 

Thirty-day readmission is a convenient outcome for payers but an imperfect one for patients. It 

counts a planned return that went well the same as an avoidable crisis, it is censored by death, 

and it misses time spent in post-acute facilities. Patient-centered alternatives have matured. Days 

alive and at home has been validated from routinely collected data after hip fracture [149] and 

associated with long-term survival and functional status after mechanical ventilation [150]. For 

multimorbid patients whose index admission involved critical illness, a group in which chronic 

critical illness is a substantial burden [151], the relevant post-discharge trajectory includes 

physical, cognitive, and mental health impairments that a stakeholders' conference identified as 

the core of long-term recovery [152] and that an international consensus conference sought to 

predict [153]. 
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Evidence on interventions in this population is mixed, which bears on what a risk score could 

trigger. Increased hospital-based rehabilitation and information after intensive care discharge did 

not improve the primary outcome in the RECOVER trial [154], a meta-analysis questioned 

whether enhanced physical rehabilitation after ICU discharge improves outcomes [155], and 

patients describe services they found helpful and others they found missing [156]. The ABCDEF 

bundle illustrates how an organized care process, rather than a score, carries the effect [157]. 

Caregiver burden, driven by post-intensive care syndrome components in the patient [64], with 

its own risk factors in family members [65], frequency and determinants in sepsis survivors 

[158], and responsiveness to follow-up psychological intervention [159], is a further determinant 

of whether a discharged multimorbid patient can be supported at home. Readmission models that 

ignore caregiver capacity omit one of the social variables most directly tied to the outcome. 

5.11 Convergent evidence from adjacent domains 

Several arguments of this review echo patterns in adjacent fields, which suggests they are 

structural rather than artifacts of the readmission literature. Surveillance faces the same data-

quality constraint: evaluation of integrated disease surveillance showed that indicator quality, not 

analytic method, limits what surveillance detects [72], and real-time surveillance dashboards 

[160] and epidemic preparedness systems [161] rest on the same interoperability precondition. 

Detection technologies follow the same logic: AI-enabled biosensors [162], One Health framing 

of environmental vectors [163], and automated detection in mammography [164] extend what 

can be measured rather than refining inference on existing data. Diagnostic integration across 

microbiology, virology, and serology workflows [165] and droplet digital PCR for viral reservoir 

quantification [166] show the measurement frontier moving in laboratory medicine. 

Education and regulatory science supply organizational analogues. Ethical data practice in 

health education technology [167], real-time analytics dashboards [168], data-informed learning 

platforms [169], and evidence-based frameworks for preserving critical thinking [170] and 

assessment integrity [171] in the era of generative AI all depend on governance of what is 

measured and how outputs are used. Readiness maturity models for regulatory entry [172], risk-

based accelerated approval [173], cross-border regulatory harmonization [174], and supply chain 

governance [175] ask the same underlying question as this review: how much confidence is 

warranted in a decision system given the evidence feeding it. Primary care mental health 
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screening [176], digital operations models for medical information flow [177], the psychosocial 

effects of compressed workweeks on workers [178], real-time informatics that reduce decision 

delays [179], and analytics-driven workflow performance models [180] complete a set of 

system-level variables that a model operating in isolation cannot see. Work on the comparative 

bioavailability of botanical compounds [181] and the pharmacological characterization of 

traditional botanicals [182] points to a further blind spot, the use of herbal and traditional 

remedies, which pharmacy-based predictors do not record. 

5.12 Communicating model performance to decision makers 

A C-statistic is frequently misread as the accuracy of a model. For a decision maker, four points 

matter. First, the statistic describes ranking, not the correctness of predicted probabilities, which 

is the role of calibration, and not whether acting on the predictions does more good than harm, 

which is the role of net benefit [44]. Second, a C-statistic estimated in a development sample 

overstates what the same model will achieve elsewhere, and the gap can be large when the model 

moves to a different system [47]. Third, an average across settings, even if one were available, 

should not be expected in any particular setting, because between-setting variation is typically 

wide and is described by a prediction interval rather than a confidence interval. Fourth, the 

appropriate benchmark for a readmission model is not an abstract threshold of acceptability but 

the comparison with current practice in the setting where it will be used, including clinician 

judgment and simple rules. 

Communicating these points requires translating statistics into operational terms. The worked 

illustration in Table 5 shows how a model of modest discrimination translates, at a realistic 

readmission rate [1], into the proportion of flagged patients who will and will not be readmitted. 

Presenting model performance to program managers in this form, with the assumptions stated, 

makes the trade-offs visible and ties the choice of threshold to the cost and burden of the action it 

triggers, as TRIPOD+AI asks developers to do [43]. 

5.13 Scope and contribution of the review 

The review has features that bear on how its arguments should be weighted. It anchors every 

quantitative statement either in a named published source or in a labeled worked illustration, so 

that readers can check each number against its origin. It applies the named appraisal and 

reporting standards explicitly and translates them into questions specific to readmission models 
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(Table 2), so that its appraisal can be reproduced by others on any model they are considering 

[41-43]. It distinguishes throughout between what the cited evidence shows, what prior reviews 

found, and what is argued or hypothesized, and it presents its central interpretive claims as 

testable propositions rather than conclusions. It also separates the clinical prediction evidence 

from the interpretive synthesis of infrastructure and governance literature, so that readers can 

accept the appraisal framework without accepting the MRPR framework, or the reverse [14]. The 

review does not, however, provide what a systematic review with meta-analysis would provide, 

and its contribution should be judged as a structured argument and a set of tools for appraisal 

rather than as an estimate of model performance. 

 

6. Implications for Practice and Policy 

6.1 Implications for clinical practice 

Because models of modest discrimination at realistic readmission rates flag many patients who 

will not be readmitted (Section 3.8), the case for using a score rests on what the flag triggers. For 

low-cost, broadly beneficial actions the arithmetic is favorable even at modest accuracy: 

medication reconciliation, structured follow-up, fall prevention embedded in nursing policy 

[183], infection prevention compliance [184], evidence-based wound care in acute settings [101], 

and mobile monitoring with adherence support [185]. For scarce, expensive programs such as 

intensive case management, the same arithmetic is unfavorable, and a score should not be the 

sole gatekeeper. 

Three recommendations follow. Use risk scores to rank patients for attention rather than to 

gate access to services. Pair any score with clinical judgment, since clinicians observe function, 

cognition, caregiver availability, and medication behavior that models built on routine data 

capture poorly [8]. Recalibrate locally before deployment and at scheduled intervals thereafter, 

and check calibration specifically in the highest-risk groups, where enrollment decisions 

concentrate. These recommendations are consistent with TRIPOD+AI, which asks developers to 

report the intended use and the threshold rationale explicitly [43]. 
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6.2 Implications for health system investment and operations 

The MRPR framework implies a sequencing rule for investment. A system lacking reliable 

cross-site linkage, dependable laboratory turnaround, and a functioning interoperability layer 

should build those before commissioning a predictive model, because a model built on weak 

inputs will underperform and its apparent failure will discredit an approach that was never given 

usable data. Resilient health system frameworks make the same argument from the delivery side 

[148]. Workforce capacity deserves specific attention: nurse staffing and workforce planning 

determine whether transitional care protocols are carried out [92], and without capacity to act, 

even an accurate list of high-risk patients produces no change in outcomes. 

Operational leaders should also treat a deployed model as a controlled system with 

monitoring, audit, and corrective action. Release gating and automated evaluation [73], 

corrective and preventive action methodology for remediation [60], and data integrity controls 

from regulated industries [59] supply a governance template that is more mature than anything 

typically described in readmission model publications. The additional cost of these controls is 

small relative to the cost of a miscalibrated model directing transitional care away from the 

highest-risk patients for months before anyone notices. 

6.3 Implications for policy, payment, and reporting standards 

The policy context shapes what a readmission model is for. Health insurance financing and 

provider payment reform determine the balance between coverage expansion and financial 

protection [186], and real-world evidence and predictive analytics are increasingly the means by 

which payment programs are evaluated [56]. This connects to an unresolved tension in risk 

adjustment. Multimorbidity measured with a weighted index predicts both readmission and post-

discharge mortality among Medicare beneficiaries [4], so hospitals serving high-need 

populations may incur penalties that reflect case mix rather than performance when such burden, 

together with disability and social complexity, is incompletely captured; yet including social 

determinants in payment formulas risks normalizing lower standards for disadvantaged 

populations. The arguments of this review support a separation of purposes. Social and 

functional variables are likely to improve the clinical targeting of transitional care. Whether they 

belong in a payment formula is a distinct normative question that prediction accuracy cannot 

settle, and conflating the two has produced much of the current confusion. 
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Three reporting changes would materially improve the cumulative value of the literature at 

negligible cost: publication of calibration plots, slopes, and intercepts as a minimum; publication 

of full model specifications sufficient for independent implementation; and description of the 

infrastructure characteristics of the development setting, including linkage completeness and data 

provenance. The first two are already required by TRIPOD+AI [43]; journals and funders could 

make compliance a condition of publication and funding. 

6.4 Implications for model developers, reviewers, and journals 

Developers can act on these arguments immediately. Before building a new model, they should 

search for existing models and consider external validation and recalibration of the most 

promising candidate, which will often add more than another development study [44]. Where 

development is justified, sample size should be planned for the number of candidate predictors 

rather than assumed adequate because the cohort is large, missing data should be handled by 

multiple imputation rather than complete-case analysis, continuous predictors should be kept 

continuous, and predictor selection should not rely on univariable screening; these are the 

analysis-domain practices that PROBAST identifies as sources of bias [42]. Data curation 

decisions made during model fitting should be documented, as frameworks for context-aware 

curation propose [74], and code and full specifications should be released. Peer reviewers and 

editors can require calibration plots, a statement of intended use and threshold rationale, and 

subgroup performance by at least payer and deprivation, and can use Table 2 as a checklist. None 

of these requirements is novel; all are in TRIPOD+AI [43]. The gap is enforcement. 

 

7. Equity Considerations 

Equity considerations follow directly from the appraisal in Section 3.11. National statistics 

document differences in readmission rates by race and ethnicity and by payer [2], and among 

patients with chronic conditions readmission follows a social gradient [3]. A model that 

underpredicts in disadvantaged groups will direct transitional care away from the patients whose 

absolute risk is highest, and deploying a model without subgroup calibration risks exactly that. 

The predictors most associated with social disadvantage, namely function, social support, and 

medication access, are those least often measured, so their influence is absorbed into residual 
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error. Analyses in other sectors show that a forecast can be accurate overall and inequitable 

across groups [75], and within health care, evaluation of Medicare comprehensive medication 

review has examined whether a single service narrows racial and ethnic disparities in statin 

nonadherence among patients with Alzheimer's disease [126]. 

Prespecified equity analysis should therefore be a release requirement rather than an optional 

supplementary analysis, consistent with governance frameworks for accountability in AI-driven 

healthcare management [51] and with systematic work on digital equity and access frameworks 

in clinical training [76]. Minimum content should include discrimination and calibration by race 

and ethnicity, payer, deprivation, sex, and age band; a documented decision on whether group-

specific recalibration is warranted; and monitoring of these metrics after deployment. Equity also 

has a geographic dimension. The readmission prediction literature summarized by the general 

reviews comes predominantly from high-income health systems [18,19], so models are being 

developed where linkage and laboratory infrastructure are most mature and are least applicable 

where readmission definitions, follow-up capture, and care pathways differ most. Informatics 

frameworks for vulnerable populations [104] and integrative maternal health models addressing 

rural socioeconomic inequity [106] indicate how measurement of social risk can be built into 

programs serving the populations currently absent from the evidence. 

 

8. Limitations 

8.1 Limitations of the evidence 

The evidence on which this review draws has limitations that constrain every argument it makes. 

None of the published systematic reviews of readmission models defined its population by 

multimorbidity [18-20], so their findings are indirect for the question posed here, and the direct 

evidence in older and multimorbid adults comes from a small number of cohorts in particular 

settings [4,8,9]. The prior reviews themselves combined models with different outcome 

windows, populations, and validation types, so the ranges they report describe the variety of the 

literature rather than the performance to be expected of any one model [19]. Calibration and 

clinical utility are rarely reported in the primary literature, so statements about them rest on 

methodological reasoning more than on observed data [44]. Evidence on the impact of using a 
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prediction model on patient outcomes comes largely from inpatient deterioration and sepsis 

rather than from readmission [46,110], and its transfer to readmission is an analogy, not a 

demonstration. Finally, predictor timing is a recurring concern: PROBAST requires that each 

predictor be available at the stated time of use [42], and a model intended for use at admission 

that relies on a variable such as length of stay would overstate what is achievable at that moment, 

so readers adopting an admission-time model should verify predictor timing directly. 

 

8.2 Limitations of this review 

This is a critical methodological review, and its design has consequences. The literature was 

identified purposively and by citation chaining, not by a registered and reproducible database 

search, and screening and appraisal were not performed in duplicate against prespecified 

eligibility criteria as PRISMA 2020 describes for systematic reviews [45]. Relevant studies may 

therefore have been missed, and the selection of sources may reflect the authors' judgment about 

what illustrates each point. The review does not pool performance estimates and does not tally 

risk-of-bias judgments across a defined set of studies, so it cannot say how well the average 

model performs in multimorbid adults or how common any particular flaw is. The predictor-

domain argument is a reasoned case from cited evidence, not a measured difference between 

models, and it could be overturned by within-cohort comparisons. The worked illustration in 

Table 5 uses hypothetical operating points and a single national readmission rate, and different 

assumptions would yield different values. The analysis of infrastructure, governance, and 

workforce conditions is interpretive; the supporting literature is largely conceptual and 

framework-based, much of it from cross-sector analogues [14], and the MRPR framework should 

be read as a set of hypotheses rather than as a validated model. 

 

9. Future Research Agenda 

The most consequential gap is not predictive. Little of the readmission prediction literature 

measures whether using a model changes patient outcomes. Stepped-wedge or cluster-

randomized designs comparing model-guided transitional care with usual targeting would answer 

the question the field has largely left unasked, and they should report net benefit at operationally 
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realistic thresholds rather than discrimination alone, following CONSORT-AI [52] and appraised 

with RoB 2 [49]. Where randomization is infeasible, well-designed non-randomized evaluations 

appraised with ROBINS-I [48] are the next best option. 

 

Table 7. Prioritized research agenda. 

Priority Question Recommended design Primary outcome and 

reporting standard 

1 Does model-guided transitional 

care reduce readmission and 

improve patient-centered 

outcomes compared with usual 

targeting? 

Cluster-randomized or 

stepped-wedge trial 

Readmission and days 

alive and at home; net 

benefit; CONSORT-

AI, RoB 2 

2 How much do functional, 

medication, and social 

predictors add within the same 

cohort and method? 

Individual participant 

data meta-analysis; 

prospective cohorts 

Change in C-statistic, 

calibration, and net 

benefit; TRIPOD+AI 

3 How well do existing models 

perform in multimorbidity-

defined populations, and how 

much does performance vary 

between settings? 

Systematic review with 

meta-analysis restricted 

to multimorbid 

populations 

Pooled C-statistic with 

prediction interval; 

calibration summaries; 

PROBAST 

4 Do existing models transport, 

and does local recalibration 

restore calibration? 

Multi-site external and 

temporal validation 

Calibration slope and 

intercept before and 

after recalibration; 

PROBAST 

5 Are models fair across race and 

ethnicity, payer, and 

deprivation? 

Prespecified subgroup 

validation with parity 

metrics 

Group-specific 

discrimination and 

calibration 

6 Does infrastructure explain 

transportability (MRPR 

proposition 2)? 

Validation studies 

reporting linkage 

completeness and 

laboratory availability 

Performance change 

regressed on 

infrastructure gap 

7 Is earlier prediction in primary 

care more effective than 

discharge prediction? 

Comparative 

effectiveness study 

across prediction timing 

Admissions prevented 

per patient flagged 

8 Do deployed models drift, and 

does monitoring detect it? 

Post-deployment 

surveillance with 

scheduled recalibration 

Calibration drift over 

time; release-gating 

documentation 

 

Measurement is the second priority. Prospective cohorts collecting frailty, cognition, functional 

status, medication access, and social risk at admission in multimorbid populations would 
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establish the practical ceiling on discrimination when measurement is not the constraint; 

frameworks for systematic psychosocial screening in primary care [176] and adolescent services 

[107] indicate how such data collection can be organized. External validation with documented 

local recalibration now adds more than new development, and journals should treat it 

accordingly. A systematic review with individual participant data, designed around the appraisal 

framework in Table 2 and restricted to multimorbidity-defined populations, would provide the 

pooled estimate and prediction interval that this review deliberately does not attempt [44]. 

Comparative studies across prediction timing are also needed: a model applied in primary care 

months before an admission, even at lower discrimination, may prevent more admissions than a 

better model applied at discharge, and AI-driven early detection systems for non-communicable 

diseases [187] and pharmacy-led access models [91] provide plausible delivery vehicles. Table 7 

sets out the agenda in order of priority. 

The field also needs subgroup calibration reported as standard, fairness audits using established 

parity metrics, and evaluation of whether deployed models drift as case mix changes. Continuous 

monitoring methods already exist in adjacent domains, including automated model governance 

with release gating [73], and require adaptation rather than invention. Each item in Table 7 

corresponds to a layer of the MRPR framework, so progress on the agenda would also provide 

the data needed to test the framework itself. 

Outcome definition deserves its own line of work. Readmission should be complemented by 

patient-centered measures such as days alive and at home, which can be derived from routinely 

collected data [149] and which track long-term survival and function after critical illness [150]. 

A model that reduces readmissions by shifting patients into post-acute facilities, or that performs 

well only because deaths are censored, would look successful on the conventional outcome while 

failing patients. Joint modeling of readmission, death, and time at home in multimorbid cohorts 

would resolve this ambiguity and would allow the competing-risk structure of post-discharge 

outcomes to be represented explicitly rather than excluded. Studies in post-intensive care 

populations, where prediction of long-term impairment has itself been systematically appraised 

[22], offer a template for the outcome sets such work should use. 
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10. Conclusion 

Models predicting thirty-day readmission in adults with multiple chronic conditions should be 

judged by more than their discrimination. The published evidence describes a field in which 

discrimination is usually modest, calibration is seldom reported, external validation is 

uncommon, and many models cannot be reconstructed from their publications, and in which 

widely used scores discriminate poorly in older inpatients. This review argues that the ceiling on 

performance lies mainly in what routine data measure: functional status, frailty, falls, medication 

access, social circumstances, and caregiver capacity are repeatedly linked to readmission but 

rarely recorded, and better estimators applied to the same data are unlikely to close the gap. A 

readmission risk score for a multimorbid adult should be read as one input among several: useful 

for ranking, insufficient for deciding, and trustworthy only after local validation, recalibration, 

and subgroup audit in the setting where it will be used. Until the measurement and infrastructure 

layers improve, and until the care system has the capacity to act on a flag, better predictions will 

leave outcomes largely unchanged. The appraisal framework, transportability checklist, and 

testable propositions offered here are intended to make those conditions explicit and to direct the 

next generation of research toward validation, measurement, and impact rather than toward 

further model development. 
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