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Abstract

This quantitative observational study examined microbial contamination in hospital textiles using predictive risk
modeling and multivariable statistical analysis to identify determinants of contamination across textile categories,
operational pathways, and clinical contexts. A cross-sectional analytic design was applied in a multi-unit hospital
setting, and a total of 360 reusable textile items were sampled, including bed linens (40.0%), staff uniforms
(25.0%), towels (20.0%), and privacy curtains (15.0). Items were collected from both high-acuity units (35.0%)
and general wards (65.0%) and were linked to structured metadata describing exposure duration, contact density
proxies, handling and transport conditions, laundering characteristics, storage duration, and textile reuse
indicators. Microbial contamination outcomes were measured as microbial burden and contamination positivity,
with positivity observed in 46.5% of linens, 48.6% of towels, 34.4% of uniforms, and 29.6% of curtains.
Descriptive analysis demonstrated highly skewed contamination distributions, with median microbial burden
values ranging from 2.0 to 3.4 units across textile categories and higher exposure duration observed for curtains
and uniforms compared with linens and towels. Multivariable regression analysis showed that textile category,
exposure duration, contact density, ward acuity, handling pathway quality, laundering quality, and post-
laundering storage time were independently associated with contamination outcomes after adjustment for
clustering by ward and laundering batch. In the microbial burden model, towels (adjusted estimate = 1.35, p <
0.001) and linens (1.28, p = 0.001) exhibited higher burden relative to uniforms, while curtains showed lower
burden (0.82, p = 0.041). In the contamination positivity model, towels (adjusted odds ratio = 1.84, p = 0.009)
and linens (1.62, p = 0.019) demonstrated higher odds of positivity. High-acuity wards were associated with
increased contamination outcomes in both models. Laundering quality demonstrated a protective association with
microbial burden (0.88, p < 0.001) and positivity (0.86, p = 0.003), while longer post-laundering storage increased
contamination risk. Overall, the findings demonstrated that hospital textile contamination followed systematic
and quantifiable patterns shaped by textile type, exposure dynamics, operational handling, laundering
performance, and clinical context, supporting the use of multivariable and hierarchical modeling approaches for
contamination risk assessment in healthcare textile systems.
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INTRODUCTION

Hospital textiles constitute a critical yet often underestimated component of healthcare environments,
encompassing bed linens, patient gowns, staff uniforms, privacy curtains, towels, and reusable surgical
fabrics. Microbial contamination in hospital textiles refers to the presence, survival, and proliferation
of pathogenic and non-pathogenic microorganisms within textile fibers during use, handling,
laundering, storage, and redistribution processes (Openshaw et al., 2016). From a microbiological
perspective, textiles function as porous reservoirs capable of retaining moisture, organic matter, and
skin-associated bioloads, creating favorable conditions for microbial persistence and transfer. In
quantitative healthcare research, contamination is operationally defined through measurable microbial
indicators such as colony-forming units per square centimeter, bioburden density, contamination
frequency, and pathogen-specific prevalence rates. These measurable parameters allow contamination
levels to be statistically modeled, compared, and predicted across diverse clinical settings. Hospital
textiles also act as intermediaries in indirect contact transmission pathways, linking patients, healthcare
workers, surfaces, and medical devices through repeated contact cycles (Mitchell et al., 2015). The role
of textiles in healthcare-associated infection ecology is therefore framed not only by their material
properties but also by their interaction with human behavior, institutional workflows, and
environmental conditions. Quantitative analysis of microbial contamination emphasizes the
transformation of biological variability into structured datasets that enable probabilistic assessment,
statistical inference, and predictive modeling. In this context, risk is defined as the likelihood that
contaminated textiles contribute to microbial exposure events under defined clinical conditions.
Predictive risk modeling integrates microbiological measurements with contextual variables such as
textile type, usage duration, laundering protocols, ward characteristics, and patient vulnerability
profiles (Carraro et al., 2020). This analytical approach positions hospital textiles as measurable risk
vectors within complex healthcare systems rather than passive background elements. Given the
increasing emphasis on data-driven infection control strategies, defining microbial contamination in
hospital textiles through quantitative frameworks establishes a foundational basis for systematic risk
assessment and modeling across healthcare environments.

Figure 1: Hospital Textile Contamination Risk Modeling
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Healthcare-associated infections represent a persistent global challenge, and hospital textiles occupy a
measurable position within the broader transmission ecosystem. From a quantitative epidemiological
standpoint, textiles are treated as dynamic vectors whose contamination levels fluctuate based on
frequency of use, patient acuity, environmental exposure, and hygiene interventions (Chiereghin et al.,
2020). Unlike hard surfaces, textiles exhibit complex fiber structures that influence microbial adhesion,
penetration, and retention, introducing variability that is amenable to statistical characterization.
Quantitative studies conceptualize textiles as nodes within contact networks, where microbial load
accumulation and depletion occur over time. This temporal dimension allows contamination to be
modeled using longitudinal data structures, survival analysis, and decay functions that capture
microbial persistence under varying conditions. Hospital textiles are also subject to repeated
laundering cycles, enabling the assessment of contamination reduction rates, residual microbial
survival, and recontamination probabilities. These measurable outcomes contribute to risk modeling
frameworks that quantify exposure intensity and frequency (McQueen & Ehnes, 2017). In high-
dependency clinical units, textiles experience elevated contact density, increasing the statistical
likelihood of microbial transfer events. Quantitative analysis treats these interactions as stochastic
processes influenced by workload, staffing patterns, and compliance variability. By converting textile
contamination into numeric risk indicators, healthcare researchers can integrate textile-related
variables into broader infection surveillance datasets. This integration supports comparative analysis
across institutions, regions, and healthcare systems. The quantitative framing of hospital textiles aligns
with systems-based infection control approaches that prioritize measurable risk contributors rather
than isolated hygiene practices. As global healthcare systems increasingly rely on standardized metrics,
hospital textiles emerge as analytically tractable components whose contamination profiles can be
systematically measured, modeled, and incorporated into predictive risk assessments at institutional
and international levels (Andersen, 2019).

Quantitative assessment of microbial contamination in hospital textiles relies on standardized
measurement frameworks that transform biological presence into analyzable numerical data. These
frameworks encompass sampling methodologies, laboratory quantification techniques, and statistical
normalization procedures. Swab sampling, contact plate methods, and elution-based extraction
techniques generate microbial count data that serve as primary quantitative inputs. These data are often
expressed in logarithmic scales to accommodate wide variability in microbial densities across textile
types and usage conditions (Handorean et al., 2015). Quantitative research emphasizes reproducibility,
precision, and comparability, necessitating rigorous control of sampling area, pressure, and timing.
Microbial load measurement also accounts for heterogeneity within textile surfaces, recognizing spatial
variability across folds, seams, and high-contact zones. Statistical aggregation techniques are applied
to represent contamination distributions at textile, ward, and institutional levels. Quantitative
frameworks further incorporate pathogen classification variables, allowing differentiation between
commensal flora and clinically significant organisms. This distinction supports risk-weighted modeling
approaches that assign differential significance to microbial counts based on pathogenic potential.
Measurement frameworks also integrate laundering effectiveness metrics, including log-reduction
values and post-laundering residual contamination rates (Handorean et al., 2015). These metrics enable
quantitative evaluation of textile processing systems as control variables within risk models. By
structuring microbial data into hierarchical datasets, researchers can apply multilevel statistical models
that account for nested variability across textiles, patients, and healthcare units. Such frameworks
provide the empirical foundation necessary for predictive modeling, ensuring that risk estimations are
grounded in measurable contamination patterns rather than qualitative assumptions (Yim et al., 2023).
Predictive risk modeling in the context of hospital textile contamination involves the application of
statistical and mathematical techniques to estimate the probability of microbial exposure events. These
models draw upon quantitative inputs such as microbial load measurements, contact frequency
metrics, textile usage duration, and laundering intervals. Risk modeling frameworks often employ
regression-based methods leading to probabilistic risk scores that represent contamination-driven
exposure likelihoods (McQueen & Ehnes, 2022). Time-series analysis enables the examination of
contamination trajectories across repeated textile use cycles, capturing accumulation and reduction
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patterns. In quantitative healthcare research, predictive models are valued for their capacity to integrate
multiple variables into cohesive risk representations.

Figure 2: Statistical Modeling of Hospital Textiles

Textile > I— e
Misaiungs Laundries Biwekly soil
2 4 Biweekly soil
Laundries > Clean contamiiants
Delivery
Hospital Use
v
Stepl ——> Step 2 ——> Step 2 ——> Step 3
(— ® r —W
Washing at 60°C \ Drying. PLAQ | [ Ironing between
150-180°C
||, A ; PIPIQ Plate é é
é 9 fema\
PLAQ Plate cZlea2rBgd> ¢
\. -, \ J .4
Central tendency Dipersion Context comparisons  Apaneted wariables

b. Sampling diagram

-

Sampling area

Sampling area
\ J

Textile-related risk models frequently incorporate covariates such as ward type, patient turnover rates,
environmental humidity, and handling practices. These covariates allow risk estimations to reflect real-
world operational complexity. Predictive modeling also facilitates scenario-based analysis, where
changes in textile management variables can be simulated to observe corresponding shifts in
contamination risk distributions. From an international perspective, structured risk models support
cross-context comparison by standardizing contamination indicators across diverse healthcare
infrastructures (Goyal et al., 2019). Quantitative modeling transforms textile contamination from an
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observational phenomenon into a measurable risk construct, enabling healthcare systems to
systematically evaluate exposure probabilities. By emphasizing numerical prediction rather than
descriptive assessment, predictive models contribute to evidence-based understanding of textile-
mediated microbial dynamics within clinical environments (Ezeanya-Bakpa et al., 2022).

Statistical analysis plays a central role in identifying, characterizing, and interpreting microbial
contamination patterns in hospital textiles (Rauf, 2018). Descriptive statistics provide foundational
insights into central tendencies, dispersion, and distributional characteristics of microbial load data.
Inferential statistical methods extend this analysis by testing associations between contamination levels
and contextual variables such as textile type, clinical unit, and laundering protocol (Haque & Md.
Arifur, 2020; Ashraful et al., 2020). Multivariate analysis techniques enable simultaneous evaluation of
multiple risk factors, revealing interaction effects and contamination drivers (Haque & Arifur, 2021;
Jinnat & Kamrul, 2021; Sands & Fairbanks, 2019). Cluster analysis supports the identification of
contamination hotspots within textile inventories, while factor analysis assists in reducing
dimensionality across correlated variables. Quantitative research also applies non-parametric methods
to accommodate skewed microbial data distributions. Statistical modeling frameworks facilitate
hypothesis testing related to contamination variability across institutional contexts. Advanced
analytical techniques such as generalized linear models and mixed-effects models accommodate
hierarchical data structures inherent in hospital environments (West et al., 2019). These approaches
enable robust estimation of contamination predictors while controlling for random effects. Statistical
rigor ensures that observed contamination patterns are distinguishable from random variation,
strengthening the empirical validity of risk assessments. Through structured statistical analysis,
microbial contamination in hospital textiles is transformed into interpretable quantitative evidence that
supports systematic risk evaluation (Davies, 2018; Fokhrul et al., 2021; Zaman et al., 2021).

Hospital textile contamination represents an internationally relevant issue due to the universal reliance
on reusable fabrics in healthcare delivery. Across low-, middle-, and high-income healthcare systems,
textiles remain integral to patient care workflows, making microbial contamination a globally shared
concern (Hammad, 2022; Hasan & Waladur, 2022). Quantitative risk modeling enables standardized
assessment across diverse institutional contexts, facilitating comparative analysis and benchmarking.
Differences in healthcare infrastructure, laundering technology, staffing density, and infection control
resources contribute to variability in contamination profiles (Arifur & Haque, 2022; Towhidul et al.,
2022; Suliman et al., 2021). Quantitative frameworks allow these differences to be analytically captured
rather than qualitatively inferred. Global healthcare mobility, medical tourism, and transnational
workforce movement further underscore the importance of standardized contamination assessment.
Predictive modeling supports scalable risk evaluation applicable across geographic regions and
healthcare settings. International relevance is reinforced by the alignment of textile contamination
research with global patient safety priorities and quality assurance metrics. Quantitative analysis
provides a common analytical language that transcends contextual variability, enabling contamination
risk to be expressed through universally interpretable metrics (Balogova et al., 2023; Rifat & Jinnat,
2022; Rifat & Khairul Alam, 2022). By situating hospital textiles within global healthcare risk
ecosystems, quantitative modeling approaches contribute to a comprehensive understanding of
microbial exposure dynamics at an international scale.

The integration of predictive risk modeling into hospital textile management reflects the broader shift
toward data-driven healthcare operations. Textile inventories generate continuous streams of
measurable variables related to usage, contamination, and processing (Abdulla & Alifa Majumder,
2023; Faysal & Bhuya, 2023; Glowicz et al., 2022). Quantitative models synthesize these variables into
structured risk indicators that support systematic analysis. Statistical integration allows contamination
data to be linked with operational metrics such as turnaround time, inventory rotation, and utilization
rates. By embedding microbial risk variables into textile management leading to multidimensional
datasets suitable for quantitative evaluation. Risk modeling frameworks also support stratification of
textiles based on contamination probability profiles, enabling analytical differentiation across fabric
categories and clinical contexts (Habibullah & Aditya, 2023; Hammad & Mohiul, 2023; Shahid et al.,
2021). Quantitative integration enhances visibility into contamination dynamics without reliance on
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anecdotal assessment. The structured nature of predictive modeling aligns with institutional emphasis
on measurable performance indicators. Through mathematical abstraction and statistical analysis,
hospital textile contamination is positioned as a quantifiable risk component within healthcare system
operations. This integration underscores the analytical value of predictive modeling in understanding
contamination patterns through measurable, repeatable, and scalable quantitative methodologies
(Rajendran & Anand, 2016).
The objective of this quantitative research is to develop a structured and measurable understanding of
microbial contamination in hospital textiles through predictive risk modeling and statistical analysis
grounded in empirically observable contamination indicators. This study aims to quantify microbial
load patterns across commonly used hospital textile categories, including patient linens, staff uniforms,
privacy curtains, and reusable fabrics, by generating standardized contamination metrics that can be
reliably compared across usage contexts and processing stages. A central objective is to operationalize
contamination as numerical variables, including microbial count density, contamination frequency,
and pathogen-specific detection rates, so that contamination is represented as analyzable data suitable
for inferential testing and probability-based prediction. The research further seeks to identify
statistically significant determinants of microbial contamination by examining relationships between
microbial load and explanatory variables such as textile type, duration of use, ward classification,
laundering cycle characteristics, handling practices, storage conditions, and environmental parameters
that influence microbial survival. Another objective is to construct and evaluate predictive models
capable of estimating contamination risk levels for hospital textiles under defined operational
conditions, enabling quantitative estimation of the likelihood that textiles reach specified
contamination thresholds within routine healthcare workflows. Model evaluation objectives include
assessing predictive accuracy, calibration, sensitivity, and error structure using appropriate statistical
validation strategies, ensuring that prediction performance is expressed through quantitative criteria
rather than descriptive judgment. The study also aims to produce a comparative contamination profile
across clinical settings by analyzing how contamination distributions vary across units with distinct
patient vulnerability levels and contact intensities, supporting structured statistical comparison of
mean differences, distributional shifts, and variance components. In addition, this research aims to
generate a reproducible analytical framework that integrates laboratory-derived microbial
measurements with hospital operational variables into a coherent dataset that supports multivariable
analysis and interpretable risk scoring. By meeting these objectives, the study positions hospital textiles
as quantifiable reservoirs and transferable surfaces within healthcare microbial ecology, enabling
contamination risk to be expressed through measurable indicators and predictive estimations derived
from systematic quantitative modeling and statistically validated analytical procedures.
LITERATURE REVIEW
This Literature Review synthesizes empirical and quantitative scholarship on microbial contamination
in hospital textiles, with a focus on how measurable contamination indicators can be modeled as
predictors of risk within healthcare environments (Ferrer-Vilanova et al.,, 2021). The section is
structured to organize prior evidence according to variables and analytical relationships that are
directly relevant to quantitative risk modeling, including microbial load measurement techniques,
contamination distribution patterns across textile categories, laundering efficacy metrics, textile
material and structural properties, environmental and workflow determinants, and statistical modeling
approaches used to predict contamination probability and threshold exceedance. The purpose of this
section is to map the measurable constructs used in the literature (for example, bioburden density,
contamination frequency, log-reduction values, and pathogen detection rates) to the statistical designs
and model families commonly applied in healthcare contamination research (Nicoloro et al., 2020).
Emphasis is placed on how studies define and operationalize contamination outcomes, the reliability
and comparability of sampling strategies, the handling of skewed microbial count data, and the
treatment of nested and clustered data structures typical in hospital settings. The review prioritizes
quantitative evidence that supports variable selection, model specification, and validation logic for
predictive risk analysis, while also identifying patterns in measurement consistency, reporting
practices, and the statistical strength of associations reported across clinical units and textile types. The
resulting synthesis provides an organized evidence base for structuring a quantitative framework in
6
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which hospital textiles are evaluated as measurable reservoirs and transferable surfaces in healthcare
microbial ecology (Butler, 2018).

Textile Microbial Contamination Outcomes

The quantitative literature on hospital textile contamination consistently emphasizes the importance of
clearly defined contamination endpoints that can be measured, compared, and modeled across
healthcare environments. Microbial contamination is operationalized using standardized indicators
that transform biological presence into numeric outcomes suitable for statistical analysis (Tang, 2023).
Commonly used endpoints include surface-based microbial density measures, item-level
contamination counts, logarithmic transformations of microbial load, binary contamination indicators,
and organism-specific detection outcomes. These variables allow researchers to represent
contamination intensity, frequency, and distribution in ways that align with quantitative risk
assessment frameworks. Studies emphasize that endpoint selection directly influences statistical
sensitivity, comparability across textile categories, and interpretability of results. Surface-normalized
measures enable cross-textile comparison, while item-level counts capture aggregate contamination
burden. Binary indicators support prevalence estimation and logistic modeling, particularly in
pathogen-focused analyses (Haque & Arifur, 2023; Jahangir & Mohiul, 2023; Tang, 2023). Pathogen-
specific positivity metrics are frequently used to distinguish general environmental contamination
from clinically significant microbial presence. The literature also demonstrates that endpoint definition
affects downstream analytical choices, including data transformation requirements and outcome
scaling. Quantitative contamination endpoints are treated as dependent variables within structured
models, linking textile characteristics and operational factors to measurable contamination outcomes.
Through consistent operationalization, contamination endpoints serve as the foundational units of
analysis in textile-related microbial risk research, allowing biological variability to be systematically
quantified within reproducible statistical frameworks (Akbar & Farzana, 2023; Mostafa, 2023; Sharma
et al., 2022).

Figure 3: Hospital Textile Contamination Risk Modeling
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Quantitative studies on hospital textile contamination routinely distinguish between primary and
secondary outcomes to support structured modeling and hypothesis testing. Primary outcomes
typically represent overall microbial burden, capturing the cumulative presence of microorganisms
across textile surfaces. These measures are used to characterize baseline contamination patterns and to
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model general exposure risk. Secondary outcomes focus on subsets of microbial populations, often
emphasizing organisms associated with healthcare-associated infections (Jahangir & Hammad, 2024;
Rifat & Rebeka, 2023; Sigaard & Laitala, 2023). This differentiation enables layered analysis in which
broad contamination trends are evaluated alongside organism-specific risk indicators. The literature
highlights that selecting primary outcomes centered on total bioburden enhances statistical stability
due to higher event frequencies and reduced sparsity. Secondary outcomes, while less frequent,
provide specificity by isolating clinically relevant contamination events. Quantitative frameworks treat
these outcomes differently in model specification, with primary outcomes supporting continuous or
count-based modeling and secondary outcomes often analyzed using binary or categorical approaches
(Masud & Hammad, 2024, Md & Sai Praveen, 2024; Villarrubia-Gémez et al., 2018). Studies
demonstrate that separating outcomes prevents analytical dilution and improves interpretability by
aligning each outcome with appropriate statistical techniques. This structured outcome hierarchy also
facilitates comparative analysis across textile types and clinical units. By clearly delineating primary
and secondary outcomes, the literature establishes a coherent analytical structure that accommodates
both broad contamination assessment and targeted microbial risk evaluation within hospital textile
research (Rifat & Rebeka, 2024; Sai Praveen, 2024; Schang et al., 2021).

Quantitative Sampling Design and Laboratory Enumeration Methods

Quantitative research on hospital textile contamination identifies sampling method selection as a major
contributor to variance in microbial count outcomes, with swab sampling, contact plate methods, and
extraction or elution approaches producing systematically different estimates. Swab methods are
widely used because they are flexible across irregular textile surfaces, yet the literature consistently
characterizes swab recovery as highly sensitive to operator technique, fiber structure, and moisture
conditions, which elevates within-sample variability (Condron et al., 2015).

Figure 4: Sampling Methods for Textile Contamination
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Contact plate techniques produce more standardized contact geometry and can improve repeatability

under controlled conditions, though studies document reduced effectiveness on textured, folded, or

porous fabrics where full contact is difficult to achieve. Extraction and elution methods, which remove

microbes from textile fibers into a liquid medium, are frequently described as producing higher yield

counts and improved representation of embedded organisms, but they introduce additional procedural

steps that can amplify lab-based variability. Quantitative comparisons across studies often show that
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these methods differ in measurement dispersion as well as central tendency, affecting both mean
microbial load estimates and distributional characteristics such as zero frequency and tail heaviness
(Metzger et al., 2018). The literature highlights that method-dependent variance complicates cross-
study comparability, particularly when different hospitals or research teams adopt different sampling
protocols for similar textile categories. As a result, sampling method is treated as a primary
methodological covariate in quantitative designs, and many studies recommend explicitly reporting
method-specific parameters to support replication and statistical interpretation. By framing sampling
approach as an identifiable source of variance, the literature establishes a measurement-centered
perspective in which contamination outcomes are interpreted as joint products of biological reality and
methodological capture processes (Buntin, 2020; Shehwar & Nizamani, 2024; Azam & Amin, 2024).

A major focus in quantitative literature is the standardization of sampling geometry and textile-zone
selection to ensure valid comparison of microbial contamination levels across textile types, wards, and
institutions. Studies regularly emphasize that sampling area must be consistently defined because
microbial load estimates scale with surface coverage, and inconsistent sampling dimensions inflate
between-observation variance. Similarly, the literature notes that sampling pressure, contact duration,
and directional motion are influential methodological parameters, particularly for swab-based
techniques, where small differences in force and stroke patterns can yield large differences in microbial
recovery (Begum, 2025; Brito et al., 2016; Faysal & Aditya, 2025). Many quantitative designs address
this by specifying uniform contact procedures and training protocols to minimize operator-related
measurement drift. Textile zone selection is also identified as a key contributor to heterogeneity,
because microbial contamination is not evenly distributed across textile surfaces. High-contact regions
such as sleeve cuffs, torso zones, pillow interfaces, and curtain edges frequently demonstrate elevated
contamination relative to low-contact regions, producing spatially structured variability. The literature
therefore frames zone selection as a sampling design decision that directly affects measured prevalence
and load distributions (Hammad & Hossain, 2025; Jahangir, 2025). Some studies adopt stratified
sampling across predefined zones to capture spatial variability, while others standardize to a single
high-contact zone to improve sensitivity to contamination events (Truitt et al., 2018). In quantitative
comparisons, standardized zone protocols are often treated as prerequisites for pooling data,
estimating effect sizes, or applying multilevel models. Across the literature, standardization is
presented as a methodological mechanism for reducing measurement noise and improving
comparability, ensuring that statistical differences in contamination outcomes reflect systematic factors
rather than inconsistent sampling practice (Newman et al., 2015).

Recovery efficiency is consistently identified as a measurable determinant of microbial load estimates
in hospital textile studies, with quantitative research demonstrating that measured counts often
underrepresent true contamination due to incomplete capture of organisms embedded within fibers.
The literature describes recovery efficiency as dependent on textile material composition, weave
structure, moisture retention, and the degree of microbial adhesion, all of which influence how readily
organisms transfer from fabric to sampling medium. Swabs may capture surface organisms effectively
while missing deeper microbial presence, whereas extraction-based approaches may improve recovery
from within fibers but remain subject to losses during transfer and processing (Jamil, 2025; Al Amin,
2025; Rafiee et al., 2021). Many studies treat underestimation as a systematic measurement property
rather than random error, making recovery efficiency an important parameter for interpreting
microbial load distributions and comparing protocols. Quantitative research often uses controlled
inoculation experiments or recovery trials to estimate method-specific recovery proportions, enabling
adjustment logic or sensitivity interpretation when comparing microbial loads across methods. The
literature also notes that recovery efficiency affects the prevalence of “non-detect” outcomes,
contributing to apparent zero inflation even when low-level contamination exists. This has direct
implications for statistical modeling, because misclassification of low contamination as zero can alter
parameter estimates and reduce model discrimination (Levi et al., 2019; Towhidul & Rebeka, 2025;
Ratul, 2025). In addition, recovery efficiency interacts with laboratory workflow factors such as
extraction time, agitation intensity, and medium selection, introducing procedural variance that
influences final counts. By treating recovery efficiency as an explicit quantitative feature of the
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measurement process, the literature frames contamination estimation as an inference problem in which
observed counts represent partial signals shaped by both microbial presence and methodological
capture constraints (Mei et al., 2016).

Cross-Textile Category Contamination Distributions

The quantitative literature consistently treats hospital textiles as heterogeneous contamination
reservoirs, showing that contamination distributions vary substantially across textile categories such
as bed linens, staff uniforms, privacy curtains, and towels (Stenuit & Agathos, 2015). Studies commonly
report that linens exhibit contamination profiles strongly shaped by prolonged patient contact,
moisture exposure, and frequent handling during bed making and patient repositioning, resulting in
contamination distributions characterized by repeated exposure cycles and variable microbial load
accumulation. Staff uniforms are frequently described as high-contact textiles influenced by movement
across multiple clinical zones, producing contamination patterns that reflect mixed-source exposure
and frequent surface contact with patients and surrounding environments (Hazards et al., 2019; Rifat,
2025; Yousuf et al., 2025). Privacy curtains often emerge in the literature as textiles with prolonged
deployment times and intermittent hand contact, generating contamination distributions that may
show relatively stable baseline contamination punctuated by episodic high-contact events. Towels,
commonly used in hygiene-related tasks, are frequently associated with transient yet intense moisture
and organic load exposure, shaping contamination distributions that may show elevated microbial
densities and larger variability across usage contexts (Azam, 2025; Tasnim, 2025). The literature
emphasizes that category-based differences are not solely explained by textile material, but also by
workflow exposure, frequency of replacement, laundering intervals, and handling practices (Tasnim,
2025; Uyaguari-Diaz et al., 2016; Zaheda, 2025b). Quantitative comparisons therefore characterize
contamination distributions using descriptive measures such as central tendency and dispersion, while
also accounting for skewness and the presence of extreme values associated with high bioburden
events. Across multiple study contexts, cross-textile comparisons are presented as foundational for
understanding how textile roles within clinical systems influence measurable contamination outcomes,
supporting statistical differentiation of contamination burden and prevalence patterns by textile
category (Zaheda, 2025a; Zulqarnain, 2025).

A substantial body of quantitative research focuses on measuring differences in microbial
contamination between textile categories using statistical contrasts and effect estimates appropriate for
microbial count data. Studies frequently compare average contamination levels across linens, uniforms,
curtains, and towels to evaluate whether observed differences reflect consistent category effects rather
than random variation (Meir et al., 2018). The literature commonly describes mean-based contrasts as
useful for summarizing overall differences when microbial load distributions are sufficiently stable or
transformed for analysis. Median-based comparisons are also widely used because microbial
contamination data are often skewed, making medians more robust representations of typical
contamination levels. Many studies further rely on rank-based and non-parametric effect size
approaches to quantify category differences without imposing distributional assumptions that
microbial count data rarely satisfy. These approaches are used to compare distribution shifts and to
represent the magnitude of difference in contamination profiles across textiles (Cheng et al., 2019).
Quantitative research emphasizes that effect estimation should account for heterogeneity in exposure
time and laundering frequency, because these operational factors modify microbial load accumulation
and can confound direct category comparisons. Some studies stratify comparisons by ward type or by
time since last laundering, while others incorporate these factors as covariates to generate adjusted
estimates of category effects. Across the literature, emphasis is placed on interpreting differences as
distributional contrasts rather than simple point estimates, recognizing that microbial contamination
outcomes often show broad dispersion and outlier-driven variability. This methodological emphasis
supports more stable cross-textile comparisons that reflect both the typical contamination burden and
the variability structures associated with each textile category (Xiao et al., 2021).

10



International Journal of Scientific Interdisciplinary Research, February 2026, 01-36

Figure 5: Cross-Textile Contamination Comparison Framework
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Quantitative research on hospital textiles consistently identifies exposure duration as a central
determinant of microbial contamination, because time in use structures the accumulation of bioburden
through repeated contact, moisture exposure, and environmental deposition.

Figure 6: Exposure Duration and Contact Density
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Studies commonly operationalize duration using measurable indicators such as hours of use, number
of shifts worn, patient-days associated with linen use, or time elapsed since last laundering. These
duration variables are treated as predictors that translate operational routines into analyzable time-
based covariates (Judge et al., 2023). The literature frequently reports that longer exposure periods are
associated with higher microbial load and increased probability of contamination positivity, reflecting
cumulative contact events and progressive microbial transfer. Duration measures also support
comparative designs, allowing contamination levels to be contrasted across textiles with different
replacement schedules, such as daily linen changes versus multi-day curtain deployments.
Quantitative studies emphasize that duration measures are especially informative when combined
with contextual variables such as ward type and patient turnover, because the same duration can
correspond to different contact intensities and environmental conditions. Many studies further address
non-linear duration effects, recognizing that contamination accumulation may accelerate under high-
contact conditions or plateau when microbial transfer reaches saturation for certain surfaces (Naylor et
al., 2022). Time-based predictors are therefore treated as both direct exposure indicators and proxies
for unobserved contact processes. Across the literature, exposure duration provides a measurable
temporal backbone for modeling contamination dynamics, enabling contamination outcomes to be
statistically linked to routine operational timelines in ways that support structured comparisons across
textile types, healthcare units, and laundering intervals (Dasauni et al., 2022).
The quantitative literature repeatedly frames contact density as a measurable driver of textile
contamination, focusing on how touch frequency and interaction intensity amplify opportunities for
microbial transfer. Studies operationalize contact density using direct observational counts of touches,
structured audits of task-based contact events, and proxy variables such as staff workload indicators,
patient handling frequency, or care intensity scores. These metrics convert behavioral and workflow
characteristics into numeric predictors that can be statistically associated with contamination outcomes.
Research on uniforms often emphasizes contact density as a cross-location exposure mechanism
because healthcare workers move between patient rooms and shared spaces, accumulating contact
events that increase the likelihood of contamination transfer to clothing and textile surfaces (Parvizi et
al., 2017). Linen-related studies quantify contact density through indicators linked to bed making,
repositioning frequency, and frequency of direct patient contact with bed surfaces. Curtain-related
work often uses hand-contact zone measurement and touch-event counting to estimate how repeated
grabs contribute to localized contamination. The literature also notes that contact density is shaped by
institutional routines, staffing levels, and ward type, making it both an exposure variable and a system-
level operational indicator. Quantitative approaches incorporate contact density into multivariable
designs to disentangle its effects from exposure duration, textile type, and environmental conditions
(Wilson et al., 2021). Through these approaches, contact density is treated as a measurable mechanism
linking human behavior to microbial load outcomes, allowing contamination differences to be
interpreted through structured, count-based exposure representations rather than purely descriptive
explanations.
Log-Reduction and Residual Contamination
The quantitative literature on hospital textile hygiene places substantial emphasis on laundering
efficacy as a measurable process that alters microbial contamination levels between pre-use and post-
processing states. Studies routinely assess efficacy by comparing microbial load measured before
laundering with microbial load detected after completion of washing and drying cycles (Ziegler et al.,
2022). This comparative framework allows laundering performance to be expressed as a magnitude of
microbial reduction rather than a qualitative assessment of cleanliness. Research consistently shows
that laundering introduces systematic shifts in contamination distributions, often reducing overall
microbial density while leaving residual variability across textile items. The literature treats laundering
outcomes as continuous or count-based measures, enabling statistical comparison across textile
categories, processing protocols, and institutional contexts (Ferwerda et al., 2020). Pre- and post-
processing comparisons are used to identify variation in efficacy attributable to operational factors
rather than random fluctuation. Quantitative studies also emphasize that microbial reduction outcomes
differ by textile material, soil load, and initial contamination level, creating heterogeneity that is
reflected in post-laundering distributions. Some research further stratifies laundering outcomes by
12
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organism group, distinguishing general microbial reduction from organism-specific persistence
patterns. Across studies, laundering efficacy is conceptualized as a measurable transformation process
that modifies contamination profiles, providing an empirical basis for evaluating processing
performance through statistical comparison rather than subjective inspection (McCarthy et al., 2015).
Beyond overall reduction in microbial load, the literature extensively examines residual contamination
following laundering as a distinct quantitative outcome. Residual contamination is operationalized as
the presence or amount of detectable microorganisms remaining on textiles after standard processing.
Studies commonly report post-laundering contamination using both count-based measures and binary
indicators of positivity, depending on analytical focus and detection method. This dual representation
allows researchers to evaluate not only the extent of microbial persistence but also the frequency with
which laundering fails to eliminate detectable contamination entirely. Quantitative analyses often
reveal that residual contamination is unevenly distributed across textile batches, with a subset of items
accounting for a disproportionate share of post-laundering positivity (Zhang & Trubey, 2019).

Figure 7: Hospital Textile Laundering Process Framework
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The literature highlights that residual contamination patterns are influenced by initial bioburden,
textile construction, and processing parameters, making residual outcomes informative indicators of
system-level performance. Post-laundering positivity measures are frequently used to estimate
contamination prevalence within processed inventories, supporting comparative analysis across
laundering systems and institutional settings. Studies also emphasize that residual contamination
outcomes are sensitive to detection thresholds and laboratory methodology, reinforcing the need for
standardized reporting. By treating residual contamination as a quantifiable outcome, the literature
positions post-processing microbial presence as an empirical variable suitable for statistical modeling
and comparative evaluation (Ketenci et al., 2021).

Textile Material Properties and Structural Predictors of Microbial Retention

The quantitative literature on hospital textile contamination frequently identifies fiber composition and
fabric structural properties as measurable predictors of microbial retention and persistence. Studies
comparing cotton, polyester, and blended fabrics consistently treat material type as an explanatory
variable that affects microbial adhesion, retention within fiber matrices, and ease of removal during
laundering (Jamil et al., 2023). Cotton is commonly described as having higher absorbency, which
increases the likelihood of retaining moisture and organic residue that can support microbial survival,
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while polyester-based textiles are often characterized by lower absorbency yet distinct surface
properties that influence microbial attachment. Weave density and textile mass characteristics are
routinely operationalized through measurable indicators such as thread count and fabric weight per
unit area, enabling cross-textile comparison within statistical models. Higher density fabrics are often
described as creating microenvironments that can shield microorganisms from mechanical removal
and contribute to persistent contamination in embedded fiber spaces (Searle et al., 2022). Conversely,
lower density or more open weaves may facilitate faster drying and easier microbial dislodgement but
may also increase exposure to environmental deposition depending on use context. Quantitative
studies emphasize that these structural characteristics interact with usage conditions such as body
contact, humidity exposure, and frequency of handling, making material predictors context-dependent
rather than purely intrinsic. The literature therefore positions fiber composition and structural
attributes as quantifiable determinants that can be incorporated into multivariable analyses to explain
differences in contamination levels across textile categories and institutional workflows (Alkhatib &
Abualigah, 2023).

Figure 8: Fibre Composition and Microbial Retention
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The quantitative literature on predicting microbial contamination in hospital textiles emphasizes that
model selection is fundamentally determined by the structure of contamination outcomes and the
statistical properties of microbial data. Studies commonly report contamination as continuous
measures, count outcomes, or binary indicators of contamination positivity, and each format leads to
distinct modeling families that align with measurement scale and distributional behavior (Li et al.,
2022). When microbial outcomes are represented as continuous or transformed measures, linear
modeling frameworks are often used for estimating associations and comparing adjusted mean
differences across textile categories and operational conditions. Count-based contamination measures
are frequently modeled using count-regression approaches that better accommodate non-negative
integer outcomes and over-dispersion patterns commonly observed in microbial load datasets. The
literature also highlights that microbial count data often contain a high frequency of zero observations
due to intermittent contamination events, measurement limitations, or effective laundering, leading to
analytical strategies that explicitly account for excess zeros (Taylor et al., 2016). In parallel, binary
contamination outcomes are frequently analyzed using logistic modeling approaches to estimate the
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probability of positivity based on predictors such as textile type, exposure duration, and ward
characteristics. Across studies, model choice is presented as an analytical alignment process in which
the distributional features of contamination data guide the selection of statistical families and link
functions. This literature also emphasizes interpretability and comparability, often favoring models
that generate stable, explainable predictors of contamination risk while adequately representing
skewness, clustering, and heterogeneous variance (Roostaei et al., 2021). The resulting body of evidence
frames model selection as a methodological decision grounded in outcome definition and data
behavior, with careful attention to variance structure and measurement scale.

Figure 9: Hospital Textile Contamination Prediction Models
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Studies often conceptualize contamination as a dynamic outcome that changes over time rather than a
static measurement, making repeated measurement designs central to the analytical approach (Khan
et al., 2020). Time-dependent modeling strategies are used to represent contamination trajectories
across exposure duration, sequential shifts of uniform use, repeated linen contact periods, and multi-
day curtain deployments. The literature emphasizes that contamination may increase as a function of
time in use, while laundering introduces reductions, and post-processing handling can contribute to
recontamination over storage and transport intervals. These processes produce temporal patterns that
can be modeled using repeated measures frameworks and longitudinal structures that account for
within-textile correlation (Li et al., 2017). Quantitative studies also highlight the importance of
capturing time since laundering as a key predictor, because contamination levels often differ
substantially depending on how long textiles have remained in circulation. Some studies incorporate
temporal variables as categorical intervals, while others treat time as a continuous exposure predictor,
depending on measurement resolution and study design. Time-dependent approaches enable the
identification of accumulation rates, reduction patterns, and persistence profiles for different textile
categories under varying hospital conditions. Across the literature, temporal modeling supports the
representation of contamination as a process influenced by operational timing, contact intensity, and
laundering cadence, thereby aligning predictive risk analysis with real-world textile lifecycle dynamics
(Dulsat-Masvidal et al., 2023).

Quantitative literature increasingly emphasizes feature engineering as a methodological step that
transforms operational variables into structured predictors suitable for contamination risk modeling
and interpretable risk scoring. Studies frequently create composite indices that summarize multiple
correlated variables into standardized predictors, such as aggregated handling intensity indicators
derived from collection and transport variables, or laundering quality indicators constructed from cycle
temperature, duration, and processing consistency measures (Matheson et al., 2018). Feature
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engineering is presented as a mechanism for reducing dimensionality and improving model stability
when predictors are numerous and interrelated. These engineered features are used to generate
predictive risk scores that classify textiles by contamination probability or expected microbial burden,
enabling a structured comparison of risk across items, wards, and rotation cycles. The literature also
devotes substantial attention to validation logic, treating predictive performance as an empirical
property that must be demonstrated through systematic testing. Common validation approaches
include dividing datasets into training and testing subsets, using cross-validation procedures to
estimate generalization performance, and applying holdout evaluation to assess robustness across
unseen textile batches or ward contexts (Chen et al., 2022). Calibration assessment is emphasized for
probability-based outputs, ensuring that predicted contamination likelihood aligns with observed
positivity rates across risk strata. Error metrics are used to quantify predictive accuracy and
misclassification patterns, supporting transparent evaluation of model adequacy (Emery et al., 2017).
Across studies, validation is framed as an integral component of quantitative prediction, aligning
model development with reproducibility expectations and enabling contamination risk models to be
evaluated using objective performance criteria rather than descriptive claims (Heirendt et al., 2019).
Quantitative Evidence Gaps
The quantitative literature on hospital textile contamination repeatedly identifies missingness and
incomplete reporting of operational predictors as a major constraint on comparative analysis and
predictive modeling. Many empirical studies report microbial load outcomes with limited
documentation of the operational variables that plausibly shape those outcomes, such as collection
workflows, containment practices, transport duration, storage environment, time-to-laundering, and
detailed cycle settings (Lamon et al., 2019). Even when studies describe laundering in general terms,
key parameters are often reported inconsistently across investigations, including whether textiles were
processed in-house or outsourced, how loads were sorted, how soiled textiles were bagged, and how
long items remained in holding areas before processing. This incomplete reporting introduces
information gaps that complicate model specification because predictors cannot be consistently
defined, coded, or harmonized across datasets. Quantitative analyses are also affected by missingness
at the record level, where microbial measurements may be available but corresponding metadata about
textile age, ward location, time in use, or handling route are absent (Mitchell et al., 2019). The literature
frequently notes that missingness can be systematic rather than random, because data capture may be
weaker in high-workload wards, during outbreaks, or when staff compliance varies, leading to bias in
estimated associations. Studies that attempt multivariable modeling often highlight reduced sample
size, unstable estimates, or limited adjustment capacity due to incomplete covariate capture. Across the
evidence base, operational predictor underreporting functions as a structural limitation that restricts
robust variance explanation and reduces the interpretability of cross-study comparisons (Huovila et
al., 2019).
A recurring quantitative gap in the literature involves the lack of standardized contamination
thresholds used to classify textiles as contaminated, high-risk, or acceptable, which limits comparability
across hospital settings and study designs. Many studies use different criteria for defining
contamination positivity or elevated bioburden, with thresholds varying by sampling method,
laboratory protocol, textile category, and institutional convention. Some investigations rely on
detection-based criteria, while others apply numeric cutoffs derived from internal distributions, local
benchmarks, or procedural norms (Tong & Feng, 2020). This variability produces heterogeneity in
outcome definition, making it difficult to compare contamination prevalence or risk classification
results across studies, even when the same textile types are evaluated. The literature frequently
describes the consequence of inconsistent thresholds as outcome non-equivalence, where one study’s
“high contamination” category is not directly comparable to another study’s classification. In
quantitative synthesis, such heterogeneity complicates pooling because the binary or categorical
outcomes do not share a uniform decision boundary, and continuous outcomes may have been
transformed or categorized using different criteria (Bylinskii et al., 2018). In comparative modeling,
threshold inconsistency also affects the estimated strength of predictors, because a predictor’s
relationship with an outcome depends on how that outcome is defined and where the cutoff is placed.
Across the evidence base, inconsistent threshold practice contributes to fragmentation of comparative
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metrics, reducing the ability to build unified interpretations of contamination risk patterns across
hospitals, regions, and laundering systems (Khosravi et al., 2019).

The literature on textile contamination and predictive risk analysis often reports point estimates for
microbial load differences, positivity rates, or model coefficients without consistently providing
uncertainty measures that quantify precision and sampling variability. Quantitative studies sometimes
present central tendency measures and basic comparisons while omitting interval estimates, variance
decomposition outputs, or model-based uncertainty metrics (Singh et al., 2020).

Figure 10: Missingness and uncertainty in Textile Contamination Studies
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This limited uncertainty reporting restricts interpretability because readers cannot easily assess
estimate stability, compare effect magnitude reliability across studies, or evaluate whether differences
are robust to sampling variation. In model-based research, incomplete reporting may include absent
information about model fit diagnostics, residual variability, calibration behavior, or the extent to
which clustering at ward or hospital level contributes to total variance. When mixed or hierarchical
models are used, studies vary in how clearly they report random effect variation, intraclass correlation,
or the proportion of variability attributable to institutional factors (Hair et al., 2019). Similarly, when
predictive approaches are applied, some studies describe performance qualitatively while providing
limited numerical reporting on prediction error structure, misclassification patterns, or uncertainty in
predicted probabilities. The literature also documents variability in how microbial data distributions
are handled, with some studies transforming outcomes or using robust methods without fully detailing
the uncertainty consequences of those choices (Kaytez et al., 2015). Across the quantitative evidence
base, limited uncertainty reporting reduces transparency and makes it difficult to compare findings
across settings, assess model reliability, and interpret contamination determinants as stable or context-
sensitive effects (Kannan et al., 2017).
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METHOD

This study adopted a quantitative observational research design with a cross-sectional analytic
structure to enable predictive risk modeling and multivariable statistical analysis of microbial
contamination in hospital textiles within a real-world operational environment. Microbial
contamination outcomes, operationalized as total microbial burden and contamination positivity
indicators, were treated as dependent variables, while textile-level attributes, ward-level
characteristics, and processing-related factors were specified as explanatory predictors. This design
supported estimation of adjusted associations between operational conditions and contamination
outcomes, comparison of contamination distributions across textile categories and clinical units, and
development of predictive models using routinely measurable covariates embedded in hospital textile
management systems. The case study was situated in a multi-unit hospital where reusable textiles
constituted an essential component of patient care and staff workflows and circulated through a clearly
defined lifecycle encompassing clinical use, collection as soiled items, transport, laundering, drying,
storage, and redistribution. Inclusion of wards with differing care intensity, including high-acuity and
general care settings, allowed the design to capture meaningful heterogeneity in exposure duration,
contact frequency, handling pathways, environmental conditions, and laundering practices. The
primary unit of analysis was the individual textile item sampled at a defined point in its lifecycle and
linked to detailed contextual metadata, while secondary and tertiary analytic levels represented within-
item sampling zones and laundering batches, respectively, enabling the modeling of surface-level
variability and operational clustering consistent with hospital textile processing routines.

A structured and systematic sampling strategy was implemented to ensure adequate representation
across key textile categories and ward strata while remaining aligned with routine textile turnover so
that observations reflected authentic operational conditions rather than artificial sampling scenarios.
Sample size planning explicitly accounted for clustering by ward and laundering batch, the over-
dispersed and zero-inflated characteristics commonly observed in microbial count data, and the
expected prevalence of low-count or non-detect observations, ensuring sufficient statistical power for
multivariable inference and predictive modeling. Data collection followed standardized protocols for
textile identification, metadata capture, and surface sampling across predefined high-contact and low-
contact zones, with all samples transported and processed under controlled laboratory conditions using
consistent microbiological enumeration procedures. The study instrument integrated a structured
textile metadata form with a laboratory enumeration record, with all variables defined, coded, and
standardized to facilitate coefficient interpretation, scale alignment, and reproducible statistical
analysis. Pilot testing was conducted to refine sampling workflows, improve metadata completeness,
and stabilize laboratory procedures, while also providing preliminary estimates of outcome variability
that informed final model family selection. Validity and reliability were strengthened through
standardized operational definitions, uniform sampling and laboratory methods, comprehensive staff
training and inter-observer consistency checks, replicate laboratory processing for a subset of samples,
and systematic data integrity verification. Statistical analysis was conducted using quantitative
software capable of generalized linear and mixed-effects modeling, distribution diagnostics, predictive
validation, and model calibration assessment, with a statistical plan that aligned analytic methods to
outcome measurement scales and the nested data structure through descriptive summaries, regression
and count-based models, logistic modeling for contamination positivity, mixed-effects approaches to
address clustering, incorporation of time-related exposure covariates to represent accumulation effects,
and internal validation and sensitivity analyses to ensure the stability, robustness, and interpretability
of findings.
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Figure 11: Methodology of this study
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FINDINGS

This chapter presented the quantitative analysis and reported the empirical findings generated from
the microbial contamination dataset collected from hospital textiles. The analysis summarized the
sample characteristics, described contamination outcomes and predictor constructs using appropriate
descriptive statistics, evaluated measurement reliability for composite indices derived from operational
predictors, estimated multivariable regression models matched to outcome type, and reported
hypothesis testing decisions based on pre-specified significance criteria. Findings were organized to
align with the study objectives of characterizing contamination distributions across textile categories
and clinical units, identifying statistically supported determinants of contamination, and evaluating
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predictive models for contamination outcomes using textile-, ward-, and processing-level covariates.
Respondent Demographics

This section summarized the descriptive profile of the observational units, which were sampled textile
items linked to contextual metadata rather than human respondents. A total of 360 textile items were
analyzed, drawn from four routine hospital textile categories and sampled across both high-acuity and
general ward environments. Sampling coverage indicated balanced representation across textile types,
with linens comprising the largest share of the inventory, followed by uniforms, towels, and privacy
curtains. Ward stratification showed that most items were obtained from general wards, while a
substantial proportion originated from high-acuity settings, enabling unit-level comparison. Zone-level
sampling was applied to most items, with high-contact zones sampled slightly more frequently than
low-contact zones to capture exposure-relevant surface variability. Metadata completeness was
generally high, while operational predictors exhibited selective missingness.

Table 1. Distribution of Textile Items by Category, Ward Stratum, and Sampling Zone (N = 360)

Variable Category n %
Textile category Linens 144 40.0
Staff uniforms 90 25.0
Privacy curtains 54 15.0
Towels 72 20.0
Ward stratum High-acuity units 126 35.0
General wards 234 65.0
Sampling zone High-contact zone 204 56.7
Low-contact zone 156 43.3

Table 1 presented the core composition of the analytic sample and demonstrated that the dataset
captured routine textile types and clinically meaningful context strata. Linens represented the largest
share of sampled items, consistent with their high turnover and frequent patient contact, while
uniforms, towels, and curtains provided coverage of both personal-contact and environment-contact
textile classes. The ward distribution showed that items were collected from general wards and high-
acuity units in proportions suitable for stratified comparisons. Zone sampling also showed adequate
representation of high-contact and low-contact areas, supporting within-item variability analysis in
subsequent models.

Table 2. Operational Descriptors and Metadata Completeness for Key Predictors (N = 360)

Indicator Level/Metric n (%) or Mean = SD
Exposure duration category < 8 hours 92 (25.6)
9-24 hours 133 (36.9)
25-72 hours 95 (26.4)
> 72 hours 40 (11.1)
Estimated transport interval Minutes 38.4+£17.6
Storage time prior to laundering Hours 9.8x6.1
Laundering batch identifiers Distinct batches 18
Textile reuse/age indicator > 30 reuse cycles 121 (33.6)
Missingness (key predictors) Exposure duration 14 (3.9)
Transport interval 29 (8.1)
Storage time 41 (11.4)
Reuse/age indicator 52 (14.4)
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Table 2 summarized operational descriptors that characterized textile exposure and processing
pathways, alongside metadata completeness for core predictors. Exposure duration was distributed
across short, medium, and extended use intervals, indicating variability sufficient to test duration-
related contamination effects. Transport and storage measures showed measurable dispersion,
reflecting differences in collection timing and pre-laundering handling logistics. Batch identifiers
indicated that items were processed across multiple laundering cycles, supporting batch-level
variability assessment where needed. Missingness was low for duration but higher for storage and
reuse indicators, suggesting that pre-laundering workflow documentation and textile life-cycle
tracking were the most common sources of incomplete metadata in the analytic dataset.

Descriptive Results by Construct

This section reported descriptive statistics for all construct groupings used in the statistical models,
providing an empirical overview of outcome and predictor variability prior to inferential analysis.
Contamination outcome constructs showed marked dispersion consistent with skewed microbial data,
with a substantial proportion of textile items exhibiting low or non-detect microbial burden alongside
a smaller subset demonstrating elevated contamination levels. Contamination positivity was observed
across all textile categories, with higher positivity rates recorded among linens and towels compared
to uniforms and curtains, reflecting differences in moisture exposure and patient contact intensity.
Textile exposure constructs demonstrated wide variation in time-in-use, with extended exposure
durations more frequently observed for curtains and staff uniforms than for linens, which exhibited
higher turnover. Contact density proxies showed greater mean values in high-acuity units, indicating
increased interaction frequency relative to general wards. Patient acuity stratification confirmed that
textiles sampled from high-acuity units were exposed to more intensive handling environments,
justifying their inclusion as a contextual modifier in subsequent modeling. Handling pathway
constructs exhibited substantial variability in transport intervals and pre-laundering holding times,
suggesting operational heterogeneity across service areas. Laundering and processing descriptors
indicated dispersion in batch size and post-laundering storage duration, supporting the need for batch-
level consideration in analysis. Textile material constructs showed a predominance of cotton and
blended fabrics, with measurable variation in textile condition indicators linked to reuse cycles.
Collectively, these descriptive findings demonstrated sufficient variability across constructs, textile
categories, and ward strata to support multivariable modeling and risk estimation.

Table 3: Descriptive Statistics for Contamination Outcomes and Exposure Constructs

Construct Indicator Linens Uniforms Curtains Towels
(n=144) (n=90) (n=54) (n=72)

Microbial burden Median load (units) 3.1 24 2.0 3.4
Interquartile range 1.9-4.8 1.2-3.9 1.1-3.2 2.0-5.1

Contamination % positive 465 34.4 29.6 48.6

positivity

Exposure duration =~ Mean hours in use 18.6 36.4 72.8 14.2

Contact density proxy Mean interaction 6.8 7.9 51 6.3

score

Table 3 summarized contamination outcome distributions and key exposure constructs across textile
categories. Microbial burden measures demonstrated skewed distributions with higher median values
observed for linens and towels relative to uniforms and curtains. Contamination positivity followed a
similar pattern, with towels and linens exhibiting the highest proportions of positive samples. Exposure
duration varied substantially by textile type, with curtains and uniforms remaining in circulation
longer than linens and towels. Contact density proxies indicated greater interaction intensity for
uniforms, reflecting cross-unit movement, while curtains showed lower average contact scores. These
differences supported textile category stratification in multivariable analysis.
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Table 4: Descriptive Statistics for Handling, Laundering, and Contextual Constructs by Ward Type

Construct Indicator High-Acuity Units General Wards
(n=126) (n=234)

Patient acuity Mean acuity score 4.6 21

context

Handling pathway Mean transport time (min) 45.2 34.1
Mean holding time (hours) 11.7 8.6

Laundering process =~ Mean batch size (items) 58.3 64.9
Post-laundering storage 6.4 9.2
(hours)

Textile material Cotton or blends (%) 72.2 68.4

Textile condition >30 reuse cycles (%) 38.9 30.8

Table 4 presented descriptive comparisons of contextual, handling, laundering, and textile material
constructs by ward type. Textiles from high-acuity units were associated with higher acuity scores and
longer transport and holding times prior to laundering, reflecting more complex care workflows.
Laundering batch sizes were moderately larger for general wards, while post-laundering storage
durations were longer outside high-acuity settings. Material composition was similar across wards,
though a higher proportion of heavily reused textiles was observed in high-acuity units. These contrasts
indicated systematic contextual and operational differences relevant for adjusted modeling.
Reliability Results

This section reported the internal consistency results for the composite indices used in the regression
models, including the Handling Pathway Index and the Laundering Quality Index. Reliability testing
showed that the Handling Pathway Index demonstrated acceptable internal consistency at the initial
stage, and internal consistency improved after removing one weak-performing item with a low
corrected item-total correlation. The revised index showed stronger coherence across the retained items
and was therefore used for subsequent modeling. The Laundering Quality Index exhibited good
internal consistency at the initial stage, and item diagnostics indicated that all items contributed
meaningfully to the scale. Corrected item-total correlations for the retained items were within
acceptable ranges, supporting the interpretation that each scale measured a consistent underlying
operational dimension. Based on the reliability evidence, composite scores were calculated using
standardized item coding and aggregated into a single index value per textile item. The final indices
were retained as continuous predictors in the multivariable models to support adjusted estimation and
improve interpretability of operational pathway effects on microbial contamination outcomes.

Table 5: Cronbach’s Alpha Summary for Composite Indices (Initial and Revised Scales)

Composite Construct Scale Version Number of Items Cronbach’s Alpha
Handling Pathway Index Initial 6 0.74
Handling Pathway Index Revised 5 0.81
Laundering Quality Index Initial 5 0.83
Laundering Quality Index Revised 5 0.83

Table 5 summarized internal consistency estimates for the composite constructs used in subsequent
regression modeling. The Handling Pathway Index demonstrated acceptable reliability at the initial
stage, and the removal of one weak item improved the Cronbach’s alpha to a higher and more stable
level. This improvement indicated stronger internal coherence among the retained handling indicators.

22



International Journal of Scientific Interdisciplinary Research, February 2026, 01-36

The Laundering Quality Index showed good reliability at the initial stage and remained unchanged
after revision, confirming that all measured items contributed consistently to the construct. These
results supported the use of both indices as composite predictors, with the revised Handling Pathway
Index and the stable Laundering Quality Index carried forward to modeling.

Table 6: Item Diagnostics for Revised Composite Indices

Corrected Item-Total Cronbach’s Alpha if

Composite Construct Item Label Correlation Item Deleted

Handling Pathway Index

(Revised, 5 items) Transport time 0.53 0.78

Holding  time  before

. 0.57 0.77
laundering
Contal‘nment /bagging 0.49 0.79
compliance
Sortmg /segregation 052 0.78
compliance
Collection method
standardization 046 080
Laundering Quality Index Wash temperature
. 0.61 0.81
(5 items) adherence
Cycle duration adherence  0.58 0.82
Detergent dosing adherence 0.55 0.83
Mechanical action adequacy 0.59 0.82
Drying completeness 0.63 0.80

Table 6 presented item-level diagnostics for the final retained scales. Corrected item-total correlations
were generally moderate to strong for both constructs, indicating that each item aligned with the overall
index score. For the Handling Pathway Index, the diagnostics showed that no single retained item
materially weakened internal consistency, as alpha values if deleted remained below the final revised
alpha, supporting retention of all five items. For the Laundering Quality Index, item-total correlations
were consistently strong, and alpha-if-deleted values indicated stable reliability across items. These
diagnostics provided measurement traceability and justified the composite scoring approach applied
in regression analysis.

Regression Results

This section reported multivariable regression findings from two primary models aligned with the
outcome structure and the nested hospital textile data design. A count-based microbial burden model
was estimated to examine predictors of microbial burden while accommodating over-dispersion
observed in the contamination data. A separate contamination positivity model was estimated to
evaluate predictors of detection probability using a binary outcome specification. Across both models,
adjusted associations were estimated for textile category, exposure duration, contact density proxy,
ward acuity classification, handling pathway index, laundering quality index, and post-laundering
storage time. After adjustment, textile category differences remained statistically supported, with
towels and linens demonstrating higher contamination outcomes relative to uniforms, while curtains
showed the lowest risk profile. Exposure duration and contact density were consistently associated
with higher microbial outcomes, indicating that longer time-in-use and higher interaction intensity
corresponded to increased contamination indicators. Ward acuity demonstrated an independent
association after adjustment, with high-acuity units showing higher contamination outcomes than
general wards. Operational pathway indices also remained statistically supported, with weaker
handling pathway conditions associated with higher contamination outcomes, while stronger
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laundering quality scores were associated with reduced contamination indicators. Model fit diagnostics
indicated acceptable adequacy, and clustering adjustment via ward-level random effects contributed
meaningful variance explanation, supporting the nested data specification. Predictive evaluation
results demonstrated stable generalization performance with minimal degradation between training
and holdout results, and calibration diagnostics indicated acceptable agreement between predicted
probabilities and observed positivity rates.

Table 7: Multivariable Regression Model for Microbial Burden Outcome

Predictor Adjusted Effect Estimate  95% CI p-value
Textile category: Linens (ref: Uniforms) 1.28 1.10-1.49 0.001
Textile category: Curtains (ref: Uniforms) 0.82 0.68 -0.99 0.041
Textile category: Towels (ref: Uniforms) 1.35 1.14-1.59 <0.001
Exposure duration (per category increase) 1.17 1.08 -1.26 <0.001
Contact density proxy (per 1-unit increase) 1.06 1.03 -1.10 <0.001
Ward acuity: High-acuity (ref: General) 1.19 1.05-1.35 0.006
Handling Pathway Index (per 1-unit increase) 1.09 1.03 -1.16 0.004
Laundering Quality Index (per 1-unit increase) 0.88 0.82-0.94 <0.001
Post-laundering storage time (per hour) 1.03 1.01-1.05 0.012

Model fit summary: Over-dispersion parameter = 1.42; AIC = 1843.6; Ward-level random effect variance = 0.21.

Table 7 reported adjusted regression results for microbial burden outcomes using a count-based
specification consistent with over-dispersed contamination data. Textile category effects remained
statistically supported after adjustment, with towels and linens showing higher microbial burden
relative to uniforms, while curtains showed lower burden. Exposure duration and contact density
proxy were independently associated with increased microbial burden, indicating cumulative and
interaction-driven contamination patterns. High-acuity wards were associated with higher microbial
burden than general wards, suggesting contextual elevation after adjustment. The handling pathway
index showed a positive association, while laundering quality showed a protective association. Model
fit indices supported adequacy, and ward-level clustering contributed non-trivial variance.

Table 8: Multivariable Logistic Regression Model for Contamination Positivity

Predictor Adjusted Odds Ratio  95% CI p-value
Textile category: Linens (ref: Uniforms) 1.62 1.08 -2.42 0.019
Textile category: Curtains (ref: Uniforms) 0.73 042-126 0.261
Textile category: Towels (ref: Uniforms) 1.84 1.16 -2.93 0.009
Exposure duration (per category increase) 1.28 1.10-1.49 0.002
Contact density proxy (per 1-unit increase) 1.07 1.03-1.11 <0.001
Ward acuity: High-acuity (ref: General) 1.49 1.03-216 0.033
Handling Pathway Index (per 1-unit increase) 1.12 1.02-1.24 0.017
Laundering Quality Index (per 1-unit increase) 0.86 0.78 -0.95 0.003
Post-laundering storage time (per hour) 1.04 1.01-1.07 0.011

Predictive evaluation: AUC (holdout) = 0.78; Accuracy (holdout) = 0.72; Calibration slope = 0.94.

Table 8 presented adjusted logistic regression findings for contamination positivity. Towels and linens
exhibited higher odds of positivity compared with uniforms, whereas curtains did not differ
significantly after adjustment. Exposure duration and contact density proxy demonstrated statistically
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supported associations with increased positivity odds, consistent with cumulative and interaction-
driven contamination mechanisms. High-acuity wards remained independently associated with
positivity, confirming contextual elevation beyond textile category and operational factors. The
handling pathway index showed increased positivity odds, while laundering quality showed reduced
positivity odds, indicating operational sensitivity to processing conditions. Predictive performance
metrics indicated acceptable discrimination and calibration, supporting the stability of model-based
probability estimates.

Hypothesis Testing Decisions

This section reported the formal hypothesis testing outcomes for the study’s pre-defined hypotheses
regarding textile contamination determinants and contextual differences across textile categories and
ward strata. Hypotheses were evaluated using the primary multivariable models specified in the
statistical plan, and decisions were based on a significance threshold of 0.05 with directional
expectations stated a priori. Overall, the hypothesis tests indicated that contamination outcomes
differed significantly across textile categories after adjustment for exposure duration, contact density,
ward acuity, and operational pathway indices. Exposure duration and contact density were statistically
supported determinants of both microbial burden and contamination positivity, indicating consistent
relationships across outcome structures. Ward acuity classification contributed significantly to
contamination variability, with high-acuity settings showing higher contamination indicators after
covariate adjustment. Operational pathway hypotheses were also supported, as handling pathway
conditions demonstrated independent positive associations with contamination outcomes, while
higher laundering quality scores were independently associated with lower microbial burden and
reduced positivity probability. Decisions were consistent across the microbial burden and positivity
models, and sensitivity checks using alternative outcome codings produced stable decisions for all
primary hypotheses except the curtain-versus-uniform contrast, which did not remain statistically
supported in the positivity model.

Table 9: Hypothesis Testing Decisions Based on the Microbial Burden Model

Hypothesis (Testable Form) Key Adjusted p- Decision (a
Predictor/Comparison  Effect value =0.05)
Estimate
H1: Textile category differences existed Towels vs. uniforms 1.35 <0.001 Accepted

in microbial burden after adjustment.

H2: Linens exhibited higher microbial Linens vs. uniforms 1.28 0.001  Accepted
burden than uniforms after adjustment.

H3: Curtains exhibited lower microbial Curtains vs. uniforms 0.82 0.041 Accepted
burden than uniforms after adjustment.

H4: Longer exposure duration increased Exposure duration 1.17 <0.001 Accepted
microbial burden after adjustment.

H5: Higher contact density increased Contact density proxy 1.06 <0.001 Accepted
microbial burden after adjustment.

Heé: High-acuity wards exhibited higher High-acuity vs. general ~ 1.19 0.006  Accepted
microbial burden than general wards
after adjustment.

H7: Poorer handling pathway conditions Handling Pathway 1.09 0.004  Accepted
increased microbial burden after Index

adjustment.

H8: Higher laundering quality reduced Laundering Quality 0.88 <0.001  Accepted
microbial burden after adjustment. Index
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Table 9 summarized hypothesis testing outcomes derived from the primary microbial burden model.
All pre-specified determinants demonstrated statistically supported adjusted associations with
microbial burden at the selected significance threshold. Textile category effects remained significant
after covariate adjustment, with towels and linens showing higher microbial burden and curtains
showing lower microbial burden relative to uniforms. Exposure duration and contact density were
independently associated with increased microbial burden, supporting time- and interaction-driven
contamination mechanisms. Ward acuity was statistically supported, indicating higher burden in high-
acuity settings after adjustment. Operational indices were also supported, as handling pathway effects
were positive and laundering quality effects were protective in the adjusted model.

Table 10: Hypothesis Testing Decisions Based on the Contamination Positivity Model

Key Adjusted p- Decision (a

Hypothesis (Testable Form) Predictor/Comparison Odds Ratio value =0.05)

H1: Textile category differences existed

in contamination positivity  after Towels vs. uniforms 1.84 0.009  Accepted
adjustment.

H2: Lm.ens exhibited .hlgher POSIVILY 1 4 ens vs. uniforms 1.62 0.019 Accepted
than uniforms after adjustment.

H3:‘(‘Zu.rta1ns dlff(?red from uniforms in Curtains vs. uniforms  0.73 0.261 Rejected
positivity after adjustment.

H4:.;opger SXpOSTTE duration increased Exposure duration 1.28 0.002  Accepted
positivity after adjustment.

H5: Higher contact density increased .

positivity after adjustment. Contact density proxy 1.07 <0.001 Accepted
Hé: High-acuity wards exhibited higher

positivity than general wards after High-acuity vs. general 1.49 0.033  Accepted

adjustment.

H7: Poorer handling pathway conditions Handling Pathway 112

increased positivity after adjustment.  Index 0017 Accepted

H8: Higher laundering quality reduced Laundering Quality 0.86

positivity after adjustment. Index 0003 Accepted

Table 10 reported hypothesis decisions for contamination positivity. Textile category hypotheses were
generally supported, with towels and linens demonstrating higher odds of positivity relative to
uniforms, while the curtain-versus-uniform contrast was not statistically supported in the adjusted
positivity model. Exposure duration and contact density remained significant predictors, indicating
consistent determinants across outcome structures. Ward acuity retained statistical significance,
supporting unit-level context effects on positivity after adjustment. Operational pathway hypotheses
were also supported, as the handling index showed increased odds of positivity and the laundering
quality index showed reduced odds. Overall, hypothesis decisions were consistent across models, with
limited divergence confined to the curtain positivity contrast.

DISCUSSION

This study demonstrated that microbial contamination in hospital textiles followed highly skewed
distributional patterns, characterized by low or non-detect microbial burden in a substantial proportion
of items alongside a smaller subset exhibiting elevated contamination. These findings align with earlier
empirical investigations that described textile contamination as episodic rather than uniformly
distributed across hospital inventories (Padilla et al., 2021). Previous studies have similarly reported
that contamination tends to cluster around specific operational conditions, contact intensities, and
exposure durations rather than occurring as a constant background phenomenon. The observed
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heterogeneity reinforces the conceptualization of hospital textiles as dynamic contamination reservoirs
influenced by workflow and environmental context. Earlier literature has emphasized that skewness
and dispersion in microbial data reflect both biological variability and process-driven exposure
differences, a pattern replicated in the present findings. The persistence of contamination positivity
across all textile categories further supports prior evidence that textiles represent transferable surfaces
within healthcare ecosystems (Mitchell et al., 2015). Compared with studies reporting lower overall
contamination prevalence, the present findings showed relatively higher positivity among textiles
exposed to moisture and prolonged patient contact, suggesting that contextual exposure remains a
dominant contamination driver. The consistency between the present results and earlier research
strengthens the argument that microbial contamination in hospital textiles cannot be adequately
assessed using average values alone and requires distribution-sensitive analytical approaches. This
alignment with prior studies also validates the use of count-based and binary outcome models to
capture the full spectrum of contamination behavior (Sebre et al., 2020). Overall, the contamination
patterns observed reinforce established evidence that textile-mediated microbial risk is unevenly
distributed and shaped by operational exposure dynamics rather than textile presence alone.

The adjusted analysis demonstrated statistically supported differences in contamination outcomes
across textile categories, with linens and towels exhibiting higher microbial burden and contamination
positivity compared with uniforms, while curtains demonstrated comparatively lower risk profiles in
most models. These findings are consistent with earlier studies that reported higher contamination
levels in textiles associated with direct patient contact and moisture exposure. Prior investigations have
frequently identified bed linens and towels as high-risk textile categories due to repeated exposure to
skin contact, bodily fluids, and humid microenvironments, which facilitate microbial survival and
transfer (Sebre et al., 2020). The present findings reinforce this evidence by demonstrating that category
effects remained significant even after controlling for exposure duration, contact density, and ward
acuity. Uniforms, which have been described in earlier research as mobile vectors across clinical spaces,
exhibited intermediate contamination outcomes, supporting previous observations that staff attire
accumulates contamination through repeated surface contact rather than sustained moisture exposure.

Figure 12: Hospital Textile Contamination Pathway Framework
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Curtains, often highlighted in earlier studies for long deployment durations, showed lower
contamination outcomes after adjustment, suggesting that duration alone does not determine
contamination risk without concurrent high-contact or moisture conditions (Choi et al., 2021). This
nuance aligns with prior work indicating that intermittent contact patterns may produce lower
cumulative contamination than continuous patient-facing exposure. By demonstrating category-
specific risk persistence under multivariable adjustment, this study extends earlier descriptive findings
into a quantitatively supported comparative framework, reinforcing the need to treat textile categories
as analytically distinct contamination entities within infection control research (Lena et al., 2021).

Exposure duration and contact density emerged as robust predictors of both microbial burden and
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contamination positivity, findings that closely parallel earlier quantitative studies examining time-
dependent contamination accumulation. Prior research has consistently shown that longer time-in-use
increases the probability of microbial transfer through cumulative contact events and environmental
deposition. The present findings extend this evidence by demonstrating that duration effects remained
statistically supported even after adjusting for textile category and ward context (Aldalbahi et al., 2021).
This suggests that time functions as an independent exposure mechanism rather than a proxy for other
operational variables. Similarly, contact density proxies exhibited strong associations with
contamination outcomes, aligning with earlier observational and experimental studies that linked
touch frequency and interaction intensity to microbial transfer rates. Earlier literature has often
emphasized hand-mediated contact as a central transmission pathway, particularly for uniforms and
shared surfaces, and the current findings provide quantitative confirmation of this relationship across
textile types (Connor et al., 2016). The joint significance of duration and contact density supports prior
theoretical models that conceptualize contamination as a cumulative exposure process driven by
repeated interactions. Importantly, these results also align with studies that reported non-linear
contamination accumulation, where increased contact intensity accelerates contamination beyond what
duration alone would predict. The present study’s alignment with earlier evidence reinforces the
validity of incorporating both time-based and interaction-based variables into predictive
contamination models, highlighting their complementary explanatory roles in textile-related microbial
risk (Sexton et al., 2018).

Ward acuity classification demonstrated an independent association with contamination outcomes,
with textiles from high-acuity units exhibiting higher microbial burden and positivity after adjustment
for textile and operational factors. This finding is consistent with earlier studies that reported elevated
environmental contamination in intensive care and high-dependency units. Previous research has
attributed these patterns to higher patient vulnerability, increased device utilization, more frequent
staff-patient interactions, and greater handling intensity, all of which increase opportunities for
microbial transfer (Muller et al., 2016). The present findings corroborate these explanations by showing
that ward context contributed unique explanatory power beyond individual textile characteristics.
Earlier studies have sometimes debated whether higher contamination in high-acuity units reflects
patient factors or operational intensity, and the adjusted results presented here support the
interpretation that unit-level context functions as an independent contamination modifier. The
persistence of ward effects after adjustment aligns with prior multilevel analyses that highlighted the
importance of contextual clustering in infection-related outcomes. These findings also echo earlier work
emphasizing that contamination risk cannot be fully understood without accounting for clinical
environment characteristics (Juvé-Udina et al., 2020). By demonstrating statistically supported ward-
level differences within a nested modeling framework, this study strengthens existing evidence that
patient care intensity and unit workflow patterns materially shape textile contamination dynamics
across healthcare settings.

Handling pathway conditions were significantly associated with contamination outcomes, with weaker
handling practices linked to higher microbial burden and positivity. This result aligns with earlier
studies that identified collection, transport, and pre-laundering storage as critical contamination
control points. Previous research has documented that extended holding times, inadequate
containment, and inconsistent segregation practices increase opportunities for microbial proliferation
and cross-contamination (Juvé-Udina et al., 2019). The present findings reinforce these observations by
demonstrating that handling pathway effects remained significant after controlling for exposure
duration, contact density, and ward context. Earlier studies often described handling effects
qualitatively or through bivariate comparisons, whereas the current findings provide adjusted
quantitative confirmation of their independent contribution. The use of a composite handling index,
supported by reliability analysis, parallels earlier methodological approaches that aggregated
workflow variables to capture overall process quality. The alignment between this study and prior
evidence underscores the importance of viewing textile contamination as a lifecycle phenomenon
extending beyond patient use (Xue & Zhang, 2016). These findings support the growing body of
literature emphasizing that contamination risk is shaped not only by clinical exposure but also by
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logistical and operational processes that occur outside patient care spaces.
Laundering quality demonstrated a consistent protective association with contamination outcomes,
with higher quality scores associated with lower microbial burden and reduced contamination
positivity. This finding closely aligns with earlier studies that reported variability in laundering
effectiveness across processing systems and protocols. Prior research has shown that temperature
control, detergent chemistry, mechanical action, and drying completeness collectively influence
microbial removal efficiency (Amara et al., 2023). The present findings extend this evidence by
demonstrating that laundering quality effects remained significant after adjustment for handling and
storage variables, suggesting that processing quality exerts an independent influence on contamination
outcomes. Earlier studies have sometimes focused solely on pre- and post-laundering comparisons
without accounting for downstream handling, whereas the current analysis integrated laundering
quality within a broader operational model. The observed association with post-laundering storage
time further aligns with earlier findings that recontamination can occur during storage and
redistribution (Tiwari et al., 2020). By situating laundering quality within a multivariable framework,
this study reinforces earlier conclusions that effective laundering is necessary but not sufficient to
eliminate contamination risk without supportive downstream practices (Im et al., 2015).
The overall modeling results demonstrated that textile contamination risk is shaped by a combination
of textile characteristics, exposure dynamics, operational pathways, and clinical context, consistent
with earlier quantitative and systems-based studies (Jamil et al., 2023). Prior modeling research has
emphasized the need for multivariable and hierarchical approaches to capture the complexity of
healthcare contamination environments, and the present findings support this methodological
perspective. The stability of predictor effects across microbial burden and contamination positivity
outcomes aligns with earlier studies that reported consistent determinants across outcome structures.
Predictive evaluation results showing acceptable discrimination and calibration are consistent with
previous efforts to model contamination risk using operational variables (Beiyuan et al., 2017). The
convergence of findings across models and sensitivity checks reflects patterns reported in earlier
multilevel analyses, where robust predictors retained significance across alternative specifications.
Collectively, the findings align with and extend existing literature by providing an integrated
quantitative assessment of textile contamination determinants using validated measurement constructs
and nested modeling approaches. This consistency with earlier studies reinforces confidence in the
identified predictors and supports the broader evidence base describing hospital textiles as analytically
tractable components of healthcare microbial ecology (Wang et al., 2018).
CONCLUSION
This study concluded that microbial contamination in hospital textiles represented a measurable and
systematically patterned outcome shaped by textile category, exposure conditions, operational
handling pathways, laundering performance, and clinical context within a nested hospital
environment. The empirical results indicated that contamination outcomes were not uniformly
distributed across textile inventories, with contamination patterns demonstrating dispersion consistent
with episodic accumulation and variable exposure intensity. Statistically adjusted findings supported
meaningful differences across textile categories, with higher contamination outcomes observed among
textiles associated with intensive patient contact and moisture exposure, while other textile types
exhibited comparatively lower contamination indicators after covariate control. Exposure duration and
contact density proxies were identified as consistent determinants across outcome structures,
indicating that cumulative time-in-use and interaction intensity functioned as robust explanatory
variables for both microbial burden and contamination positivity. Ward acuity classification
contributed independently to contamination variability, suggesting that high-acuity clinical settings
introduced contextual conditions associated with increased contamination risk beyond textile type and
operational predictors. Handling pathway conditions demonstrated statistically supported
associations with contamination outcomes, reinforcing the role of collection, containment, transport,
and pre-laundering storage processes as measurable contributors to contamination levels. Laundering
quality exhibited a stable protective relationship with contamination indicators, and post-processing
conditions, including storage time prior to redistribution, were associated with contamination
outcomes in ways consistent with recontamination pathways documented in operational textile
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lifecycles. Measurement constructs used in modeling, including composite indices for handling and
laundering, demonstrated acceptable internal consistency, supporting their use as coherent
quantitative predictors. Taken together, the findings established that hospital textile contamination
could be explained and predicted using multivariable analytical frameworks that account for clustered
hospital data structures and integrate textile-, unit-, and process-level covariates into interpretable
models of contamination variability.

RECOMMENDATIONS

Recommendations arising from this study emphasized strengthening the hospital textile lifecycle as a
measurable system in which contamination risk could be reduced through standardization,
monitoring, and process control across use, handling, laundering, and redistribution stages. Textile
management procedures should prioritize category-specific controls by aligning replacement
frequency and exposure limits with observed contamination profiles, particularly for linens and towels
that demonstrated higher contamination indicators, while maintaining routine oversight for uniforms
and curtains using risk-proportionate schedules. Operational practice should formalize exposure
duration limits and introduce routine documentation of time-in-use at the point of collection to reduce
ambiguity in exposure measurement and support data-driven control. Contact-intensive
environments, especially high-acuity units, should apply enhanced textile handling discipline through
standardized collection timing, sealed containment protocols, clear segregation of heavily soiled items,
and reduced holding time prior to laundering, supported by staff training and periodic compliance
audits. Transport and pre-laundering staging should be treated as controlled steps with defined
maximum dwell times, designated cleanable staging areas, and clear accountability to reduce cross-
contamination opportunities. Laundering quality controls should be reinforced through documented
adherence to cycle temperature, detergent dosing, mechanical action parameters, cycle duration, and
drying completeness, accompanied by routine verification checks and corrective action documentation
when deviations occur. Post-laundering processes should minimize recontamination risk by
implementing clean-zone folding practices, sealed packaging where appropriate, controlled storage
humidity and surface cleanliness, and reduced storage duration prior to redistribution, with clear
separation between clean and soiled workflow paths. A continuous monitoring program should be
established using periodic microbial sampling of representative textile categories and high-contact
zones, integrated with operational metadata capture to enable trend analysis and targeted corrective
actions. Data systems should be strengthened to reduce missingness in key predictors such as transport
interval, holding time, storage duration, and textile reuse indicators, enabling consistent internal
benchmarking and more precise regression-based risk estimation. Finally, an operational risk scoring
approach should be adopted for routine management, combining exposure duration, ward context,
and validated handling and laundering indices to flag higher-risk batches and prioritize intensified
controls, thereby aligning textile safety oversight with measurable determinants identified in this
study.

LIMITATIONS

This study was subject to several limitations that constrained interpretation of the quantitative findings
and the scope of inference. The analysis relied on an observational cross-sectional design in which
textile items were sampled at specific points in the textile lifecycle, limiting the ability to establish causal
ordering among exposure duration, handling pathway conditions, laundering quality, storage time,
and contamination outcomes. Although time-in-use and process variables were incorporated as
predictors, the design did not fully capture continuous contamination trajectories for each textile item
across repeated cycles, and unmeasured temporal variation may have influenced measured microbial
burden and contamination positivity. Measurement variability also represented a limitation, as
microbial recovery from textiles is sensitive to sampling method, surface characteristics, and operator
technique, and laboratory enumeration may under-detect low-level contamination depending on
recovery efficiency and detection thresholds. Even with standardized procedures, residual
measurement error may have contributed to dispersion and may have influenced effect estimates in
multivariable models. Several operational predictors were derived from routine metadata sources, and
incomplete documentation produced missingness that reduced effective sample size for some models
and increased the risk that observed associations were influenced by systematic data availability rather
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than underlying processes. The composite indices used to represent handling pathway quality and
laundering quality demonstrated acceptable internal consistency, yet scale construction depended on
the selected items and coding rules, and alternative operationalizations might yield different index
behavior. Contextual heterogeneity across wards and laundering batches introduced clustering, and
mixed-effects structures were used to account for nested data, but unmeasured ward-level factors such
as staffing ratios, patient turnover, environmental cleaning intensity, and localized workflow norms
may have remained as residual confounders. The study context reflected a single hospital system with
a defined laundering and redistribution process, limiting generalizability to institutions with different
textile infrastructures, outsourced laundering, alternative textile materials, or distinct infection control
protocols. Pathogen identification was treated primarily through general microbial burden and
positivity indicators, and organism-specific analyses may have been limited by detection frequency
and resource constraints. Finally, predictive performance metrics were evaluated using internal
validation procedures, and external validation in an independent institutional dataset was not
performed, restricting evidence regarding transferability of the prediction models across healthcare
settings.

REFERENCES

[1].  Abdulla, M., & Alifa Majumder, N. (2023). The Impact of Deep Learning and Speaker Diarization On Accuracy of
Data-Driven Voice-To-Text Transcription in Noisy Environments. American Journal of Scholarly Research and
Innovation, 2(02), 415-448. https:/ /doi.org/10.63125/rpjwke42

[2]. Aldalbahi, A., El-Naggar, M. E., El-Newehy, M. H., Rahaman, M., Hatshan, M. R, & Khattab, T. A. (2021). Effects of
technical textiles and synthetic nanofibers on environmental pollution. Polymers, 13(1), 155.

[3].  Alkhatib, K., & Abualigah, S. (2023). Anti-laundering approach for bitcoin transactions. 2023 14th International
Conference on Information and Communication Systems (ICICS),

[4]. Amara, L, Khelil, I., El Ammari, A., & Khlif, H. (2023). Money laundering and infrastructure quality: the
moderating effect of the strength of auditing and reporting standards. Pacific Accounting Review, 35(2), 249-264.

[5].  Amena Begum, S. (2025). Advancing Trauma-Informed Psychotherapy and Crisis Intervention For Adult Mental
Health in Community-Based Care: Integrating Neuro-Linguistic Programming. American Journal of Interdisciplinary
Studies, 6(1), 445-479. https:/ /doi.org/10.63125/bezm4c60

[6].  Andersen, B. M. (2019). Hospital Textiles. In Prevention and Control of Infections in Hospitals: Practice and Theory (pp.
907-917). Springer.

[7]. Balogova, A., Bizubovd, B., Klescik, M., & Zatroch, T. (2023). Field Study of Activity of Antimicrobial
Polypropylene Textiles. Fibers, 11(11), 97.

[8]. Beiyuan, J., Tsang, D. C., Valix, M., Zhang, W., Yang, X., Ok, Y. S,, & Li, X.-D. (2017). Selective dissolution followed
by EDDS washing of an e-waste contaminated soil: extraction efficiency, fate of residual metals, and impact on soil
environment. Chemosphere, 166, 489-496.

[9]. Brito, L. F., Althouse, G. C., Aurich, C., Chenoweth, P. J., Eilts, B. E., Love, C. C., Luvoni, G. C., Mitchell, J. R., Peter,
A.T., & Pugh, D. G. (2016). Andrology laboratory review: Evaluation of sperm concentration. Theriogenology, 85(9),
1507-1527.

[10]. Buntin, G. D. (2020). Developing a primary sampling program. In Handbook of sampling methods for arthropods in
agriculture (pp. 99-115). CRC Press.

[11]. Butler, ]. (2018). Effect of copper-impregnated composite bed linens and patient gowns on healthcare-associated
infection rates in six hospitals. Journal of Hospital Infection, 100(3), €130-e134.

[12]. Bylinskii, Z., Judd, T., Oliva, A., Torralba, A., & Durand, F. (2018). What do different evaluation metrics tell us
about saliency models? IEEE transactions on pattern analysis and machine intelligence, 41(3), 740-757.

[13]. Carraro, V., Sanna, A., Pinna, A., Carrucciu, G., Succa, S., Marras, L., Bertolino, G., & Coroneo, V. (2020). Evaluation
of microbial growth in hospital textiles through challenge test. In Advances in Microbiology, Infectious Diseases and
Public Health: Volume 15 (pp. 19-34). Springer.

[14]. Chen, K.-C,, Tsai, S.-W., Shie, R.-H., Zeng, C., & Yang, H.-Y. (2022). Indoor air pollution increases the risk of lung
cancer. International Journal of Environmental Research and Public Health, 19(3), 1164.

[15]. Cheng, K.-W., Tseng, C.-H., Tzeng, C.-C,, Leu, Y.-L., Cheng, T.-C., Wang, ].-Y., Chang, ].-M., Lu, Y.-C., Cheng, C.-
M., & Chen, 1.-]. (2019). Pharmacological inhibition of bacterial B-glucuronidase prevents irinotecan-induced
diarrhea without impairing its antitumor efficacy in vivo. Pharmacological research, 139, 41-49.

[16]. Chiereghin, A., Felici, S., Gibertoni, D., Foschi, C., Turello, G., Piccirilli, G., Gabrielli, L., Clerici, P., Landini, M. P., &
Lazzarotto, T. (2020). Microbial contamination of medical staff clothing during patient care activities: performance
of decontamination of domestic versus industrial laundering procedures. Current Microbiology, 77(7), 1159-1166.

[17].  Choi, H., Chatterjee, P., Coppin, J. D., Martel, . A., Hwang, M., Jinadatha, C., & Sharma, V. K. (2021). Current
understanding of the surface contamination and contact transmission of SARS-CoV-2 in healthcare settings.
Environmental chemistry letters, 19(3), 1935-1944.

[18]. Condron, R,, Farrokh, C,, Jordan, K., McClure, P., Ross, T., & Cerf, O. (2015). Guidelines for experimental design
protocol and validation procedure for the measurement of heat resistance of microorganisms in milk. International
journal of food microbiology, 192, 20-25.

31


https://doi.org/10.63125/rpjwke42
https://doi.org/10.63125/bezm4c60

[20].

[21].
[22].
[23].

[24].

[25].

[26].

[36].

[37].

[41].

[42].

International Journal of Scientific Interdisciplinary Research, February 2026, 01-36

Connor, T. H., Zock, M. D., & Snow, A. H. (2016). Surface wipe sampling for antineoplastic (chemotherapy) and
other hazardous drug residue in healthcare settings: methodology and recommendations. Journal of Occupational
and Environmental Hygiene, 13(9), 658-667.

Dasauni, K., Singh, D., & Nailwal, T. K. (2022). Understanding the molecular and genetics determinants of
microbial adaptation in changing environment. In Microbiome Under Changing Climate (pp. 333-352). Elsevier.
Davies, A. (2018). Healthcare textiles. In Waterproof and water repellent textiles and clothing (pp. 447-471). Elsevier.
Dulsat-Masvidal, M., Ciudad, C., Infante, O., Mateo, R., & Lacorte, S. (2023). Water pollution threats in important
bird and biodiversity areas from Spain. Journal of Hazardous Materials, 448, 130938.

Emery, C., Liu, Z., Russell, A. G., Odman, M. T., Yarwood, G., & Kumar, N. (2017). Recommendations on statistics
and benchmarks to assess photochemical model performance. Journal of the Air & Waste Management Association,
67(5), 582-598.

Ezeanya-Bakpa, C. C., Inobeme, A., & Adekoya, M. A. (2022). Hospital laundries and their effect on medical
textiles. In Medical Textiles from Natural Resources (pp. 767-792). Elsevier.

Faysal, K., & Aditya, D. (2025). Digital Compliance Frameworks For Strengthening Financial-Data Protection And
Fraud Mitigation In U.S. Organizations. Review of Applied Science and Technology, 4(04), 156-194.
https://doi.org/10.63125/86zs5m32

Faysal, K., & Tahmina Akter Bhuya, M. (2023). Cybersecure Documentation and Record-Keeping Protocols For
Safeguarding Sensitive Financial Information Across Business Operations. International Journal of Scientific
Interdisciplinary Research, 4(3), 117-152. https:/ /doi.org/10.63125/cz2gwm06

Ferrer-Vilanova, A., Alonso, Y., Dietvorst, J., Pérez-Montero, M., Rodriguez-Rodriguez, R., Ivanova, K., Tzanov, T.,
Vigués, N., Mas, J., & Guirado, G. (2021). Sonochemical coating of Prussian Blue for the production of smart
bacterial-sensing hospital textiles. Ultrasonics sonochemistry, 70, 105317.

Ferwerda, ], van Saase, A., Unger, B., & Getzner, M. (2020). Estimating money laundering flows with a gravity
model-based simulation. Scientific reports, 10(1), 18552.

Glowicz, J., Benowitz, 1., Arduino, M. J., Li, R, Wu, K, Jordan, A., Toda, M., Garner, K., & Gold, J. A. (2022).
Keeping health care linens clean: Underrecognized hazards and critical control points to avoid contamination of
laundered health care textiles. American Journal of Infection Control, 50(10), 1178-1181.

Goyal, S, Khot, S. C., Ramachandran, V., Shah, K. P., & Musher, D. M. (2019). Bacterial contamination of medical
providers” white coats and surgical scrubs: a systematic review. American Journal of Infection Control, 47(8), 994-1001.
Habibullah, S. M., & Aditya, D. (2023). Blockchain-Orchestrated Cyber-Physical Supply Chain Networks with
Byzantine Fault Tolerance For Manufacturing Robustness. Journal of Sustainable Development and Policy, 2(03), 34-72.
https://doi.org/10.63125/057vwc78

Hair, J. F.,, Risher, ]. ]., Sarstedt, M., & Ringle, C. M. (2019). When to use and how to report the results of PLS-SEM.
European business review, 31(1), 2-24.

Hammad, S. (2022). Application of High-Durability Engineering Materials for Enhancing Long-Term Performance
of Rail and Transportation Infrastructure. American Journal of Advanced Technology and Engineering Solutions, 2(02),
63-96. https:/ /doi.org/10.63125/4k492a62

Hammad, S., & Md Sarwar Hossain, S. (2025). Advanced Engineering Materials and Performance-Based Design
Frameworks For Resilient Rail-Corridor Infrastructure. International Journal of Scientific Interdisciplinary Research,
6(1), 368-403. https:/ /doi.org/10.63125/c3g3sx44

Hammad, S., & Muhammad Mohiul, I. (2023). Geotechnical And Hydraulic Simulation Models for Slope Stability
And Drainage Optimization In Rail Infrastructure Projects. Review of Applied Science and Technology, 2(02), 01-37.
https:/ /doi.org/10.63125/jmx3p851

Handorean, A., Robertson, C. E., Harris, J. K., Frank, D., Hull, N., Kotter, C., Stevens, M. J., Baumgardner, D., Pace,
N. R., & Hernandez, M. (2015). Microbial aerosol liberation from soiled textiles isolated during routine residuals
handling in a modern health care setting. Microbiome, 3(1), 72.

Haque, B. M. T., & Md. Arifur, R. (2020). Quantitative Benchmarking of ERP Analytics Architectures: Evaluating
Cloud vs On-Premises ERP Using Cost-Performance Metrics. American Journal of Interdisciplinary Studies, 1(04), 55-
90. https:/ /doi.org/10.63125/y05j6rm03

Haque, B. M. T., & Md. Arifur, R. (2021). ERP Modernization Outcomes in Cloud Migration: A Meta-Analysis of
Performance and Total Cost of Ownership (TCO) Across Enterprise Implementations. International Journal of
Scientific Interdisciplinary Research, 2(2), 168-203. https:/ /doi.org/10.63125/vrz8hw42

Haque, B. M. T., & Md. Arifur, R. (2023). A Quantitative Data-Driven Evaluation of Cost Efficiency in Cloud and
Distributed Computing for Machine Learning Pipelines. American Journal of Scholarly Research and Innovation, 2(02),
449-484. https:/ /doi.org/10.63125/7tkes525

Hazards, E. P. o. B., Koutsoumanis, K., Allende, A., Alvarez-Ordéiiez, A., Bolton, D., Bover-Cid, S., Chemaly, M.,
Davies, R., De Cesare, A., & Hilbert, F. (2019). Whole genome sequencing and metagenomics for outbreak
investigation, source attribution and risk assessment of food-borne microorganisms. Efsa Journal, 17(12), €05898.
Heirendt, L., Arreckx, S., Pfau, T., Mendoza, S. N., Richelle, A., Heinken, A., Haraldsdéttir, H. S., Wachowiak, J.,
Keating, S. M., & Vlasov, V. (2019). Creation and analysis of biochemical constraint-based models using the COBRA
Toolbox v. 3.0. Nature protocols, 14(3), 639-702.

Huovila, A., Bosch, P., & Airaksinen, M. (2019). Comparative analysis of standardized indicators for Smart
sustainable cities: What indicators and standards to use and when? Cities, 89, 141-153.

32


https://doi.org/10.63125/86zs5m32
https://doi.org/10.63125/cz2gwm06
https://doi.org/10.63125/057vwc78
https://doi.org/10.63125/4k492a62
https://doi.org/10.63125/c3g3sx44
https://doi.org/10.63125/jmx3p851
https://doi.org/10.63125/y05j6m03
https://doi.org/10.63125/vrz8hw42
https://doi.org/10.63125/7tkcs525

[46].

[47].

[48].

[50].

[51].

[52].

[58].

[59].

[60].

International Journal of Scientific Interdisciplinary Research, February 2026, 01-36

Im, J., Yang, K,, Jho, E. H., & Nam, K. (2015). Effect of different soil washing solutions on bioavailability of residual
arsenic in soils and soil properties. Chemosphere, 138, 253-258.

Jabed Hasan, T., & Waladur, R. (2022). Advanced Cybersecurity Architectures for Resilience in U.S. Critical
Infrastructure Control Networks. Review of Applied Science and Technology, 1(04), 146-182.
https://doi.org/10.63125/5rvjav10

Jahangir, S. (2025). Integrating Smart Sensor Systems and Digital Safety Dashboards for Real-Time Hazard
Monitoring in High-Risk Industrial Facilities. ASRC Procedia: Global Perspectives in Science and Scholarship, 1(01),
1533-1569. https:/ /doi.org/10.63125/newtd389

Jahangir, S., & Hammad, S. (2024). A Meta-Analysis of OSHA Safety Training Programs and their Impact on Injury
Reduction and Safety Compliance in U.S. Workplaces. International Journal of Scientific Interdisciplinary Research, 5(2),
559-592. https:/ /doi.org/10.63125/8zxw0h59

Jahangir, S., & Muhammad Mohiul, I. (2023). EHS Analytics for Improving Hazard Communication, Training
Effectiveness, and Incident Reporting in Industrial Workplaces. American Journal of Interdisciplinary Studies, 4(02),
126-160. https:/ /doi.org/10.63125/ccy4x761

Jamil, A. H., Mohd-Sanusi, Z., Mat-Isa, Y., & Yaacob, N. M. (2023). Money laundering risk judgement by
compliance officers at financial institutions in Malaysia: the effects of customer risk determinants and regulatory
enforcement. Journal of Money Laundering Control, 26(3), 535-552.

Jinnat, A., & Md. Kamrul, K. (2021). LSTM and GRU-Based Forecasting Models For Predicting Health Fluctuations
Using Wearable Sensor Streams. American Journal of Interdisciplinary Studies, 2(02), 32-66.

https:/ /doi.org/10.63125/1p8gbp15

Judge, A, Hu, L, Sankaran, B., Van Riper, ]., Venkataram Prasad, B., & Palzkill, T. (2023). Mapping the
determinants of catalysis and substrate specificity of the antibiotic resistance enzyme CTX-M p-lactamase.
Communications Biology, 6(1), 35.

Juvé-Udina, M. E., Adamuz, J., Lépez-Jimenez, M. M., Tapia-Pérez, M., Fabrellas, N., Matud-Calvo, C., & Gonzélez-
Samartino, M. (2019). Predicting patient acuity according to their main problem. Journal of Nursing Management,
27(8), 1845-1858.

Juvé-Udina, M. E., Gonzélez-Samartino, M., Lépez-Jiménez, M. M., Planas-Canals, M., Rodriguez-Fernandez, H.,
Batuecas Duelt, I. J., Tapia-Pérez, M., Pons Prats, M., Jiménez-Martinez, E., & Barbera Llorca, M. A. (2020). Acuity,
nurse staffing and workforce, missed care and patient outcomes: A cluster-unit-level descriptive comparison.
Journal of Nursing Management, 28(8), 2216-2229.

Kannan, S. M., Suri, K., Cadavid, J., Barosan, 1., Van Den Brand, M., Alferez, M., & Gerard, S. (2017). Towards
industry 4.0: Gap analysis between current automotive MES and industry standards using model-based
requirement engineering. 2017 IEEE International Conference on Software Architecture Workshops (ICSAW),
Kaytez, F., Taplamacioglu, M. C., Cam, E., & Hardalac, F. (2015). Forecasting electricity consumption: A
comparison of regression analysis, neural networks and least squares support vector machines. International Journal
of Electrical Power & Energy Systems, 67, 431-438.

Ketenci, U. G., Kurt, T., Onal, S. m., Erbil, C., Aktiirkogly, S. n., & ilhan, H. S. (2021). A time-frequency based
suspicious activity detection for anti-money laundering. IEEE Access, 9, 59957-59967.

Khan, P. M., Baderna, D., Lombardo, A., Roy, K., & Benfenati, E. (2020). Chemometric modeling to predict air half-
life of persistent organic pollutants (POPs). Journal of Hazardous Materials, 382, 121035.

Khosravi, K., Shahabi, H., Pham, B. T., Adamowski, J., Shirzadi, A., Pradhan, B., Dou, ]., Ly, H.-B., Gréf, G., & Ho,
H. L. (2019). A comparative assessment of flood susceptibility modeling using multi-criteria decision-making
analysis and machine learning methods. Journal of Hydrology, 573, 311-323.

Lamon, L., Asturiol, D., Vilchez, A., Ruperez-Illescas, R., Cabellos, J., Richarz, A., & Worth, A. (2019).
Computational models for the assessment of manufactured nanomaterials: Development of model reporting
standards and mapping of the model landscape. Computational Toxicology, 9, 143-151.

Lena, P., Ishak, A., Karageorgos, S. A., & Tsioutis, C. (2021). Presence of methicillin-resistant Staphylococcus aureus
(Mrsa) on healthcare workers” attire: A systematic review. Tropical medicine and infectious disease, 6(2), 42.

Levi, T., Allen, J. M., Bell, D., Joyce, J., Russell, J. R., Tallmon, D. A., Vulstek, S. C, Yang, C., & Yu, D. W. (2019).
Environmental DNA for the enumeration and management of Pacific salmon. Molecular Ecology Resources, 19(3),
597-608.

Li, Q., Wang, T., Zhu, Z., Meng, J., Wang, P., Suriyanarayanan, S., Zhang, Y., Zhou, Y., Song, S., & Lu, Y. (2017).
Using hydrodynamic model to predict PFOS and PFOA transport in the Daling River and its tributary, a heavily
polluted river into the Bohai Sea, China. Chemosphere, 167, 344-352.

Li, Y., He, Q. & Yang, Y. (2022). Sorting study on the toxicity screening of a single pollutant towards enterprises
based on the USEtox model and textile industry cases. The Journal of The Textile Institute, 113(10), 2116-2127.
Masud, R., & Hammad, S. (2024). Computational Modeling and Simulation Techniques For Managing Rail-Urban
Interface Constraints In Metropolitan Transportation Systems. American Journal of Scholarly Research and Innovation,
3(02), 141-178. https:/ /doi.org/10.63125/ pxet1d94

Matheson, M. C., Bowatte, G., Perret, J. L., Lowe, A. J., Senaratna, C. V., Hall, G. L., de Klerk, N., Keogh, L. A,,
McDonald, C. F., & Waidyatillake, N. T. (2018). Prediction models for the development of COPD: a systematic
review. International journal of chronic obstructive pulmonary disease, 1927-1935.

McCarthy, K. J., van Santen, P., & Fiedler, 1. (2015). Modeling the money launderer: Microtheoretical arguments on
anti-money laundering policy. International Review of Law and Economics, 43, 148-155.

33


https://doi.org/10.63125/5rvjav10
https://doi.org/10.63125/newtd389
https://doi.org/10.63125/8zxw0h59
https://doi.org/10.63125/ccy4x761
https://doi.org/10.63125/1p8gbp15
https://doi.org/10.63125/pxet1d94

[71].

[72].

[75].

[76].

[77].

[79].
[80].

[81].

82].

International Journal of Scientific Interdisciplinary Research, February 2026, 01-36

McQueen, R. H., & Ehnes, B. (2017). Antimicrobial textiles and infection prevention: Clothing and the inanimate
environment. In Infection Prevention: New Perspectives and Controversies (pp. 117-126). Springer.

McQueen, R. H., & Ehnes, B. L. (2022). Antimicrobial Textiles and Infection Prevention — Clothes and Inanimate
Environment. In Infection Prevention: New Perspectives and Controversies (pp. 139-149). Springer.

Md Ashraful, A., Md Fokhrul, A., & Md Fardaus, A. (2020). Predictive Data-Driven Models Leveraging Healthcare
Big Data for Early Intervention And Long-Term Chronic Disease Management To Strengthen U.S. National Health
Infrastructure. American Journal of Interdisciplinary Studies, 1(04), 26-54. https:/ /doi.org/10.63125/1z7b5v06

Md Fokhrul, A., Md Ashraful, A., & Md Fardaus, A. (2021). Privacy-Preserving Security Model for Early Cancer
Diagnosis, Population-Level Epidemiology, And Secure Integration into U.S. Healthcare Systems. American Journal
of Scholarly Research and Innovation, 1(02), 01-27. https:/ /doi.org/10.63125/q8wjeel8

Md Jamil, A. (2025). Systematic Review and Quantitative Evaluation of Advanced Machine Learning Frameworks
for Credit Risk Assessment, Fraud Detection, And Dynamic Pricing in U.S. Financial Systems. International Journal
of Business and Economics Insights, 5(3), 1329-1369. https:/ /doi.org/10.63125/9cyn5m39

Md, K., & Sai Praveen, K. (2024). Hybrid Discrete-Event And Agent-Based Simulation Framework (H-DEABSF) For
Dynamic Process Control In Smart Factories. ASRC Procedia: Global Perspectives in Science and Scholarship, 4(1), 72-96.
https:/ /doi.org/10.63125/wcqq7x08

Md. Akbar, H., & Farzana, A. (2023). Predicting Suicide Risk Through Machine Learning-Based Analysis of Patient
Narratives and Digital Behavioral Markers in Clinical Psychology Settings. Review of Applied Science and Technology,
2(04), 158-193. https:/ /doi.org/10.63125/mqtyIn77

Md. Al Amin, K. (2025). Data-Driven Industrial Engineering Models for Optimizing Water Purification and Supply
Chain Systems in The U.S. ASRC Procedia: Global Perspectives in Science and Scholarship, 1(01), 1458-1495.
https://doi.org/10.63125/s17rjm73

Md. Arifur, R., & Haque, B. M. T. (2022). Quantitative Benchmarking of Machine Learning Models for Risk
Prediction: A Comparative Study Using AUC/F1 Metrics and Robustness Testing. Review of Applied Science and
Technology, 1(03), 32-60. https:/ /doi.org/10.63125/9hd4e011

Md. Towhidul, L, Alifa Majumder, N., & Mst. Shahrin, S. (2022). Predictive Analytics as A Strategic Tool For
Financial Forecasting and Risk Governance In U.S. Capital Markets. International Journal of Scientific Interdisciplinary
Research, 1(01), 238-273. https:/ /doi.org/10.63125/2rpyze69

Md. Towhidul, I, & Rebeka, S. (2025). Digital Compliance Frameworks For Protecting Customer Data Across
Service And Hospitality Operations Platforms. Review of Applied Science and Technology, 4(04), 109-155.

https:/ /doi.org/10.63125/ fp60z147

Mei, R., Narihiro, T., Nobu, M. K., Kuroda, K., & Liu, W.-T. (2016). Evaluating digestion efficiency in full-scale
anaerobic digesters by identifying active microbial populations through the lens of microbial activity. Scientific
reports, 6(1), 34090.

Meir, J., Hartmann, E., Eckstein, M. T., Guiducdi, E., Kirchner, F., Rosenwald, A., LeibundGut-Landmann, S., &
Pérez, J. C. (2018). Identification of Candida albicans regulatory genes governing mucosal infection. Cellular
microbiology, 20(8), €12841.

Metzger, S., Hernandez, L., Skarlupka, ., Suen, G., Walker, T., & Ruegg, P. (2018). Influence of sampling technique
and bedding type on the milk microbiota: results of a pilot study. Journal of Dairy Science, 101(7), 6346-6356.
Mitchell, A., Spencer, M., & Edmiston Jr, C. (2015). Role of healthcare apparel and other healthcare textiles in the
transmission of pathogens: a review of the literature. Journal of Hospital Infection, 90(4), 285-292.

Mitchell, M., Wu, S., Zaldivar, A., Barnes, P., Vasserman, L., Hutchinson, B., Spitzer, E., Raji, I. D., & Gebru, T.
(2019). Model cards for model reporting. Proceedings of the conference on fairness, accountability, and
transparency,

Mostafa, K. (2023). An Empirical Evaluation of Machine Learning Techniques for Financial Fraud Detection in
Transaction-Level Data. American Journal of Interdisciplinary Studies, 4(04), 210-249.
https://doi.org/10.63125/60amyk26

Muller, M. P., Macdougall, C., Lim, M., Armstrong, 1., Bialachowski, A., Callery, S., Ciccotelli, W., Cividino, M.,
Dennis, J., & Hota, S. (2016). Antimicrobial surfaces to prevent healthcare-associated infections: a systematic
review. Journal of Hospital Infection, 92(1), 7-13.

Naylor, D., McClure, R., & Jansson, J. (2022). Trends in microbial community composition and function by soil
depth. Microorganisms, 10(3), 540.

Newman, A. M., Liu, C. L., Green, M. R,, Gentles, A.]., Feng, W., Xu, Y., Hoang, C. D., Diehn, M., & Alizadeh, A. A.
(2015). Robust enumeration of cell subsets from tissue expression profiles. Nature methods, 12(5), 453-457.

Nicoloro, J. M., Wen, ], Queiroz, S., Sun, Y., & Goodyear, N. (2020). A novel comprehensive efficacy test for textiles
intended for use in the healthcare setting. Journal of microbiological methods, 173, 105937.

Openshaw, J. J., Morris, W. M., Lowry, G. V., & Nazmi, A. (2016). Reduction in bacterial contamination of hospital
textiles by a novel silver-based laundry treatment. American Journal of Infection Control, 44(12), 1705-1708.

Padilla, R., Passos, W. L., Dias, T. L., Netto, S. L., & Da Silva, E. A. (2021). A comparative analysis of object detection
metrics with a companion open-source toolkit. Electronics, 10(3), 279.

Parvizi, J., Barnes, S., Shohat, N., & Edmiston Jr, C. E. (2017). Environment of care: is it time to reassess microbial
contamination of the operating room air as a risk factor for surgical site infection in total joint arthroplasty?
American Journal of Infection Control, 45(11), 1267-1272.

34


https://doi.org/10.63125/1z7b5v06
https://doi.org/10.63125/q8wjee18
https://doi.org/10.63125/9cyn5m39
https://doi.org/10.63125/wcqq7x08
https://doi.org/10.63125/mqty9n77
https://doi.org/10.63125/s17rjm73
https://doi.org/10.63125/9hd4e011
https://doi.org/10.63125/2rpyze69
https://doi.org/10.63125/fp60z147
https://doi.org/10.63125/60amyk26

[99].

[100].

[101].
[102].
[103].

[104].

[105].
[106].

[107].

[108].

[109].

[110].

[111].

[112].

[113].

[114].

International Journal of Scientific Interdisciplinary Research, February 2026, 01-36

Rafiee, M., Isazadeh, S., Mohseni-Bandpei, A., Mohebbi, S. R., Jahangiri-Rad, M., Eslami, A., Dabiri, H., Roostaei,
K., Tanhaei, M., & Amereh, F. (2021). Moore swab performs equal to composite and outperforms grab sampling for
SARS-CoV-2 monitoring in wastewater. Science of the Total Environment, 790, 148205.

Rajendran, S., & Anand, S. C. (2016). Smart textiles for infection control management. In Advances in smart medical
textiles (pp. 93-117). Elsevier.

Ratul, D. (2025). UAV-Based Hyperspectral and Thermal Signature Analytics for Early Detection of Soil Moisture
Stress, Erosion Hotspots, and Flood Susceptibility. ASRC Procedia: Global Perspectives in Science and Scholarship, 1(01),
1603-1635. https:/ /doi.org/10.63125/c2vin214

Rauf, M. A. (2018). A needs assessment approach to english for specific purposes (ESP) based syllabus design in
Bangladesh vocational and technical education (BVTE). International Journal of Educational Best Practices, 2(2), 18-25.
Rifat, C. (2025). Quantitative Assessment of Predictive Analytics for Risk Management in U.S. Healthcare Finance
Systems. ASRC Procedia: Global Perspectives in Science and Scholarship, 1(01), 1570-1602.

https:/ /doi.org/10.63125/x4cta041

Rifat, C., & Jinnat, A. (2022). Optimization Algorithms for Enhancing High Dimensional Biomedical Data
Processing Efficiency. Review of Applied Science and Technology, 1(04), 98-145. https:/ /doi.org/10.63125/2zg6x055
Rifat, C., & Khairul Alam, T. (2022). Assessing The Role of Statistical Modeling Techniques in Fraud Detection
Across Procurement And International Trade Systems. American Journal of Interdisciplinary Studies, 3(02), 91-125.
https://doi.org/10.63125/ gbdq4z84

Rifat, C., & Rebeka, S. (2023). The Role of ERP-Integrated Decision Support Systems in Enhancing Efficiency and
Coordination In Healthcare Logistics: A Quantitative Study. International Journal of Scientific Interdisciplinary
Research, 4(4), 265-285. https:/ /doi.org/10.63125/ c7srk144

Rifat, C., & Rebeka, S. (2024). Integrating Artificial Intelligence and Advanced Computing Models to Reduce
Logistics Delays in Pharmaceutical Distribution. American Journal of Health and Medical Sciences, 5(03), 01-35.

https:/ /doi.org/10.63125/t1kx4448

Roostaei, J., Colley, S., Mulhern, R., May, A. A., & Gibson, J. M. (2021). Predicting the risk of GenX contamination in
private well water using a machine-learned Bayesian network model. Journal of Hazardous Materials, 411, 125075.
Sai Praveen, K. (2024). AI-Enhanced Data Science Approaches For Optimizing User Engagement In U.S. Digital
Marketing Campaigns. Journal of Sustainable Development and Policy, 3(03), 01-43.
https://doi.org/10.63125/65ebsn47

Sands, F., & Fairbanks, L. (2019). How clean is “hygienically clean”: Quantitative microbial levels from samples of
clean health care textiles across the United States. American Journal of Infection Control, 47(5), 509-514.

Schang, C., Schmidyt, J., Gao, L., Bergmann, D., McCormack, T., Henry, R., & McCarthy, D. (2021). Rainwater for
residential hot water supply: Managing microbial risks. Science of the Total Environment, 782, 146889.

Searle, R., Gururaj, P., Gupta, A., & Kannur, K. (2022). Secure implementation of artificial intelligence applications
for anti-money laundering using confidential computing. 2022 IEEE international conference on big data (big data),
Sebre, S., Abegaz, W. E., Seman, A., Awoke, T., Desalegn, Z., Mihret, W., Mihret, A., & Abebe, T. (2020). Bacterial
profiles and antimicrobial susceptibility pattern of isolates from inanimate hospital environments at Tikur Anbessa
specialized teaching hospital, Addis Ababa, Ethiopia. Infection and drug resistance, 4439-4448.

Sexton, J. D., Wilson, A. M., Sassi, H. P., & Reynolds, K. A. (2018). Tracking and controlling soft surface
contamination in health care settings. American Journal of Infection Control, 46(1), 39-43.

Shahid, M., Ali, A., Khaleeq, H., Farrukh Tahir, M., Militky, J., & Wiener, J. (2021). Development of antimicrobial
multifunctional textiles to avoid from hospital-acquired infections. Fibers and Polymers, 22(11), 3055-3067.

Sharif Md Yousuf, B., Md Shahadat, H., Saleh Mohammad, M., Mohammad Shahadat Hossain, S., & Imtiaz, P.
(2025). Optimizing The U.S. Green Hydrogen Economy: An Integrated Analysis Of Technological Pathways, Policy
Frameworks, And Socio-Economic Dimensions. International Journal of Business and Economics Insights, 5(3), 586-602.
https:/ /doi.org/10.63125/ xp8exe64

Sharma, B., Kumari, N., Mathur, S., & Sharma, V. (2022). A systematic review on iron-based nanoparticle-mediated
clean-up of textile dyes: challenges and prospects of scale-up technologies. Environmental Science and Pollution
Research, 29(1), 312-331.

Shehwar, D., & Nizamani, S. A. (2024). Power Dynamics in Indian Ocean: US Indo-Pacific Strategic Report and
Prospects for Pakistan's National Security. Government: Research Journal of Political Science, 13.

Shofiul Azam, T. (2025). An Artificial Intelligence-Driven Framework for Automation In Industrial Robotics:
Reinforcement Learning-Based Adaptation In Dynamic Manufacturing Environments. American Journal of
Interdisciplinary Studies, 6(3), 38-76. https:/ /doi.org/10.63125/2cr2aq31

Shoflul Azam, T., & Md. Al Amin, K. (2024). Quantitative Study on Machine Learning-Based Industrial
Engineering Approaches For Reducing System Downtime In U.S. Manufacturing Plants. International Journal of
Scientific Interdisciplinary Research, 5(2), 526-558. https:/ /doi.org/10.63125/kr9r1r90

Sigaard, A. S., & Laitala, K. (2023). Natural and sustainable? Consumers’ textile fiber preferences. Fibers, 11(2), 12.
Singh, A., Sengupta, S., & Lakshminarayanan, V. (2020). Explainable deep learning models in medical image
analysis. Journal of imaging, 6(6), 52.

Stenuit, B., & Agathos, S. N. (2015). Deciphering microbial community robustness through synthetic ecology and
molecular systems synecology. Current opinion in biotechnology, 33, 305-317.

35


https://doi.org/10.63125/c2vtn214
https://doi.org/10.63125/x4cta041
https://doi.org/10.63125/2zg6x055
https://doi.org/10.63125/gbdq4z84
https://doi.org/10.63125/c7srk144
https://doi.org/10.63125/t1kx4448
https://doi.org/10.63125/65ebsn47
https://doi.org/10.63125/xp8exe64
https://doi.org/10.63125/2cr2aq31
https://doi.org/10.63125/kr9r1r90

[115].

[116].
[117].

[118].

[119].
[120].

[121].

[122].

[123].

[124].

[125].
[126].
[127].
[128].

[129].

[130].

[131].

[132].
[133].

[134].

[135].

International Journal of Scientific Interdisciplinary Research, February 2026, 01-36

Suliman, O. A. A., Kattan, W. M., Marglani, O. A., Raza, S. A., Felimban, R. A., Alzahrani, M. K., Bahri, S. E.,
Jameel, W. S., Alknawy, M., & Tantawy, E. A. (2021). The relationship between traditional dress and bacterial
contamination in the hospital setting-a cross sectional study. Human Factors in Healthcare, 1, 100002.

Tang, K. H. D. (2023). State of the art in textile waste management: a review. Textiles, 3(4), 454-467.

Tasnim, K. (2025). Digital Twin-Enabled Optimization of Electrical, Instrumentation, And Control Architectures In
Smart Manufacturing And Utility-Scale Systems. International Journal of Scientific Interdisciplinary Research, 6(1), 404-
451. https:/ /doi.org/10.63125/pqfdjs15

Taylor, J., Davies, M., Mavrogianni, A., Shrubsole, C., Hamilton, I., Das, P., Jones, B., Oikonomou, E., & Biddulph,
P. (2016). Mapping indoor overheating and air pollution risk modification across Great Britain: A modelling study.
Building and Environment, 99, 1-12.

Tiwari, M., Gepp, A., & Kumar, K. (2020). A review of money laundering literature: the state of research in key
areas. Pacific Accounting Review, 32(2), 271-303.

Tong, X., & Feng, Y. (2020). A review of assessment methods for cellular automata models of land-use change and
urban growth. International Journal of Geographical Information Science, 34(5), 866-898.

Truitt, L. N., Vazquez, K. M., Pfuntner, R. C,, Rideout, S. L., Havelaar, A. H., & Strawn, L. K. (2018). Microbial
quality of agricultural water used in produce preharvest production on the eastern shore of Virginia. Journal of food
protection, 81(10), 1661-1672.

Uyaguari-Diaz, M. I,, Chan, M., Chaban, B. L., Croxen, M. A,, Finke, J. F,, Hill, J. E., Peabody, M. A., Van Rossum,
T., Suttle, C. A., & Brinkman, F. S. (2016). A comprehensive method for amplicon-based and metagenomic
characterization of viruses, bacteria, and eukaryotes in freshwater samples. Microbiome, 4(1), 20.
Villarrubia-Gémez, P., Cornell, S. E., & Fabres, J. (2018). Marine plastic pollution as a planetary boundary threat-
The drifting piece in the sustainability puzzle. Marine policy, 96, 213-220.

Wang, G., Zhang, S., Zhong, Q., Xu, X,, Li, T., Jia, Y., Zhang, Y., Peijnenburg, W. J., & Vijver, M. G. (2018). Effect of
soil washing with biodegradable chelators on the toxicity of residual metals and soil biological properties. Science of
the Total Environment, 625, 1021-1029.

West, G. F., Resendiz, M., Lustik, M. B., & Nahid, M. A. (2019). Bacterial contamination of military and civilian
uniforms in an emergency department. Journal of Emergency Nursing, 45(2), 169-177. €161.

Wilson, A. M., King, M. F., Lépez-Garcia, M., Clifton, I. J., Proctor, J., Reynolds, K. A., & Noakes, C. ]J. (2021). Effects
of patient room layout on viral accruement on healthcare professionals' hands. Indoor Air, 31(5), 1657-1672.

Xiao, E., Wang, Y., Xiao, T., Sun, W., Deng, |, Jiang, S., Fan, W., Tang, J., & Ning, Z. (2021). Microbial community
responses to land-use types and its ecological roles in mining area. Science of the Total Environment, 775, 145753.
Xue, Y.-W.,, & Zhang, Y.-H. (2016). Research on money laundering risk assessment of customers-based on the
empirical research of China. Journal of Money Laundering Control, 19(3), 249-263.

Yim, S.-L., Cheung, J. W.-Y., Cheng, I. Y.-C., Ho, L. W.-H., Szeto, S.-Y. S., Chan, P., Lam, Y.-L., & Kan, C.-W. (2023).
Longitudinal study on the antimicrobial performance of a polyhexamethylene biguanide (PHMB)-treated textile
fabric in a hospital environment. Polymers, 15(5), 1203.

Zaheda, K. (2025a). AI-Driven Predictive Maintenance For Motor Drives In Smart Manufacturing A Scada-To-Edge
Deployment Study. American Journal of Interdisciplinary Studies, 6(1), 394-444. https:/ /doi.org/10.63125/ gc5x1886
Zaheda, K. (2025b). Hybrid Digital Twin and Monte Carlo Simulation For Reliability Of Electrified Manufacturing
Lines With High Power Electronics. International Journal of Scientific Interdisciplinary Research, 6(2), 143-194.

https:/ /doi.org/10.63125/db699z21

Zaman, M. A. U., Sultana, S., Raju, V., & Rauf, M. A. (2021). Factors hnpacting the Uptake of Innovative Open and
Distance Learning (ODL) Programmes in Teacher Education. Turkish Online Journal of Qualitative Inquiry, 12(6).
Zhang, Y., & Trubey, P. (2019). Machine learning and sampling scheme: An empirical study of money laundering
detection. Computational Economics, 54(3), 1043-1063.

Ziegler, M. ]., Huang, E., Bekele, S., Reesey, E., Tolomeo, P., Loughrey, S., David, M. Z., Lautenbach, E., Kelly, B. J.,
& Program, C. P. E. (2022). Spatial and temporal effects on severe acute respiratory coronavirus virus 2 (SARS-CoV-
2) contamination of the healthcare environment. Infection Control & Hospital Epidemiology, 43(12), 1773-1778.
Zulgarnain, F. N. U. (2025). High-Performance Computing Frameworks for Climate And Energy Infrastructure
Risk Assessment. Review of Applied Science and Technology, 4(04), 74-108. https:/ /doi.org/10.63125/ks5s9m05

36


https://doi.org/10.63125/pqfdjs15
https://doi.org/10.63125/gc5x1886
https://doi.org/10.63125/db699z21
https://doi.org/10.63125/ks5s9m05

