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Abstract

Hospital housekeeping demand is closely tied to bed turnover, discharge timing, isolation precautions, and unit-level
patient movement. Delays in environmental services completion can slow bed availability and create downstream
pressure on emergency departments, inpatient units, and procedural areas. Environmental services staffing is often
managed through fixed shift patterns, current occupancy views, and reactive dispatch queues. These approaches may
not anticipate cleaning surges caused by clustered discharges, isolation rooms, or changing census patterns. This
manuscript proposes a predictive model for forecasting hospital housekeeping demand by combining discharge
predictions, room turnover history, isolation status, environmental cleaning requirements, and unit-level census
signals. The goal is to estimate the number, type, and timing of cleaning tasks needed across hospital units. The
proposed model would use historical environmental services logs, admission-discharge-transfer data, bed
management data, discharge prediction outputs, and infection-control status indicators. A supervised regression or
time-series architecture could generate hourly unit-level demand forecasts for routine, terminal, and enhanced
cleaning tasks. Conceptually, the model would be expected to identify upcoming cleaning pressure before it appears
on the live dispatch board. For example, it could anticipate an afternoon surge in terminal cleans when several
predicted discharges coincide with isolation rooms and high unit census. A forecasting model for housekeeping
demand could support proactive environmental services staffing, reduce avoidable bed turnaround delays, and
improve hospital throughput. Its value would depend on careful integration with existing bed management systems
and prospective evaluation in operational settings.
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Introduction

Slow bed cleaning can create a practical bottleneck between clinical discharge decisions and actual bed availability,
especially when emergency department boarding, surgical admissions, and inter-unit transfers compete for the same
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inpatient capacity. Patient-flow research has shown that discharge timing and inpatient flow are operationally meaningful
targets for prediction, because delays propagate across hospital systems rather than remaining isolated within a single
ward [1, 2]. Forecasting discharge volume and readiness therefore has direct relevance for downstream services that
must prepare beds for the next patient [3, 4]. In this context, environmental services should be treated not as a passive
support function but as a capacity-sensitive operational service linked to hospital throughput [5, 6].

Traditional environmental services management often relies on fixed staffing templates, real-time bed-tracking boards,
and dispatcher judgment after a room has already been flagged for cleaning. Such workflows may be operationally
familiar, but they are reactive because they respond to confirmed discharge or transfer events rather than anticipated
cleaning demand [7, 8]. Hospital operations studies have emphasized that predictive analytics can support earlier
coordination across service lines when patient movement is foreseeable before the event occurs [6, 9]. For
housekeeping, this means that a room-cleaning queue can be transformed from a live task list into a forward-looking
demand signal.

Hospitals already generate data streams that could support housekeeping demand forecasting, including discharge
probability scores, admission-discharge-transfer feeds, isolation flags, unit census trends, and historical cleaning
timestamps. Discharge prediction models can estimate likely next-day or same-day discharges, while admission and
placement models help characterize incoming pressure on bed capacity [10-12]. These predictive signals are especially
useful when paired with cleaning-time evidence showing that room turnover and equipment cleaning durations vary by
task type, setting, and protocol [13-15]. The combination of predicted patient movement and cleaning complexity creates
a more realistic basis for estimating environmental services workload.

This article proposes a conceptual machine learning model for forecasting hospital housekeeping demand at the unit and
shift level using discharge predictions, room turnover history, isolation status, cleaning requirements, and census
patterns. The model would be intended to forecast how many cleaning tasks are likely to occur, what types of cleaning will
be required, and when demand will peak across units. It would support proactive workforce allocation by giving
environmental services supervisors a structured estimate of future workload rather than only a current queue. The model
is framed as a predictive operational tool rather than an experimental performance report, and it should be evaluated
prospectively before being used for staffing decisions.

Background
Hospital environmental services and patient flow

Environmental services plays a central role in the conversion of a discharged or transferred bed into a usable bed for the
next patient, which makes housekeeping performance a direct contributor to patient flow. Bed turnover depends not only
on the clinical discharge order but also on transport, room vacancy confirmation, cleaning dispatch, cleaning completion,
and bed-board updating [2, 6]. Infection-prevention literature further shows that environmental cleaning is not merely an
operational task, because room disinfection quality can influence healthcare-associated pathogen transmission risk [16,
17]. A predictive housekeeping model must therefore balance throughput goals with protocol adherence, ensuring that
faster allocation does not imply reduced cleaning rigor [18].

Discharge predictions and their value as a lead indicator

Discharge prediction is a natural lead indicator for housekeeping demand because most terminal room-cleaning tasks are
triggered by actual or expected bed vacancy. Prior work has examined hospital-level discharge volume prediction,
individual patient discharge prediction, and readiness-for-discharge modeling, demonstrating that discharge timing can be
estimated from electronic health record and operational data before the discharge occurs [1, 3, 19]. Models of surgical
discharge, cardiovascular discharge, and onward-care needs further suggest that discharge prediction can be tailored to
specific clinical populations and resource pathways [11, 20, 21]. For environmental services, these models would provide
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a forward-looking signal of likely bed releases rather than a confirmed-event signal that arrives after demand has already
formed.

Room turnover time and cleaning duration variation

Room turnover time is variable because cleaning duration depends on unit type, time of day, staffing availability, room
condition, isolation status, and whether the task is routine, terminal, or enhanced. Studies of isolation-room turnover and
structured improvement initiatives show that cleaning-related turnaround can be measured, redesigned, and improved
when workflow steps are explicitly tracked [13, 22]. Time-and-motion evidence also indicates that cleaning tasks for
shared patient-care equipment and hospital surfaces require measurable effort that may differ by item, protocol, and
setting [14, 15]. These findings support the need for feature engineering that represents not only the count of rooms
needing cleaning but also the likely task duration and complexity.

Isolation status and enhanced cleaning requirements

Isolation status can substantially alter housekeeping workload because contact, droplet, airborne, and organism-specific
precautions may require additional steps, products, dwell times, auditing, or enhanced terminal disinfection. Evidence
from enhanced terminal room disinfection trials shows that disinfection strategies can be operationally consequential and
tied to infection-prevention outcomes, particularly for multidrug-resistant organisms and Clostridioides difficile [16, 17].
Practical cleaning recommendations also emphasize that routine cleaning, terminal cleaning, and enhanced disinfection
should be distinguished by risk level, surface type, and healthcare context [18]. A housekeeping demand model should
therefore treat isolation and cleaning protocol as workload multipliers rather than as simple room attributes.

Machine learning for service demand forecasting in hospitals

Machine learning has increasingly been applied to hospital operational problems, including patient flow, admission
prediction, discharge prediction, level-of-care assignment, and length-of-stay-related decision support. Reviews and
applied studies suggest that hospital operations can benefit from predictive models when outputs are connected to
workflow decisions rather than presented as isolated scores [5, 6, 23]. Emergency admission prediction and personalized
care-level models show how real-time operational data can be used to anticipate capacity needs before formal placement
decisions are complete [9, 12]. However, compared with inpatient flow and discharge prediction, housekeeping demand
forecasting remains underdeveloped despite its clear dependence on similar temporal and operational signals.

Model Development Overview
High-level forecasting pipeline

The proposed forecasting pipeline would integrate discharge probability data, admission-discharge-transfer feeds, bed
management events, isolation status indicators, and environmental services event logs into a unified prediction process.
At regular intervals, the system would align patient-level predicted discharge timing with unit-level census and historical
cleaning task patterns, then generate expected cleaning demand per unit per hour. This design follows the broader logic
of operationally informed hospital prediction, in which model outputs are structured around decisions that managers can
take before congestion occurs [2, 6, 8]. For housekeeping, the relevant decision is not only whether a bed will become
empty but also when, where, and what type of cleaning resource will be required.

Figure 1 illustrates the proposed end-to-end predictive workflow for transforming discharge, census, room-turnover,
isolation, and cleaning-protocol data into human-supervised environmental services staffing and bed-turnaround
decisions.
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Figure 1. End-to-End Predictive Workflow for Forecasting Hospital Housekeeping Demand from Discharge, Census,
Room-Turnover, Isolation, and Cleaning-Protocol Data

Core input features

Core input features would include predicted discharges by bed and hour, historical cleaning duration by unit and shift,
active isolation status, required cleaning category, current occupancy, expected admissions, transfers, and recent room-
turnover backlog. Discharge prediction studies provide the conceptual basis for incorporating patient-level and hospital-
level discharge signals, while patient-flow and admission models support the use of census and demand indicators [1, 3,
20]. Cleaning-time and disinfection studies justify adding task-specific features that distinguish routine, terminal, and
enhanced cleaning rather than treating all rooms as equivalent [14, 15, 18]. These inputs would allow the model to
estimate both cleaning volume and cleaning intensity.

Design principles

The model should be designed around an hourly forecast horizon, unit-level specificity, cleaning-type specificity, adaptive
input signals, and interpretability for environmental services supervisors. A model that forecasts only total hospital-wide
cleaning demand would be less useful than one that distinguishes whether the demand is concentrated in emergency-
adjacent units, high-turnover surgical units, isolation-heavy medical units, or specialty wards. Prior machine learning work
in patient flow emphasizes that operational usefulness depends on aligning the prediction target with the decision window
and the responsible users [5, 6]. For this reason, the proposed model should produce actionable workload estimates
rather than abstract risk scores.

Data Sources and Feature Engineering
Discharge prediction integration

Discharge prediction integration would begin by importing bed-level or patient-level discharge probability scores from
existing discharge models and aligning them with admission-discharge-transfer timestamps. These probabilities could be
transformed into expected discharge counts by unit and hour, while confirmed discharge events would provide labels for
historical model training and future calibration. Prior work on hospital discharge volume, individual discharge prediction,
and readiness-for-discharge modeling supports the feasibility of using discharge signals as early indicators of
downstream operational demand [1, 3, 19, 24]. The feature engineering challenge is to preserve temporal ordering so that
the housekeeping model uses only information that would have been available before the cleaning demand occurred.

Room turnover history and cleaning time estimation

Room turnover history would be derived from environmental services tracking systems, including cleaning request time,
assignment time, start time, completion time, unit, bed type, cleaning category, and isolation designation. These data
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could be aggregated into rolling estimates of cleaning duration by unit, shift, day of week, and protocol type, while also
representing backlog pressure from tasks that remain incomplete. Evidence from isolation-room turnover improvement,
operating-room turnover accountability, and cleaning time-and-motion studies supports the idea that cleaning duration is
measurable and operationally variable [13-15, 22]. A predictive model should therefore incorporate historical cleaning-
time distributions rather than assume a uniform duration for all rooms.

Isolation status and environmental cleaning requirements

Isolation and environmental cleaning features would be extracted from infection-control orders, organism flags, bed
management notes, and cleaning protocol mappings. Each occupied bed could be assigned a likely cleaning type, such
as routine occupied-room cleaning, terminal cleaning after discharge, contact-isolation terminal cleaning, enhanced
disinfection, or equipment-associated cleaning support. Enhanced terminal disinfection trials and practical cleaning
guidance show that disinfection requirements vary by pathogen risk, room status, and institutional protocol [16-18].
Mapping these requirements into model features would allow the forecast to reflect workload intensity and safety
requirements rather than only the number of beds expected to turn over.

Table 1 summarizes the operational data domains, engineered features, model functions, and practical outputs that
define the proposed housekeeping-demand forecasting architecture.

Table 1. Input-output logic and feature architecture for the proposed housekeeping-demand forecasting model

Predictive Source data Example Model role Expected Practical
domain structure engineered operational interpretation for
features output EVS supervisors
Discharge Patient-level or Probability- Primary lead Anticipated room ldentifies units likely
prediction bed-level weighted expected indicator for future vacancies to generate cleaning
signals discharge discharges by unit  terminal cleaning requiring requests before the
probability scores and hour; predicted demand terminal rooms appear on
linked to expected afternoon cleaning the live dispatch
discharge windows discharge board
clustering;
discharge-

readiness trend

Admission- ADT events, bed Recent discharge Aligns Unit-hour Helps prioritize
discharge- movement logs, count; pending housekeeping estimate of rooms whose
transfer activity  transfer orders, transfer pressure; demand with rooms likely to  cleaning completion
admission queues, admission-to-bed  patient movement require cleaning is most likely to

room status demand,; and bed capacity or rapid affect patient
updates discharge-to- pressure readiness placement

cleaning time lag

Room turnover EVS request, Median cleaning Estimates Predicted Distinguishes a unit
history assignment, start, duration by unit and expected cleaning cleaning with many short
completion, and shift; prior-hour duration and workload, not routine cleans from
verification backlog; cleaning  workload intensity  only predicted  a unit with fewer but
timestamps completion delay; cleaning count  more time-intensive
variation by room cleaning tasks

type
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Isolation status
and infection-
control flags

Contact, droplet,
airborne,
organism-specific,
or enhanced-
cleaning orders

Local EVS
protocol mappings,
cleaning category

codes, terminal-
clean indicators,
enhanced-
disinfection
requirements

Environmental
cleaning
requirements

Unit-level Occupancy,
census patterns staffed-bed count,
admissions,
transfers,
discharge volume,
bed-block status

Historical unit-hour
cleaning counts,
recent backlog,
day-of-week and

time-of-day
patterns

Temporal
demand history

Staffing and EVS roster, shift
operational structure, staff
context availability, break

timing, cross-
training status

(2025) 5:117

Active isolation-bed  Adjusts expected Forecasted
count; predicted  cleaning workload isolation-related
isolation for protocol terminal or
discharges; complexity enhanced
enhanced-cleaning cleaning
multiplier; demand
organism-specific
protocol category
Cleaning type Converts bed Expected

classification; events into number and type
routine versus cleaning-task
terminal versus categories per unit and
enhanced-clean hour
status; equipment-
associated cleaning
need
Occupancy ratio; Captures Demand
census temporal and forecast
acceleration; operational adjusted for unit

demand variability =~ pressure and
patient-flow

context

transfer pressure;
unit-specific
demand rhythm;
weekday and shift
effects

Learns recurrent
housekeeping
workload patterns

Expected peak
windows and
demand surges

Rolling demand
averages; lagged
cleaning volume;

peak-shift
indicators; prior

completion

bottlenecks

Available staff by Contextualizes Staffing
shift; staffing-to- forecast for pressure signal
demand ratio; high- feasible action and
risk understaffed redeployment
windows need

Predictive Analytics Architecture
Model choice and rationale

The proposed architecture could use a gradient-boosted regression model or a recurrent time-series model to forecast
cleaning jobs by type, unit, and hour. Gradient-boosted models would be appropriate when heterogeneous structured
features dominate, including discharge probabilities, census measures, isolation flags, calendar variables, and historical
turnover measures, while recurrent architectures could be considered when temporal dependencies and sequential
demand patterns are central [5, 23]. Interpretable hospital prediction studies further suggest that model choice should
consider whether supervisors can understand and act on the resulting forecast [2, 6]. In this manuscript, the model is
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conceptual and should be selected based on operational fit, temporal validity, and interpretability rather than reported
experimental performance.

Feature vector construction and temporal alignment

Feature vectors would be constructed using time-indexed snapshots that align predicted discharges, actual census,
admissions, transfers, isolation status, and recent cleaning activity to the same forecast origin. Lagged variables could
represent recent demand accumulation, delayed discharges, prior-hour cleaning requests, and unit-specific turnover
patterns, while calendar features could represent day-of-week and time-of-day effects. Time-series discharge forecasting
and patient-flow modeling provide a rationale for representing demand as a temporally structured operational process
rather than as a static classification task [4, 5, 19]. Correct temporal alignment is essential because leakage from future
discharge confirmations or completed cleans would make the model appear more useful than it would be in real
deployment.

Output: expected cleaning demand and confidence bands

The model output would estimate the expected number of routine cleans, terminal cleans, and isolation-related enhanced
cleans for each unit over the upcoming operational horizon. It could also provide uncertainty bands or qualitative
confidence categories so that supervisors can distinguish highly predictable workload from volatile periods driven by
uncertain discharges or unstable census patterns. Operational prediction work emphasizes that forecasts are most useful
when they support staffing, prioritization, and escalation decisions within the decision-maker’s workflow [6, 8, 12]. For
environmental services, this output would be expected to support early staff redeployment, break planning, supply
preparation, and coordination with bed management without replacing supervisor judgment.

Handling Temporal Dynamics, Census, and Isolation
Variability
Combining predicted and actual discharges

The model would combine predicted discharges and actual discharge confirmations by treating each forecast as a time-
sensitive estimate rather than a fixed daily total. Predicted discharges would serve as the primary upstream signal for
expected terminal cleaning demand, while actual discharge events would update the forecast as beds become vacant
earlier or later than anticipated [1, 3, 7]. Surgical discharge and specialty-service discharge models further show that
discharge readiness can differ by service line, which means the housekeeping forecast should preserve unit and patient-
service context rather than collapse all predicted discharges into a single hospital-wide count [11, 25, 26]. This approach
would allow the model to adjust expected cleaning demand dynamically while avoiding retrospective leakage from future
discharge confirmations.

Adjusting for isolation surges and enhanced cleaning backlogs

Isolation-related demand should be modeled as a distinct workload process because enhanced cleaning can require
different supplies, workflows, dwell times, documentation steps, and supervisor oversight. When several predicted
discharges involve patients under contact precautions or organism-specific cleaning protocols, the model would be
expected to forecast a larger and slower-moving cleaning workload than an equivalent number of routine terminal cleans
[16-18]. Evidence on terminal cleaning and disinfection also suggests that time spent on cleaning alone may not
guarantee surface disinfection quality, so the model should represent enhanced-cleaning complexity without encouraging
unsafe shortcuts [27, 28]. In operational use, the forecast could identify isolation-cleaning backlogs early enough for
supervisors to assign appropriately trained staff and prepare required materials.

Unit-level census and admission forecasting
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Unit-level census patterns would help the model estimate both cleaning demand from departing patients and ongoing
occupied-room support needs. Admission prediction, care-level assignment, and patient-flow analytics show that
incoming demand can be forecast from emergency, inpatient, and operational signals before bed placement is finalized
[6, 9, 12]. A housekeeping model could use expected admissions and transfers to distinguish units where vacant beds
must be cleaned urgently from units where cleaning demand is less tightly coupled to immediate placement pressure.
This would make the model more useful for capacity management because it would connect room-cleaning workload with
the likely next use of each bed.

Model Interpretability and Operational Decision Support
Explaining demand forecasts to EVS supervisors

Model interpretability would be essential because environmental services supervisors must understand why a demand
surge is being forecast before changing assignments or escalating staffing needs. Feature-attribution methods could
show whether the forecast is driven by predicted afternoon discharges, a high number of isolation rooms, recent cleaning
backlog, or unusually high unit census [2, 5, 6]. For example, a plain-language explanation could state that a medical unit
is expected to require additional terminal and enhanced cleans because predicted discharges overlap with active contact-
isolation orders and delayed prior-hour completions. Such explanations would support operational trust while preserving
human oversight for final staffing and prioritization decisions.

From forecast to staffing decision

The model output would feed into a decision aid that translates expected cleaning workload into staffing, break
scheduling, and redeployment recommendations. Rather than automatically assigning workers, the system would show
anticipated peak windows, cleaning-type mix, and units at risk of delayed bed readiness so that supervisors can make
context-sensitive decisions [6, 8, 22]. This design is consistent with hospital operations research emphasizing that
predictive analytics should be embedded into actionable management workflows rather than presented as stand-alone
statistical outputs [5, 6]. The decision aid could therefore support earlier communication between environmental services,
bed management, nursing units, and patient-flow coordinators.

Integration Into Environmental Services Workflow
Embedding into EVS dispatch and bed management systems

The forecast would be most useful if embedded directly into environmental services dispatch boards and bed
management systems rather than delivered as a separate report. A dashboard could display expected cleaning demand
by unit, hour, and cleaning type, with updates triggered by new discharge predictions, confirmed discharges, transfers,
isolation-status changes, and census movements [1, 2, 8]. Prior patient-flow and hospital operations work supports the
value of integrating predictive outputs into real-time operational environments where users already coordinate capacity
decisions [6, 9, 12]. In practice, this would allow dispatchers to pre-position staff near high-demand units while continuing
to prioritize urgent rooms needed for immediate patient placement.

Closed-loop performance monitoring

Closed-loop monitoring would compare predicted cleaning demand with actual task creation, assignment time, cleaning
start time, completion time, and downstream bed availability. These comparisons would identify whether forecast errors
arise from discharge prediction uncertainty, undocumented cleaning complexity, delayed EVS assignment, staffing
constraints, or differences in local cleaning protocols [7, 13, 19]. Cleaning-time studies and disinfection research indicate
that operational monitoring should track both timeliness and cleaning quality rather than focusing only on speed [14, 15,
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27, 28]. Forecast discrepancies could then inform periodic recalibration, workflow redesign, and site-specific protocol
mapping without implying fully autonomous model self-correction.

Evaluation Strategy
Forecast accuracy metrics

The model should be evaluated using forecast accuracy metrics appropriate for unit-hour cleaning volume and cleaning-
type classification, including error measures for expected task counts and qualitative assessment of surge detection.
These metrics would not be used to claim operational success by themselves, because accurate prediction does not
automatically produce better staffing or faster bed availability [5, 6]. Discharge prediction studies show that model
usefulness depends on temporal calibration, decision timing, and relevance to downstream operations, which should also
guide housekeeping-demand evaluation [1, 3, 10]. The evaluation should therefore assess whether the model reliably
anticipates demand early enough for environmental services supervisors to act.

Temporal and external validation

Temporal validation should use walk-forward logic in which historical periods are ordered chronologically so that the
model is tested on future-like time windows after being trained on earlier operational data. This is important because
discharge patterns, census pressure, staffing policies, infection-control practices, and room-turnover workflows may shift
over time [4, 19, 23]. External validation at another hospital or health system would be needed before assuming
portability, since environmental services documentation, bed management workflows, and isolation protocols may differ
across sites [18, 21, 25]. Such validation would determine whether the forecasting framework generalizes conceptually or
requires substantial local adaptation.

Operational impact

Operational impact should be assessed through prospective implementation outcomes such as bed-turnaround
timeliness, avoidable EVS backlog, staff overtime pressure, and coordination between environmental services and bed
management. These outcomes should be interpreted alongside safety and infection-prevention indicators because faster
cleaning workflows must not compromise terminal disinfection quality or protocol adherence [16, 17, 27]. Prior work on
hospital operations and patient-flow analytics suggests that predictive tools should be judged by their ability to improve
decisions and workflows, not only by statistical accuracy [6, 9, 12]. A future pilot could therefore examine whether
forecast-informed staffing helps reduce cleaning-related capacity delays while maintaining cleaning standards.

Table 2 presents the evaluation, governance, failure-mode, and implementation safeguards required before a
housekeeping-demand forecasting model could be used for operational staffing and bed-turnaround support.

Table 2. Evaluation, governance, failure modes, and implementation safeguards for predictive housekeeping-demand
forecasting

Evaluation or What should be Why it matters Possible failure Required safeguard or
governance assessed operationally mode human oversight
domain mechanism
Forecast Agreement between Determines whether Underprediction may Supervisors should view
accuracy predicted and the model can leave EVS teams forecast uncertainty and
observed unit-hour anticipate workload unprepared for retain authority to override
cleaning demand by early enough for cleaning surges staffing recommendations

cleaning type staffing decisions
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Surge detection Ability to identify
upcoming clusters of
terminal or enhanced

cleaning tasks

Temporal Walk-forward testing
validation across future-like time
periods
External Testing at another
validation hospital, campus, or
service line
Discharge Sensitivity of
prediction housekeeping
dependency forecasts to upstream
discharge prediction
errors
Isolation- Whether isolation flags
cleaning and enhanced
complexity protocols are

accurately reflected in
workload estimates

Cleaning quality Whether forecast-

and safety informed staffing
maintains protocol
adherence and
cleaning quality
Staffing Whether predicted
feasibility demand can be

translated into real
staffing actions

Interpretability ~ Clarity of the reasons
behind a predicted

demand spike

Workflow
integration

Fit with EVS dispatch
boards, bed
management systems,
and patient-flow
coordination

(2025) 5:117

Cleaning surges are
often more
operationally
disruptive than
average daily demand

Hospital discharge,
census, and staffing
patterns change over

time

EVS workflows,
isolation
documentation, and
bed-board practices
vary across sites

Housekeeping
demand estimates
depend heavily on

predicted room

vacancy timing

Isolation cleans may
require more time,
supplies,
documentation, and
trained personnel

Faster bed turnaround

should not

compromise infection-
prevention standards

Forecasts are useful

only if staff can be

reassigned, called in,

or redistributed

actionable
explanations, not
opaque scores

Separate reports are
less likely to change
real-time operations

A model may perform
acceptably on routine
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Escalation thresholds
should flag high-demand

periods but miss peak windows for manual review

discharge windows

Random validation
may overstate
usefulness by mixing
past and future
operational patterns

A model calibrated to
one hospital may not
transfer to another

False predicted
discharges may lead
to unnecessary pre-

positioning or staff
imbalance

Poor protocol mapping

may treat complex
enhanced cleans as
routine tasks

Operational pressure
may encourage speed
over thoroughness

A forecast may identify
a surge without any
feasible staffing
response

EVS supervisors need  Users may distrust or

ignore forecasts that
lack operational
explanation

Forecasts may be
unused if they are not

Use chronological
validation and monitor
forecast drift after
implementation

Require local recalibration
and workflow mapping
before deployment

Display confidence bands

and distinguish predicted

from confirmed discharge-
driven demand

Infection-prevention and
EVS leadership should
validate cleaning-category
mappings

Track cleaning audits,
protocol compliance, and
quality indicators alongside
turnaround time

Integrate staffing
constraints, break
schedules, and cross-
training status into decision
support

Provide plain-language
drivers such as predicted
discharges, isolation
rooms, census pressure,
and backlog

Embed outputs directly into
EVS and bed-management

visible in existing work workflows with role-specific

systems

views
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Equity and Whether model-guided  High-priority capacity The model may Monitor unit-level wait
service staffing preserves fair units should not reinforce existing times, cleaning delays, and
consistency cleaning permanently disparities in service escalation patterns
responsiveness across deprioritize lower- attention across wards
units visibility units
Governance Clear assignment of ~ Predictive tools affect Ambiguous ownership Establish joint governance
and responsibility for model  staffing, bed access, may lead to unsafe or among EVS, bed
accountability ~ monitoring, retraining, and infection-control- outdated model use management, infection
and operational use sensitive work prevention, informatics,

and operations leadership

Limitations
Discharge prediction dependency and error propagation

The proposed housekeeping model would depend heavily on the quality, timing, and calibration of upstream discharge
predictions. If a discharge model overestimates same-day discharge likelihood, environmental services supervisors could
over-allocate staff to units where beds do not actually become vacant; if it underestimates discharge likelihood, cleaning
surges may still appear unexpectedly [1, 3, 7]. This dependency is especially important in service lines where discharge
readiness is shaped by post-acute placement, specialty procedures, or clinical uncertainty [21, 25, 29]. The model should
therefore expose uncertainty clearly and avoid presenting predicted cleaning demand as a guaranteed workload.

Variability in cleaning protocols and staffing constraints

Model portability may be limited by differences in environmental services documentation, isolation-order coding, cleaning
product requirements, audit practices, staffing models, and the availability of cross-trained personnel. Enhanced
disinfection protocols and terminal cleaning practices vary across institutions, and the same label may not represent the
same operational workload in every hospital [16-18]. Studies of cleaning duration and disinfection practice further suggest
that recorded cleaning time may not fully capture task quality, surface coverage, or context-specific workload barriers [14,
15, 27, 28]. For this reason, local validation and workflow mapping would be necessary before implementation in a new
operational setting.

Conclusion

A machine learning model for forecasting hospital housekeeping demand could provide a structured way to anticipate
cleaning workload before it appears as a real-time dispatch queue. By combining discharge predictions, room turnover
history, isolation status, environmental cleaning requirements, and unit-level census patterns, the model would estimate
when and where routine, terminal, and enhanced cleaning tasks are likely to occur. This would reposition environmental
services as a forecast-informed partner in hospital capacity management.

The main strength of the proposed approach is its practical alignment with the operational decisions made by
environmental services supervisors, bed managers, nursing units, and patient-flow coordinators. Instead of relying only
on current occupancy and confirmed discharge events, the model would use forward-looking signals to support proactive
staffing and prioritization. Its interpretable structure would help supervisors understand whether predicted demand is
driven by discharges, isolation rooms, census pressure, or accumulated backlog.

Important challenges remain before such a model could be implemented safely and effectively. Data integration across
discharge prediction tools, admission-discharge-transfer systems, infection-control records, bed boards, and
environmental services tracking platforms would require careful governance and temporal validation. The model would
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also need to account for error propagation from upstream discharge predictions and for institutional variation in cleaning
protocols and staff availability.

Prospective implementation pilots in high-volume hospitals would be needed to determine whether forecast-informed
housekeeping management improves bed turnaround, reduces avoidable backlog, and supports smoother patient flow.
These pilots should assess operational benefit while maintaining infection-prevention standards and preserving human
oversight. If successful, housekeeping demand forecasting could become an important component of predictive hospital
operations and capacity management.
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