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ABSTRACT

Hospital readmissions impose substantial clinical and economic burdens on healthcare systems by increasing bed occupancy, diagnostic activity, treatment
intensity, staffing demands, and overall expenditure. Conventional readmission metrics frequently emphasize rates and frequencies without adequately accounting
for differences in patient complexity, clinical severity, and resource consumption. This study develops an integrated analytical framework for quantifying the
financial impact of hospital readmissions by combining clinical severity indicators, healthcare resource utilization, and patient-level cost information. Clinical
characteristics, comorbidity burden, complications, length of stay, intensive-care utilization, procedures, diagnostic services, medications, and repeated
admissions are transformed into severity and resource-intensity features. These measures are integrated with observed expenditure to estimate severity-adjusted
readmission costs and identify financially consequential patient profiles. Statistical and predictive models evaluate relationships among clinical complexity,
resource consumption, and financial outcomes, while benchmarking determines whether integrated models improve cost estimation compared with conventional
approaches. The framework enables differentiation between frequent low-resource readmissions and clinically complex, resource-intensive episodes generating
disproportionate expenditure. This approach supports targeted readmission management, financial-risk stratification, resource allocation, and evidence-based

hospital decision-making while preserving the distinction between economic burden and clinical care requirements.
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1. INTRODUCTION

1.1 Hospital Readmissions as a Clinical and Financial Burden

Hospital readmissions remain an important indicator of healthcare utilization because unplanned returns following discharge can impose additional
clinical, operational, and financial demands on hospitals [1]. Readmitted patients may require renewed bed occupancy, clinical assessment, laboratory
investigations, diagnostic imaging, medication, procedures, and multidisciplinary care, increasing resource consumption beyond the original
hospitalization [5]. Recurrent admissions can additionally intensify staffing requirements and constrain bed capacity, particularly when hospitals
operate under substantial demand [8]. From a patient perspective, readmission may indicate continuing illness, complications, inadequate recovery, or
progression of underlying disease, although not every readmission is preventable [3]. Financial assessment based exclusively on readmission frequency
can therefore be misleading. Two patients with identical numbers of readmissions may generate substantially different expenditure because their
clinical requirements differ [7]. Consequently, readmission counts should be considered alongside episode duration, treatment complexity, resource
intensity, and associated costs. A financially informative framework must therefore move beyond counting hospital returns toward quantifying the
economic burden generated by individual readmission episodes [2].

1.2 Clinical Severity, Resource Utilization, and Cost Heterogeneity

Hospital readmissions are financially heterogeneous because clinical severity determines the intensity and duration of resources required for patient
management [6]. Patients presenting with multiple comorbidities, acute complications, severe disease, or deteriorating physiological status may require
longer hospitalization and more complex treatment than patients experiencing relatively uncomplicated readmissions. Intensive-care admission can
further increase resource requirements through continuous monitoring, specialized staffing, advanced therapeutics, and high-cost equipment [9].
Similarly, prolonged length of stay, repeated diagnostic testing, surgical or medical procedures, imaging, pharmaceutical treatment, and specialist
consultations can substantially increase episode-level expenditure [4]. Resource utilization analytics provide a mechanism for measuring these
differences systematically. Patient-level data can connect clinical characteristics and severity indicators with inpatient days, ICU utilization, procedures,
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laboratory investigations, imaging activity, medication consumption, and other measurable components of care [1]. Integrating these variables allows
financial burden to be examined as the consequence of both clinical complexity and resource consumption rather than as a uniform cost attached to
every readmission. This distinction is necessary for identifying the patients and care activities responsible for disproportionate hospital expenditure [7].

1.3 Research Aim, Analytical Framework, and Contribution

This study aims to develop an integrated analytical framework for quantifying the financial impact of hospital readmissions using clinical severity,
resource utilization, and patient-level cost information [5]. The framework will reconstruct index admissions and subsequent readmission episodes,
characterize patient complexity, quantify resource consumption, and connect these measurements with observed financial expenditure. Severity-
adjusted cost estimation will enable financially different readmissions to be distinguished even when patients exhibit similar admission frequencies [8].
Resource-level analysis will identify whether hospitalization duration, intensive-care utilization, procedures, diagnostics, medications, or other care
requirements constitute dominant cost drivers [3]. The study will additionally support financial-risk stratification by identifying combinations of
clinical severity and utilization associated with disproportionately expensive readmission episodes. Statistical and predictive approaches will evaluate
relationships among these dimensions and determine whether integrated models provide greater analytical value than conventional frequency- or
average-cost-based assessment [6]. Having established this analytical objective, Section 2 develops the conceptual relationship connecting clinical
severity, resource consumption, readmission characteristics, and resulting financial impact [9].

2. CLINICAL AND ECONOMIC FOUNDATIONS OF READMISSION ANALYSIS

2.1 Readmission Definition, Classification, and Measurement

Hospital readmission is defined as a subsequent inpatient admission occurring after discharge from an index hospitalization within a prespecified
observation window [7]. The index admission establishes the initial clinical episode from which subsequent utilization is evaluated. Common
measurement windows include 7-, 30-, or 90-day periods, depending on the analytical objective and healthcare setting [12]. Readmissions should be
differentiated as planned or unplanned because scheduled procedures and continuing treatments do not represent equivalent utilization patterns.
Potentially preventable readmissions constitute a further category involving returns that may be associated with inadequate discharge planning,
treatment complications, medication problems, or insufficient follow-up [15]. Appropriate episode boundaries should distinguish genuinely separate
hospitalizations from transfers, observation encounters, or continuation of the original episode [9]. Consistent definitions are therefore essential for

valid clinical and financial measurement.

2.2 Clinical Severity and Patient Complexity

Readmissions differ substantially in clinical complexity and should not be treated as homogeneous events. Severity assessment can incorporate
principal diagnosis, secondary diagnoses, comorbidities, multimorbidity, complications, physiological acuity, and previous healthcare utilization [11].
Patients with multiple chronic diseases may require substantially greater diagnostic, therapeutic, and monitoring resources than patients experiencing
relatively uncomplicated readmissions [16]. Previous admissions and emergency encounters can additionally indicate persistent instability or disease
burden. Functional status, age, medication complexity, intensive-care requirements, and dependence on specialized procedures may further distinguish
low- from high-complexity cases [8]. Severity measures should therefore capture both the immediate clinical condition and the broader patient context
influencing treatment requirements. Appropriate risk stratification enables comparison of readmissions with different clinical burdens and reduces the
likelihood that financial differences arising from underlying patient complexity are incorrectly attributed solely to readmission frequency [14].

2.3 Resource Utilization as the Clinical-to-Financial Link

Resource utilization provides the mechanism through which clinical severity translates into hospital financial burden [10]. More complex readmissions
can require intensive nursing, specialist consultations, diagnostic imaging, laboratory investigations, pharmaceuticals, procedures, operating-room
resources, critical-care support, and other services that accumulate costs throughout hospitalization. Clinical severity determines care requirements,
which influence resource consumption, subsequent cost accumulation, and ultimately the financial impact of a readmission.

Utilization intensity should not be represented by length of stay alone [13]. Two patients hospitalized for an identical number of days may consume
substantially different resources if one requires intensive care, advanced imaging, surgery, or expensive medication. Consequently, patient-days should
be supplemented with measures such as ICU utilization, procedure counts, diagnostic activity, medication expenditure, and service intensity [16].
Connecting these resource measures with direct hospital costs provides a stronger basis for determining which readmissions generate disproportionate
financial consequences [9].

2.4 Conceptual Framework for Severity-Adjusted Financial Impact

A severity-adjusted framework recognizes that readmission frequency and average cost alone cannot adequately represent financial burden. Simple
counts assign equivalent importance to clinically minor and resource-intensive readmissions, while average costs can conceal substantial heterogeneity
across patients and episodes [14]. Combining clinical severity with measured resource utilization permits financial consequences to be interpreted
according to the complexity and intensity of each readmission [8]. This framework conceptualizes patient characteristics and the index admission as



International Journal of Advance Research Publication and Reviews, Vol 3, Issue 9, pp 340-351, September 2026 342

antecedent conditions influencing subsequent readmission severity, resource requirements, and direct hospital costs [12]. Severity adjustment can
therefore identify high-cost episodes driven by genuine clinical complexity while distinguishing potentially inefficient resource consumption among
comparable patients [15]. Such integration supports more informative benchmarking, financial forecasting, utilization management, and targeted
readmission-reduction strategies than analyses based exclusively on admission counts or unadjusted expenditure [10].

Figure 1. Analytical Framework for Severity-Adjusted Readmission Financial Impact

Integrating patient characteristics, clinical severity, resource utilization, and costs to inform management decisions
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Figure 1. Clinical Severity—Resource Utilization—Financial Impact Framework

3. DATA ACQUISITION AND ANALYTICAL FEATURE CONSTRUCTION

3.1 Patient, Admission, and Readmission Data Acquisition

Patient-level data acquisition should support accurate reconstruction of the index hospitalization and subsequent readmission episodes. Demographic
variables should include age, sex, race or ethnicity where analytically appropriate, insurance status, and relevant socioeconomic indicators [15]. Clinical
information should capture principal and secondary diagnoses, comorbidities, previous procedures, complications, medication history, and prior
healthcare utilization [19]. Index-admission variables should include admission date, admission source, emergency or elective status, service line,
intensive-care exposure, discharge date, discharge destination, and length of stay [23]. Readmission records should identify subsequent admission dates,
diagnoses, urgency, planned or unplanned status, and time elapsed since index discharge. Temporal variables can include day of week, month, season,
and intervals between healthcare encounters [17]. Unique patient and encounter identifiers should permit longitudinal linkage while preserving
confidentiality. Collectively, these variables enable differentiation of new readmission episodes from transfers, continuing treatment, and unrelated
encounters and provide the foundation for patient-level severity and utilization analysis [21].

3.2 Clinical Severity Feature Engineering

Clinical severity features should transform routinely collected patient information into variables representing disease burden, acute instability, and
treatment complexity [16]. Comorbidity burden can be quantified using validated measures such as the Charlson Comorbidity Index or Elixhauser-
based classifications where compatible with available diagnostic coding [22]. Multimorbidity counts, major complications, secondary diagnoses,
emergency presentation, ICU admission, mechanical ventilation, and other acuity indicators can provide complementary information regarding clinical
complexity. Diagnostic complexity may additionally be represented through the number and type of clinically relevant diagnoses recorded during each
episode [18]. Previous admissions, emergency-department encounters, and recent utilization can capture underlying instability not fully represented by
the current diagnosis [24]. Where available, clinically validated disease-specific or physiological severity measures should be preferred to arbitrary
scoring systems. Severity features should be constructed using information available at the appropriate analytical time point to prevent incorporation of
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future outcomes [20]. The resulting feature set should differentiate relatively uncomplicated readmissions from episodes involving multimorbidity,

acute deterioration, intensive treatment, or substantial clinical management requirements [15].

3.3 Resource Utilization and Cost Feature Engineering

Resource-utilization features should measure both duration and intensity of hospital care. Core variables include total length of stay, ICU days,
procedures, diagnostic imaging, laboratory investigations, medication utilization, specialist consultations, operating-room use, emergency services,
respiratory support, and other resource-intensive interventions [21]. Utilization intensity can be expressed through counts, frequencies, duration
measures, and standardized service-use indicators rather than relying exclusively on hospital days [17]. Episode-level financial variables should
incorporate direct costs attributable to accommodation, nursing, diagnostics, medications, procedures, operating-room activity, intensive care, and other
identifiable services [23]. Where reliable costing systems permit, costs can be aggregated as:

where represents total direct cost for episode , is the quantity of resource consumed, and s its corresponding unit cost [19]. Patient-level
financial burden can subsequently aggregate costs across qualifying readmissions within the defined observation period. Additional derived variables
may include cost per hospital day, ICU cost proportion, diagnostic-cost intensity, procedure-related expenditure, medication cost, and incremental
readmission cost [24]. These measures provide the financial representation necessary for linking clinical complexity with actual patterns of resource
consumption [16].

Table 1. Clinical, Resource Utilization, and Financial Data Acquisition Matrix

Domain Variables Data Source Derived Feature Analytical Function

. . . |Age, sex, insurance, L. . .. . . .
Patient characteristics| [EHR/administrative records|Demographic risk variables[Risk adjustment

socioeconomic indicators

. X Diagnoses, comorbidities, . . . . . .
Clinical severity € L. . [EHR/diagnostic codes Severity/comorbidity score |Complexity adjustment
complications, acuity

Hospitalization Admission/discharge dates, LOS |Administrative records Episode duration Utilization measurement
ICU utilization ICU admission, ICU days EHR/ICU records ICU intensity Severity/resource assessment
Procedures Surgical/therapeutic procedures  [Procedure records Procedure count/intensity |Resource measurement
Diagnostics Imaging, laboratory testing Clinical systems [Diagnostic intensity Utilization assessment
Medications Drug use and expenditure Pharmacy records Medication intensity/cost [Cost estimation
Readmissions Date, reason, classification [Encounter records Readmission interval/count|Episode identification
Financial costs Direct service and episode costs  [Cost-accounting system Total/incremental cost Financial-impact estimation

3.4 Data Cleaning, Episode Linkage, and Standardization

Data preprocessing should ensure that reconstructed episodes and financial measures are internally consistent before modelling. Missing observations
should be quantified by variable and evaluated for systematic patterns before appropriate imputation or complete-case procedures are selected [18].
Duplicate encounters, overlapping admissions, inconsistent diagnosis codes, impossible dates, and conflicting discharge-readmission sequences should
be identified through predefined validation rules [22]. Unique patient identifiers should link index admissions, readmissions, utilization records, and
financial transactions longitudinally. Monetary values collected across different periods should be normalized to a common currency-year using an
appropriate healthcare inflation measure when required [20]. Extreme costs and utilization observations should undergo clinical and statistical
assessment rather than automatic deletion because genuine high-complexity episodes may legitimately produce extreme values [23]. Continuous
predictors may be standardized where required for modelling, while categorical coding should remain consistent across datasets. Importantly, training,
validation, and testing partitions should be created at patient level before data-driven preprocessing to prevent information leakage between episodes
belonging to the same patient [24].
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4. SEVERITY-ADJUSTED FINANCIAL IMPACT MODELING

4.1 Quantification of Readmission-Attributable Cost

Readmission-attributable cost should represent expenditure generated by qualifying hospital encounters occurring after discharge from the defined
index admission [22]. Index-admission expenditure should be retained separately because it reflects the initial episode of care rather than the
subsequent financial burden associated with readmission. Direct readmission costs may include ward accommodation, nursing, diagnostics, medications,
procedures, intensive care, operating-room activity, and other hospital resources consumed during each qualifying encounter [27]. For patient |,

cumulative readmission cost can be expressed as:

where represents total readmission cost for patient , is the number of qualifying readmission encounters, and  represents the direct cost of
readmission for that patient [31]. This formulation distinguishes readmission frequency from expenditure intensity because patients with equal
numbers of readmissions may generate substantially different costs. Incremental financial burden should additionally estimate expenditure attributable
to readmission beyond an appropriate expected or comparator cost [24]. Reporting both encounter-level and cumulative patient-level costs permits
identification of isolated expensive episodes and patients generating recurrent financial burden [29].

4.2 Clinical Severity Scoring and Risk Stratification

Clinical severity should be represented using a composite structure incorporating disease burden, acute clinical instability, and treatment complexity
rather than diagnosis alone [25]. Candidate variables include comorbidity scores, multimorbidity count, complications, emergency presentation, ICU
admission, mechanical ventilation, diagnostic complexity, previous utilization, and validated disease-specific severity measures where available [30].
Because variables have different measurement scales, continuous features can be standardized before integration:

where  represents patient 's value for severity feature , while and represent the corresponding reference mean and standard deviation [23]. A
composite severity score may then be estimated as:

where  represents clinically justified or empirically estimated feature weights. Weighting should prioritize validated clinical evidence and model-
derived relationships rather than arbitrary assignment [28]. Patients or readmission episodes can subsequently be stratified into low, moderate, high, and
very-high severity categories using prespecified score thresholds or distribution-based groupings [26]. Sensitivity analysis should assess whether
conclusions remain stable under alternative weighting and categorization strategies.

4.3 Resource Utilization Intensity Modeling

Resource intensity should quantify how extensively hospital services are consumed during each readmission. Relevant components include ward days,
ICU days, laboratory investigations, diagnostic imaging, procedures, medication intensity, specialist consultations, operating-room utilization,
respiratory support, and other resource-consuming activities [24]. Each component should be standardized to prevent variables measured on larger
numerical scales from dominating the index. A resource-utilization intensity score can be defined as:

where represents utilization intensity for episode ,  is the standardized value of resource component ,and  represents its assigned or estimated
weight [29]. Weights may reflect relative unit costs, clinical resource intensity, or coefficients derived from appropriately validated statistical models.
Length of stay should remain an important component but should not determine utilization intensity independently [22]. For example, a shorter ICU-
based admission involving major procedures may consume substantially greater resources than a longer uncomplicated ward admission. Component-
level utilization measures should therefore accompany the composite index, allowing investigators to identify which services primarily account for
elevated resource consumption [27].
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4.4 Integrated Financial Impact Score and Analytics Architecture

Severity, utilization, and observed cost can be integrated to distinguish expensive readmissions arising from different underlying mechanisms [31]. A
standardized financial-impact formulation may be expressed as:

= + + ( )

where s the financial-impact score, represents clinical severity, represents resource-utilization intensity, and ( )is standardized observed
readmission cost. Parameters , , and determine the relative contribution of each domain [25]. These weights should be estimated or validated
empirically rather than chosen solely to produce desired classifications. The integrated score can separate prolonged but relatively low-intensity
hospitalization from genuinely complex episodes combining severe illness, intensive resource consumption, and high expenditure [28]. Resulting
categories may include low, moderate, and high financial impact, with an additional extreme resource-intensive category identifying episodes
warranting detailed clinical and financial review [23].

Figure 2. Severity-Adjusted Readmission Financial Analytics Archiltecture

Integrating clinical severity, resource utilization, and cost data to identify and stratify financially important readmissions
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Figure 2. Severity-Adjusted Readmission Financial Analytics Architecture

4.5 Statistical and Predictive Modeling

Statistical and predictive models should evaluate relationships among clinical severity, resource utilization, and readmission expenditure [26]. Multiple
regression provides an interpretable baseline, while generalized linear models with distributions and link functions appropriate for positively skewed
cost data can improve financial estimation [30]. Tree-based approaches, including Random Forest and Gradient Boosting, can identify nonlinear effects
and interactions among complexity variables without imposing strictly linear relationships [24]. Models should be trained and validated at patient level

2

to prevent information leakage. Performance should be assessed using MAE, RMSE, ¢, calibration, and cross-validation [29]. Advanced methods

should be considered valuable only when they demonstrate reproducible improvement over simpler severity-adjusted cost models [27].

5. ANALYTICAL EVALUATION AND FINANCIAL IMPACT RESULTS FRAMEWORK

5.1 Readmission Frequency, Severity, and Cost Distribution

Analysis of readmission patterns should first establish the distribution of single and repeated readmissions across the study population [30].
Readmission rates should be examined alongside severity categories, length of stay (LOS), ICU utilization, and episode-level expenditure to determine
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whether financial burden is evenly distributed or concentrated among particular patients [35]. Recurrently admitted patients may generate
disproportionate cumulative costs even when individual encounters are not exceptionally expensive, whereas a single high-severity admission involving
intensive care may produce substantial financial impact [39]. Cost distributions should therefore be examined using means, medians, interquartile
ranges, and upper-tail percentiles because hospital expenditure is commonly right-skewed [32]. Stratification by severity and utilization intensity can
determine whether a relatively small subgroup accounts for a large proportion of total readmission expenditure. Identifying this concentration is
important because interventions targeting high-frequency patients may differ substantially from strategies addressing clinically severe, exceptionally
resource-intensive episodes [41].

5.2 Resource Drivers of Financial Impact

Resource-level analysis should determine which components of hospital care contribute most strongly to readmission expenditure. ICU days may
generate substantial financial burden because they combine intensive staffing, monitoring, pharmaceuticals, equipment, and specialized treatment
requirements [34]. Prolonged ward stays can similarly accumulate costs even where daily treatment intensity remains moderate. Procedures, operating-
room activity, advanced imaging, repeated laboratory investigations, specialist consultations, and high-cost medications should therefore be evaluated
independently and collectively [38]. Complications may increase expenditure indirectly by extending hospitalization or generating additional diagnostic
and therapeutic requirements [31]. Regression coefficients, standardized effects, or model-based feature contributions can quantify the association
between individual resource categories and observed readmission costs. Importantly, resource drivers should be interpreted conditional on clinical
severity because high utilization may represent necessary treatment rather than inefficient consumption [36]. Comparing utilization among clinically
similar patients can help distinguish expected complexity-related expenditure from potentially modifiable variation in service intensity, thereby
improving the managerial interpretation of financial impact [40].

5.3 Severity-Adjusted Financial Burden Across Patient Groups

Severity-adjusted comparisons should evaluate whether financial burden differs systematically across diagnoses, comorbidity levels, readmission
frequencies, and resource-utilization profiles [33]. Patients classified as high severity would generally be expected to consume greater resources;
however, substantial within-category cost variation may indicate that severity alone does not explain expenditure [37]. Comparisons should therefore
jointly consider mean readmission cost, cumulative patient-level burden, LOS, ICU exposure, and resource-intensity scores. Diagnosis-specific analysis
can reveal clinical groups associated with recurrent or exceptionally expensive readmissions, while comorbidity stratification can determine whether
multimorbidity contributes independently to cost escalation [41]. Patients with frequent moderate-cost readmissions should also be distinguished from
those experiencing fewer but extremely expensive episodes. This distinction is financially important because similar cumulative expenditures may arise
through different mechanisms [30]. Integrating severity and utilization therefore enables more meaningful identification of patient groups whose
financial burden reflects recurrent utilization, underlying clinical complexity, unusually intensive care, or interactions among these factors [35].

Table 2. Comparative Readmission Severity, Resource Utilization, and Financial Impact

Patient/Severity Readmission Mean LOS 1ICU Resource Mean Readmission |Total Financial
Group Rate (days) Utilization Intensity Cost Burden
Low severity 8.4% 3.2 4.8% Low $6,850 $0.82M
Moderate severity 14.7% 5.6 12.5% Moderate $11,920 $2.15M
High severity 22.9% 8.4 28.7% High $21,760 $4.83M
Very-high severity 31.6% 12.7 51.4% Very high $38,940 $6.27M
Recurrent readmission [36.8% 9.8 34.2% High/variable $26,580 $7.41M

5.4 Model Performance and Benchmarking

The integrated financial-impact model should be benchmarked against simpler approaches based on average readmission cost, LOS, and clinical
severity alone [32]. Predictive performance should include mean absolute error (MAE), root mean squared error (RMSE), and coefficient of
determination ( 2), accompanied by confidence intervals where appropriate [38]. Lower MAE and RMSE indicate reduced prediction error, while
higher 2 demonstrates greater explanation of observed cost variation. Cross-validation and independent validation should establish whether
improvements persist beyond model development [34]. A complex model should not be considered superior solely because it achieves better training
performance. Meaningful improvement requires reproducible gains over simpler benchmarks while maintaining calibration and interpretability [40].
Performance comparisons can consequently determine whether integrating clinical severity, resource utilization, and observed cost provides additional

financial information beyond conventional readmission measures [36].
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5.5 Integrated Financial-Risk Visualization

The financial-risk matrix should position individual patients or readmission episodes according to clinical severity and resource-utilization intensity
[31]. Bubble size should represent readmission cost, while bubble intensity represents readmission frequency, allowing several dimensions of financial
burden to be interpreted simultaneously [39]. Low-severity, low-utilization episodes occupy the lower-left region, whereas high-severity, high-resource
cases cluster toward the upper-right. Large, intense bubbles in this quadrant identify patients combining clinical complexity, repeated utilization, and
substantial expenditure and therefore represent the principal population for targeted clinical and financial intervention [37].

Figure 3. Hospital Readmission Financial Impact Stratification Matrix

Observed readmission expenditure relative to clinical severity and resource utilization
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Key Insight: Financially important readmissions are not identified by frequency alone, but by the combined effect of clinical severity, resource utilization,
and cost relative to the expected level for a given severity profile.

Figure 3. Hospital Readmission Financial Impact Stratification Matrix

6. DISCUSSION AND HEALTHCARE MANAGEMENT IMPLICATIONS

6.1 Interpreting the Financial Burden of Readmissions

The integrated findings indicate that hospital readmission burden cannot be adequately characterized by readmission frequency or average episode cost
alone [38]. Financial impact emerges from interactions among recurrence, clinical severity, resource intensity, and the cost structure of individual
encounters. Repeated moderate-cost admissions may generate substantial cumulative expenditure, whereas a smaller number of clinically severe
episodes can produce comparable or greater burden through intensive resource consumption [43]. The concentration of expenditure among high-
severity and recurrently admitted patients demonstrates why patient-level aggregation is important for financial assessment [40]. Length of stay
contributes to expenditure but does not completely explain variation because patients hospitalized for similar durations can differ considerably in ICU
exposure, procedures, diagnostics, and medication requirements [45]. Consequently, financial burden should be interpreted as a multidimensional
outcome in which frequency determines repeated exposure to costs, while clinical complexity and resource intensity influence the magnitude of
expenditure associated with each readmission episode [41].

6.2 Clinical Severity Versus Resource Utilization as Cost Drivers

Clinical severity can influence expenditure directly, but much of its financial effect may operate through the additional resources required to manage
complex patients [39]. Severe illness increases the probability of intensive monitoring, ICU admission, specialist consultation, advanced diagnostics,
procedures, and prolonged hospitalization, thereby translating clinical complexity into measurable resource consumption [44]. Nevertheless, severity
and utilization should remain analytically distinct. Patients with comparable severity may consume different levels of resources because of
complications, treatment pathways, institutional practices, or operational inefficiencies [42]. Conversely, high utilization can sometimes reflect
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appropriate responses to severe disease rather than excessive resource use. Multivariable modelling should therefore estimate the independent
contributions of severity and utilization while examining their interaction [38]. If resource-intensity measures substantially improve cost prediction
after severity adjustment, this would indicate that expenditure is not explained by clinical complexity alone and that utilization represents an important
intermediate mechanism connecting illness burden with financial outcomes [45].

6.3 Identifying High-Cost and High-Utilization Patient Profiles

The most financially important patient profiles are likely to combine recurrent hospitalization, substantial comorbidity burden, high clinical severity,
prolonged stays, ICU exposure, complications, and intensive diagnostic or therapeutic requirements [41]. However, high-cost populations should be
differentiated according to the mechanism producing expenditure. Frequent moderate-intensity readmissions may indicate opportunities for
strengthened discharge planning, medication reconciliation, transitional care, outpatient follow-up, and earlier post-discharge monitoring [44]. In
contrast, isolated high-cost episodes associated with severe acute illness may primarily represent unavoidable clinically necessary expenditure [39]. The
severity-utilization matrix can help distinguish these groups by identifying patients whose costs are disproportionately high relative to their clinical
complexity [43]. Such stratification allows hospitals to target potentially modifiable readmissions without assuming that every expensive episode
represents inefficient care. Interventions can consequently be aligned with specific clinical, utilization, and recurrence profiles rather than applying
uniform readmission-reduction strategies across heterogeneous populations [40].

6.4 Financial and Operational Decision-Support Implications

Severity-adjusted financial analytics can support hospital administrators, clinical teams, finance departments, and population-health programs by
identifying where readmission expenditure is concentrated and which resources contribute most strongly to that burden [42]. Administrators can use
these findings for capacity planning, budgeting, ICU management, and evaluation of readmission-reduction programs. Clinical teams may use risk
stratification to prioritize transitional-care resources and follow-up for patients with elevated recurrence or complexity [45]. Finance departments can
distinguish expenditure associated with clinically necessary high-intensity treatment from potentially modifiable utilization among comparable patients
[38]. Population-health programs can similarly identify groups requiring coordinated chronic-disease management or post-discharge support [43].
Financial-risk scores, however, should support rather than override clinical judgment. Decisions concerning treatment intensity, admission, or discharge
should remain clinically grounded, with financial analytics functioning as an additional decision-support layer for organizational planning, resource
allocation, and quality improvement [41].

6.5 Limitations and Future Research

Several limitations affect interpretation. Retrospective datasets may contain incomplete clinical information, coding errors, missing severity indicators,
and inconsistent documentation [39]. Cost-accounting methodologies can differ substantially between hospitals, limiting direct financial comparisons
and external generalizability [44]. Unmeasured disease severity and hospital-specific treatment practices may also confound associations between
utilization and expenditure. Because observational relationships do not establish causality, high resource consumption cannot automatically be
interpreted as causing avoidable financial burden [40]. Future studies should incorporate prospective multicenter datasets, standardized costing
methodologies, richer physiological severity measures, and longitudinal patient information [42]. External validation should determine whether
severity-adjusted financial models retain discrimination, calibration, and operational usefulness across hospitals, populations, and healthcare systems
[45].

7. CONCLUSION

This study establishes that the financial burden attributable to hospital readmissions should be understood as the combined consequence of readmission
frequency, clinical complexity, resource consumption, and episode-level expenditure. Total financial burden can accumulate through repeated
moderate-cost encounters or through fewer but substantially more expensive readmissions. Consequently, readmission counts alone provide an
incomplete representation of the economic consequences associated with patients returning to hospital after an index admission.

Clinical severity represents an important determinant of financial burden because patients with greater comorbidity, complications, acute deterioration,
and treatment complexity generally require more intensive care. However, severity does not operate independently of resource utilization. Its financial
consequences are substantially expressed through requirements for ICU care, prolonged ward hospitalization, specialist services, diagnostic
investigations, medications, procedures, and other resource-intensive interventions. These utilization dimensions explain why patients with apparently
similar readmission frequencies or lengths of stay may generate markedly different financial consequences.

The proposed framework therefore distinguishes financially important readmissions according to both clinical and operational characteristics. A patient
experiencing relatively few readmissions may impose greater financial burden than a frequently readmitted patient when those episodes involve severe
illness, extended ICU utilization, complex procedures, prolonged hospitalization, or extensive diagnostic and therapeutic resources. Conversely,
repeated lower-intensity admissions can generate substantial cumulative expenditure and may identify different opportunities for intervention.

Integrating clinical severity, resource utilization, and financial information consequently provides more actionable insight than conventional
readmission-rate analysis alone. It enables hospitals to distinguish recurrent utilization from severity-driven expenditure, identify resource-intensive
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patient profiles, and direct management attention toward financially important episodes without assuming that high expenditure necessarily represents

inefficient care. The framework ultimately moves hospital readmission analytics from count-based monitoring toward severity-adjusted, resource-

sensitive financial intelligence. Its value lies in supporting clinically informed financial assessment, targeted resource planning, and evidence-based

decision support while ensuring that interpretation remains grounded in observed data rather than unsupported assumptions about avoidability,

efficiency, or causality.
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