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Background

Healthcare associated infections (HAIs) pose a serious risk for patients and providers as they cause
increased morbidity and mortality, prolonged length of stay in healthcare facilities, increased prevalence of
multi-drug resistant organisms and psychological and financial burdens to patients, their families and the
healthcare system. The risk of HAIs is universal and pervades every healthcare facility, setting and system
globally. In Europe, the prevalence of HAls was estimated at 5.5% (1) and about 2.6 million new patients
having HAIs have been identified annually (2). These infections accounted for an estimated 33,000
attributable deaths and 900,000 disability-adjusted life-years (3). In the US, the estimated prevalence of
HAIs in hospitals was between 2.9% and 3.5% in 2015 (4). The burden is even higher in low- and middle-
income countries (LMICs). A systematic review and meta-analysis reported that the pooled prevalence of
overall HAls in Southeast Asia, where most countries are middle-income, was 9.1% (5). The reported
prevalence in Africa varies significantly: in Ghana, prevalence ranged between 3.5% and 14.4% in acute
care hospitals, and in tertiary hospitals in South Africa and Ethiopia it was 7.67% and 19.4%, respectively
(6-8). Data on the impact of HAls at the national level in LMICs, especially African countries, is scanty and
fragmented, generating difficulty in assessing the true scale of the problems of HAls. The actual figure is

assumed to be higher due to the lack of a functioning HAI surveillance system in these countries (9).

Historically, randomized control trials (RCTs), cohort studies and case-control studies were commonly used
methods to investigate the epidemiology of diseases in general and the epidemiology of HAI in particular

(10). Additionally, researchers performed cluster RCTs or quasi-experimental studies to examine the
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effectiveness of various measures for infection prevention and control (IPC) (11). However, performing
large cluster RCTs across various health facilities to achieve generalizability and sufficient power to address
important research questions is difficult. Furthermore, although quasi-experimental studies are more
feasible and practical to conduct, lack of randomization is a threat to the internal validity and limit the
generalizability of the results to larger populations (11). Although simpler non-mechanistic modeling
approaches such as statistical models and analytical models have also been used to evaluate IPC
interventions, they cannot capture the complexity and dynamics of HAI transmission and the healthcare
contexts in which the interventions are implemented. Therefore, a more comparable, reliable and easy-to-

use planning tool is needed to assess interventions and their impacts (12).

Modeling is increasingly being used to improve understanding of epidemiological patterns of HAls and to
facilitate decisions on intervention prevention and control (IPC). Mechanistic simulation modeling that
captures the dynamics between patients, pathogens, and the environment is particularly useful for studying
complex systems like the healthcare system (13). A simulation model can be used to understand the
dynamics of HAIs and IPC and how various complexities influence these dynamics or to predict outcomes
of IPC interventions. The latter can only be done credibly provided we understand the system well enough.
Simulation modeling provides a risk-free environment where ideas on IPC strategies can be tested in a
systematic manner without the time, costs and risks associated with experiments conducted in a real-world
setting. It is a valuable tool to guide the selection of the most appropriate empirical research to pursue and
to examine the effects of IPC strategies, serving as a “virtual policy laboratory” for decision support by
researchers, policy makers, public health officials, hospital managers and administrators, and other health

care decision makers (14).

Like other modeling methods that try to predict outcomes, simulation modeling does not necessarily provide
precise results that are completely reliable (e.g., the exact number of infections or the precise course of an
epidemic). Perfect prediction using simulation can rarely be achieved as it is impossible to build a model
that fully replicates the real world; particularly when we describe a stochastic system as complex as infection
transmission, which is influenced by human behaviour, pathogen and host biological characteristics, and

the health facility structure among many factors. Nonetheless, simulation modeling can help understand
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the relative effectiveness of different interventions, identify the risk of HAIs for different population groups,
provide confidence intervals on the epidemic behaviors and, therefore, aid decision making. IPC decision-
makers using simulation models for decision-support must consider model assumptions and their relevance
to the particular context in addition to carefully weighing the predicted benefits of interventions against the

inconvenience, stigmatization, and costs they might engender.

A number of reviews have been conducted on mathematical modeling of HAls in the 21st century.
Grundmann and Hellgriegle wrote the first literature review on HAI modeling in 2006; they focused on
explaining the capacity of models to enhance epidemiological understanding in hospitals, and thus their
work was restricted to the detailed description of a number of publications (15). Nelson and his colleagues
(2017) recently carried out a similarly in-depth and limited in breadth literature review on economic analysis
applied to HAIs using dynamic transmission models (16). In contrast, van Kleef et al. (2013) published a
systematic review on the overall trends in application and development of mathematical models of HAls
over time (17). Lastly, Opatowski et al. (2011) illustrated the overall progress of mathematical and
simulation modeling of multi-drug resistant bacteria spread in both the community and hospital settings

(18).

Since these reviews were conducted, a significant number of simulation models, including agent-based
models (ABM) and hybrid models, exploring the dynamics of HAls have been published. The application of
simulation modeling of HAIs has grown rapidly, possibly due to the recognition of this method’s advantages
and the increasing capabilities of computers. The current adoption and application of HAIs simulation
modeling need to be consolidated and updated to facilitate further development of appropriate models,
enabling the investigation and evaluation of the best practice for IPC under different healthcare settings
from clinical and economic perspectives. Therefore, we conducted a systematic review to establish a) how
simulation models have been utilized to investigate HAIs and their mitigation, b) how these models have
evolved over time, and to identify c) gaps in their adoption and d) useful directions for their future

development.

Reviewed Simulation Modeling Types
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System Dynamics (SD) — A top-down continuous simulation modeling method which characterizes the
structure of dynamic and complex systems, using stocks, flows, feedback and delays within such systems
to explore how the system structure determines the system behavior (19). Stocks (or “levels”) are defined
as aggregation or accumulations of inflows and outflows over an interval of time. Flows (or “rates”) change
a stock over time by adding to (inflows) or subtracting from that stock (outflows). SD models are well-known
for their ability to depict non-linear relationships which derive from the existence of feedback processes that
exist where actors within a system will later be affected by their actions (19). In this review, we also consider
compartmental models from the mathematical epidemiology and ecology literature that describe the
disease transmission dynamics and link them to aspects of healthcare facilities and provision of services
that effect outcome. These models similarly take a top-down approach that often assumes continuous time,

and they are implemented using differential equations (20).

Discrete Event Simulation (DES) — A process-based simulation method used for modeling the operation of
a system as a discrete sequence of activities and events in time, characterizing and analyzing queuing
processes and networks of queues, and solving problems of resource utilization (21). Events, entities,
attributes, and resources are the key components in DES. Entities are passive individual objects that
possess attributes. These attributes are unique characteristics or features such as age and health status.
Resources, as defined in DES, require time to provide a service to an entity, making other entities wait and
form a queue. Entities consume resources while they experience events. However, the consumption of
those resources does not depend on individual-level entity behavior. As entities use up resources they are
indirectly competing with other entities in the queue (22). DES allows for capturing the effect of variability,
stochasticity, and randomness of multiple elements within a system, but it does not explicitly model

feedbacks or interactions between entities (23).

Agent-Based Model (ABM) - A bottom-up simulation method for modeling dynamic and adaptive systems
with autonomous entities called agents and their environment (24, 25). The agents are described by their
properties, actions, decision rules, and possibly goals, and they interact with one another and the
environment. They live in the environment and sense it. They decide what action to employ at a certain

time on the basis of their own state, their own defined decision rules and the environment state (including
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other agents with which they interact). Agents can have explicit targets to minimize or maximize, and they
can also learn and adapt based on experience. Agent-agent and agent-environment interactions result in
the update of agents’ internal state or decision on their next actions. Similarly, the environment’s state can
update. As agents and the environment interact and evolve or potentially co-evolve, micro- and macro-level
patterns emerge. We also view similar microsimulation and individual-based models from the mathematical
epidemiology and ecology literature as ABMs in this review, though in these models the entities are often

only reflexive and do not make autonomous decisions.

Hybrid simulation models — A simulation modeling method that combines the methodological strengths of
at least two different simulation modeling methods (26). We describe a number of designs for hybridizing

simulation models based on work by Morgan et al. (2017) (23).

- Sequential design — A design for combining two or more simulation modeling methods that can
capture different parts/behaviors of the same system or at different levels of detail. The simulation
models that are hybridized interact with one another in a way that information or data is passed
from one model to the next model.

- Enrichment design - A design for combining two or more simulation modeling methods to form a
single model in which one method remains the core method that defines the system and other
enhancing methods are transferred into and embedded within the primary method.

- Integration design — A design for combining two or more simulation modeling methods to form a
single model which presents one coherent and concise view of the system, and captures interactive
influences within the system.

- Interaction design - A design for combining two or more simulation modeling methods in which
individual models can operate independently but work together to capture interactive influences
within the system.

- Parallel design - A design for combining two or more simulation modeling methods that provide two

potential representations of the same system, offering complementary insights of the system.

Table 1 provides an overview of the assumptions, inputs, outputs, and data dependency for each simulation

modeling method. Other studies compare different aspects of these simulation methods more generally
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than in HAI but in greater detail, including Parunak et al. (1998), Phelan (1999), Schieritz and Milling (2003),

Borshchev and Filippov (2004), Rahmandad and Sterman (2008), Siebers et al. (2010), Scheidegger et al.

(2018) (25, 27-32).

Table 1: An overview of the assumptions, inputs, outputs, and data dependency of SD, DES, and ABM

Assumptions

Entities within each stock are
mixed homogeneously;

simulation is deterministic.

Entities are passive and do not
interact with one another or learn
from or adapt to the
environment, but they can be

heterogeneous; simulation is

Entities can be heterogeneous
and autonomous decision-
makers, who can learn and
adapt to their environment;

entities can interact with each

stochastic. other; simulation is typically
stochastic.

Inputs Stock and feedback and Structure of queuing network; Agent types and definitions in
accumulation structures; initial ~ types of entities and resources terms of their characteristics,
levels of stock/sub- (e.g., HCWs, hospital beds, and possible actions and rules of
populations aggregated by equipment), and their behavior; initial number of
particular characteristics; characteristics; time between agents; environment
rates which characterize the entity arrivals, and number of characteristics and rules;
inflows and outflows of a entities per arrival; service time definition of agent-agent (e.g.,
stock. or delays. network), agent-self, and agent-

environment interactions.

Outputs Deterministic time-series of Stochastic time-series of, and Stochastic (typically) time-series
population/stock levels and insight into, operational of population and sub-
flows and insight into performance outputs such as population outputs such as
behaviour of the system. queue lengths, utilization of number of entities in a specific

resources, and frequency of state, frequency of actions, and

events; tracking of individual frequency of events as well as

entities. state of the environment;
insights into the system
emergence behaviour; tracking
individual entities.

Data Objective data at aggregate Depending on simulation aims, these methods can be highly data-

Dependency levels supplemented by dependent as they model entities at the individual level and try to
judgmental, subjective data describe variations in their characteristics and other inputs.
and informational links

Methods

Information Sources and Search Strateqy
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Pubmed, EMBASE, Cochrane Library, ABI/INFORM Collection via ProQuest, Business Source Complete
and Scopus were searched from the date of inception to the 19" of February 2019. Results were restricted
to peer-reviewed publications written in English. Search terms for healthcare-associated infections were

combined with search terms for simulation models as follows:

e Infection OR infections

AND

e Health care associated OR hospital acquired OR nosocomial OR HAI* OR HCAI*

AND

o System dynamic* OR compartmental OR agent based OR microsimulation™ OR discrete event* OR

simulation*

All databases were searched identically. The detailed search strategy for each database is in Appendix A.

Reference lists of the previous literature reviews (15-18) were also searched for relevant citations.

Eligibility Criteria

We included studies which had fulfilled all of the following criteria: 1) simulation modeling of the dynamics
of HAI transmission, clinical and economic evaluation of preventions for HAls, and/or the dynamics of
antimicrobial resistance; 2) simulation models including SD, DES and/or ABM; 3) a primary focus on HAI
transmission in healthcare settings including hospitals, long term care facilities (LTCFs) (e.g., nursing

homes, and care homes) and/or medical centres.

Exclusion Criteria

We excluded studies which did not involve: either 1) human-to-human transmission; or 2) human-
environment-human transmission, or did involve: 3) animal transmission of HAI; or 4) pharmacokinetics
and/or pharmacodynamic of antimicrobial drugs and/or molecular biological perspectives within host (e.g.,

molecular mechanisms of antibiotic resistance within host, efficacy and/or side effects of antibiotics, mode
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of action of drugs); or 5) within host immunity or strain competition only; or 6) community transmission of
pathogens spread in the healthcare environment as well, where the focus of the papers was community
spread (e.g. SARS epidemics); or 7) literature review which did not contain new primary studies.
Furthermore, we did not include editorials or letters to editors.

Data Collection Process

Data was extracted for the included studies, categorized and summarized in tabular format (Table A1 in

Appendix A).

Data Items

We extracted key data to answer the objectives of this review. Firstly, this contained the basic information
of the studies (study title, authors, year of publication). Secondly, as the main purpose of the review was to
explore the existing use of simulation modeling for understanding HAI transmission and improving IPC in
various healthcare settings from clinical and economical perspectives, we looked for the following codes:
country of research, setting, type of simulation model, research theme, aim of the simulation model,
pathogen, and inclusion of economic analysis. Additionally, because we were interested in how models of
HAI transmission in healthcare settings were simulated to evaluate the effectiveness of IPC strategies, data
on the type of intervention and the type of interactions (i.e., patient-healthcare worker (HCW), HCW-HCW,
patient-patient, patient-visitor, environment reservoir for transmission, interaction between health facilities
and interaction between health facility and community) were also extracted. Furthermore, to explore how
different types of simulation models and hybrid models have been utilized, we looked into technical
perspectives of these models which included whether sensitivity analysis, software used for simulation,
calibration, validation and verification, transferability and generalizability were performed and how they

were performed.

Results

Study Selection

Figure 1 shows the process of identification, screening and selection using the PRISMA flowchart (33).

There were 606 records identified from electronic database searches and 25 records from other sources.



186  After removing duplicates and reviewing the title and abstract of the remainder, full-text articles were
187 retrieved for the retained 109 records to assess their eligibility. Further 54 records were removed as they
188 either did not meet the inclusion criteria. An additional 13 studies were identified via reference screening of

189 the existing systematic reviews (15-18). Overall, 68 publications were included and reviewed in detail.
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191 Figure 1: PRISMA Flow Diagram

192 Causative Organisms Modeled

193  Almost half of the included studies investigated the dynamics of Methicillin-resistant Staphylococcus aureus
194 (MRSA) in a healthcare setting (47%, 38 studies) followed by Vancomycin-resistant Enterococci (VRE) and
195 Clostridium difficile (CD) with significantly less studies (12%, 10 studies and 7%, 6 studies respectively).

196 Other pathogens have rarely been the subject of interest for studies in this field.

197 Country of Research
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A quarter of the publications did not specify a particular country. Of the studies that did specify a particular
country: only two (3%) looked at healthcare setting in a middle-income country (South Africa and Thailand)
and another three (4%) looked at an upper middle-income country (China). The majority of publications

(68%, 46 studies) concentrated on HICs of which nearly half were the US (21 studies).

Types of Simulation Model

SD models accounted for 38% of the simulation models (26 studies). The first SD model of HAls was
developed in 1997 (34) while ABM and DES models of HAls were only introduced in 2005 and 2006
respectively (i.e., nearly 10 years later) (35, 36). Although ABM and DES models of HAls were introduced
nearly concurrently, ABMs were used much more frequently to model HAls than DES, and they accounted

for more than a third of the reviewed models (38%, 26 studies).

Model Hybridization

Hybrid model use has increased since they were introduced in 2007 (37). Thirteen percent of the included
studies (9 studies) adopted hybrid models which combined two types of simulation modeling (37-45). Based
on a toolkit of designs for hybridizing two types of simulation modeling proposed by Morgan, Howick and
Belton (2017) (23), we identified that six studies mixed ABM and SD models using either the enrichment
(38), interaction (39) or integration (40, 44, 45) approach. Two studies adopted a sequential design to
combine SD and DES (42, 43) and one used a SD model and a stochastic continuous time Markov chain

model in a parallel design (41).

Sequential Design

Van den Dool et al. (2008) used a sequential design in which SD and DES was combined to capture
different parts of the same system (43). This approach provided emergent insights as understanding of the
system was enhanced. In their study, a SD model was first built to simulate an influenza pandemic in the
community. DES was then adopted to simulate the transmission dynamics of nosocomial influenza in a
LTCF. As the prevalence of influenza virus in the community influences the rate at which patients,

healthcare workers (HCWs) and visitors introduce the virus when they enter the LTCF, the prevalence and
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the incidence of infections generated by the SD model were passed to the DES model. This hybridization
improved understanding of transmission dynamics of nosocomial influenza in a LTCF by taking into
consideration the impact of infection prevalence in the community on that LTCF. Wendelboe et al. (2015)
reconstructed this hybrid model and validated it using the collected surveillance data for the period of 2006-

2007 obtained from an active system of 76 LTCFs in New Mexico (The US) (42).

Enrichment Design

In 2011, Barnes et al. adopted an enrichment design to combine an ABM and a SD model to form a unified
model. The study investigated how the interconnectivity and transfer of patients between various healthcare
facilities influences the prevalence of HAls at each facility (38). The SD model was simulated to determine
the proportions of three patient states of infection (i.e., susceptible patients, persistently and transiently
asymptomatic carriers) which formed a unique state for each healthcare facility. An individual facility was
then modeled as an agent in a network of many healthcare facilities in the ABM. The role of the SD
component was to generate the distinct characteristics of each agent and it was embedded within the ABM
method. Meanwhile, the emphasis was placed on the ABM component of hybrid model as it was responsible

for addressing the objectives of the study as stated above.

Integration Design

In 2013, Sadsad et al. designed a hybrid model by mixing SD and ABM into a single model in an integration
design to look into MRSA transmission dynamics in a hospital at multiple-levels (40). The SD method was
employed to simulate the flow of patient and HCW between different hospital wards and rooms represented
as stocks. ABM was adopted to model transmission between patient agents mediated by HCW agents.
During the modeling process, neither systems simulation methods were dominant, but they were

inseparable.

Caudill et al. (2013 and 2017) also integrated a SD model and an ABM to form a single, unified hybrid
model which respectively captured the intra-host dynamics of antibiotic resistant bacteria and inter-host
dynamics of HAI spread among patients and HCWs (44, 45). The ABM component facilitated the simulation

of interactions between patients and HCWs. Individual patients and HCWs were represented as agents
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characterised by distinct properties and behaviors. The SD component simulated the changes in the internal
pathogen population of each agent, called bacteria population vector, over time which form one of the
elements driving the transmission probabilities during events of agent-interactions. This bacteria population
vector of each agent defined the colonization or infection status of that agent. The statuses of agents
affected the transmission of bacteria between agents. Whenever interactions between two agents occurred
or patient agents received the application or dosage of a specific antibiotic, the SD component was invoked
to simulate the dynamics in bacteria population vector within each agent and update its
infection/colonization status. The ABM and SD component of the hybrid model were treated on an equal

footing.

Interaction Design

Kardas-Sloma et al. (2013) used a previously developed ABM (i.e., NosoSim (46)) to simulate the spread
of MRSA among patients and HCWs in a hypothetical ICU (39). This model was coupled with a SD model
which simulated the transmission of MRSA in the community through hospital admissions and discharges.
The hybrid model captured the interactive influences between hospital setting and community setting while
the transmission within each setting was grounded in each method. The ABM and SD model adopted could
operate independently or they could work together to enhance the understanding of the impact of overall

reduction in antibiotic use upon MRSA selection in both settings.

Parallel Design

Wang et al. (2017) developed two separate HAl models using SD and a stochastic continuous time Markov
chain which offered two possible representations of the transmission dynamics of MRSA in a hospital (41).
The hybrid model helped obtain complementary insights of the single system and revealed plausible
explanations of the system’s behaviors. This was achieved by the introduction of the SD model for the
transmission of MRSA in a hospital followed by a stochastic epidemic model to check the important features
which had not been well illustrated in the other model. No interaction between the two models was

observed.
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The study of D’Agata et al. (2007) applied the same approach to model the transmission dynamics of
antibiotic resistant bacteria in a hospital setting from different levels of details (37). An ABM was used to
model heterogeneous patient and HCW behaviors within a typical hospital setting and simulate infection
spread. A corresponding SD model represented the system at an aggregate level that provided the

interpretation for the behaviors of the ABM over a large number of simulations (37).

Sequential, enrichment, interaction and integration designs of model hybridization have been useful for
capturing different aspects/behaviors of the same system while a parallel design offers two possible

presentations of the same system.

Sensitivity Analysis

Upon completion of building a simulation model, it is important to evaluate how sensitive/robust the model
is to various sets of initial conditions that we are using (i.e., examination of the influence of varying
parameter inputs on model results) because of the uncertainty of input parameter values and distributions
for simulation model of HAls (47). This process is called sensitivity analysis. Less than half of the studies
included sensitivity analysis (47%, 32 studies). Of the studies that conducted a sensitivity analysis using
one type of sensitivity analysis, univariate sensitivity analysis was the most common method (24%, 16
studies). Probabilistic sensitivity analysis (PSA) was the second most common method but to a significantly
less extent (12%, 8 studies). PSA is generally regarded as a more rigorous method to explain uncertainty
in the joint distribution of parameters (17), and is recommended in health economic evaluation guidance
(48). Furthermore, two recent studies employed the combination of univariate and multivariate/probabilistic
sensitivity analysis to investigate model sensitivity (49, 50). The number of studies conducting sensitivity

analysis and the use of more sophisticated approaches have been increasing in recent years (Figure 2A).
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Figure 2: A/ Use of different types of sensitivity analysis over time; B/ Inclusion of calibration, validation and

verification process in simulation models of healthcare-associated infections (HAIs).

Validation/Confidence Building and Verification

The usefulness of a model and its results is particularly important to many stakeholders who use the results
for decision-making or who are influenced by decision-making based on models (51). The ultimate goal of

validation/confidence building and verification of a simulation model is therefore to ensure the
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correspondence between reality and the implemented model to the degree which satisfies the intended

application or purpose of the model (47).

Extensive model validation had not been common practice in HAI simulation modeling but the percentage
of publications including model validation increased until 2010 and has since remained relatively constant
(Figure 2B). More than a third of the included publications did not mention any sort of validation (24 studies).
Almost half of the simulation models that contained stochastic element (30 studies) were validated by using
the single approach of internal validity, in which several simulations were performed to assess their
stochastic variability. The lack of consistency in a model’s results may cause the appropriateness of the
investigated system or the strategy/policy to be questionable (51). Historical data validation, which uses a
part of the collected data other than the data used for model building to test if the model behaves as the
real system does (51), was found to be used as the single method of validation in 4 other studies (6%).
Other validation methods were rarely used. Recent simulation models combined multiple validation
methods to achieve a more thorough validation approach (37, 39, 42, 49, 50, 52-56). With respect to the
different simulation methods, approximately half of SD and hybrid simulation models depicted a validation
approach while a higher proportion was observed for ABM and DES models (i.e. 73% and 86%
respectively). Over half of hybrid simulation models that included a validation method used combinations
of validation approaches. This number occupied a third of all models using mixed approaches to validation.
Only 1 out of a total of 68 studies described how verification was conducted, using good documentation of
the model building process and randomly checking whether the simulated behaviors of selected agents of

each type matched the intended behaviors of the conceptual model (49).

Model Parameters and Model Calibration/Model Fitting

Parameters used for the simulation models came from published studies, assumptions, and/or real-world
data obtained from clinical databases, observations, surveys, or estimated directly from data. Calibration
has traditionally been considered as a method to adjust unavailable or unobserved parameters, such as
infection transmission rates, to achieve a good fit with the data (57). Although the proportion of models that
included some form of calibration is small (31%, 21 studies), this figure increased between 1997 and 2007

and has remained stable thereafter (Figure 4). The models in this review used a number of calibration

15



330

331

332

333

334

335

336

337

338

339

340

341

342

343

344

345

346

347

348

349

350

351

352

353

354

355

approaches: maximum likelihood estimation (58, 59); the least square criterion (60, 61); Monte Carlo (39),
Markov Chain (49), and combinations of these methods (35, 40, 50, 52, 62-64). In particular, McBryde et
al. (2007) used a combination of Bayesian estimation and Markov Chain Monte Carlo for model fitting (64).
Similarly, Sadsad et al. (2013) combined a scatter search algorithm and a least square criterion for model
calibration (40). Other studies compared model predictions to observed epidemiological data (35, 50, 52,

62, 63) while the rest did not specify the model fitting approach.

Setting and Interaction between Settings

The simulation models of HAIls primarily depicted a single ward setting (34, 65, 66). The majority of the
models included in this review simulated transmission of HAls in an intensive care unit (ICU) setting (25%,
17 studies) or a simplified hospital setting (32%, 22 studies) of which most lacked any further ward structure
(12 out of 22 studies, 55%). General wards were modeled in five studies (7%) of which three specified a
particular type of ward (i.e., an out-patient long-term hemodialysis (66), a dialysis unit (67) and a vascular
unit (54)). One recent study incorporated various types of hospital ward with a distinct nature into one
model, including hospital wards designated as either General Care, Observation and Step-down, or
characterized as surgical and medical (50). Additionally, a small number of studies (5 studies, 7%) modeled
transmission dynamics of HAls in LTCFs for pathogens such as influenza (42, 43, 68), MRSA (69) and viral
nosocomial gastroenteritis (62). Pediatric health facilities were considered in merely three studies (52, 70,

71).

The majority of publications took neither transfer patterns between healthcare facilities nor transmission
dynamics within healthcare settings into consideration although most ward or hospital-based simulation
models included did not view the hospital as a closed system (e.g., inclusion of hospital admission and
discharge rates from and into community). Recently published studies incorporated the interaction between
ICUs and general wards, or between general wards within a hospital (35, 40, 49, 72, 73). Donker et al.
(2010) was the first to look at the impact of different referral patterns among various categories of hospitals
upon MRSA infection rates (74). A year later, two other studies also examined the interaction between

settings for MRSA (38, 75). Furthermore, the studies of Lee and his colleagues published in 2013 explored
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the transmission of MRSA within a setting in which multiple hospitals, LTCFs, and the community interacted

with one another (76, 77).

Modes of Interaction

The majority of studies asserted that the interaction between patients mediated via HCWs is the primary
cause of HAI transmission in healthcare settings (75%, 51 studies). The remaining 17 studies (25%) did
not specify any types of human-human or human-environment-human interaction that had been considered
in their models. In contrast, a significantly smaller proportion of models in the review simulated other types
of interactions within healthcare settings. In particular, both direct contact between patients or indirect
contact via a contaminated environment were modeled in 24% and 22% of the included studies respectively
(16 and 15 studies), followed by direct contact between HCWs (16%, 11 studies) and visitor-patient contact
(only 13%, 9 studies). Additionally, the inclusion of contact between family caregiver and HCW was a
distinct characteristic of the models set up in NICU (52, 70). This type of interaction is of importance and
likely to happen within pediatric healthcare settings where parents are often (if not always) involved in

childcare activities.

Software

Just over half of the studies in this review specified the software on which the simulation model had been
built (53%, 36 studies). Table 1 shows that C++, MATLAB, AnyLogic, and NetLogo were the most popular.
Although ABM was introduced much later than SD and DES, there was a growth in the number of software
available for ABM users. MATLAB, NetLogo, Anylogic and Repast were used to hybridize different kinds of

simulation models, mainly for mixing SD and ABM.

Types of Healthcare Workers Modeled

Only a quarter of the publications clarified different kinds of HCW modeled. They mainly included doctors
and nurses who are primarily responsible for the delivery of care in a healthcare facility, therefore having
the most frequent contact with patients (24%, 17 studies). Only a small proportion of the models simulated

transmission caused by HCWs other than doctors and nurses (8%, 6 studies) which included peripatetic
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HCWs (46, 53), rogue HCWSs (10), respiratory therapists, occupational therapists, speech therapists,
physical therapists (78), admission personnel, auxiliary personnel and cleaning staff (79), and volunteers
(80). Additionally, Jemenez et al. published a study in 2013 that created one of the most comprehensive
social networks among patients and different types of HCWs in a simulated hospital in which individuals

had their own activity schedule (78).

Interventions for HAIs Being Modeled for Effectiveness Evaluation

The main theme of simulation modeling studies in HAls has been to evaluate the effectiveness of various
IPC strategies (87%, 59 studies). The intervention strategies being investigated in the studies included in
this review were: hand hygiene (39%, 23 studies), patient isolation (27%, 15 studies), screening and
antibiotic stewardship (22% for each type of intervention, 13 studies), decolonization (19%, 11 studies) and
HCW cohorting (17%, 10 studies). Some studies assessed the effectiveness of integrating two different IPC
strategies including the effect of combining hand hygiene and decolonization for MRSA (81), isolation and
screening for MRSA (35), and screening and contact isolation (82). A study published in 2015 used
simulation modeling to conduct a more intensive assessment of the impact of mixing four different
interventions (49). Similarly, another publication released a year later assessed the benefits of a “bundle”
IPC strategy (83). Researchers have not extensively explored IPC measures such as vaccination, patient

cohorting, barrier precaution, environmental disinfection and referral patterns.

Economic Evaluation

A minority of the included publications included an economic evaluation of HAIs (10 studies, 15%). A model
published in 2009 first adopted DES to conduct a cost-effective analysis based on actual data from two
hospitals in the US (59). This study strongly suggested the association between length of stay (LoS) and
HAIs which had been ignored in previous publications (84, 85). Recently published studies paid more
attention to the economic aspect of HAIls. They have estimated cost-effectiveness for different IPC
strategies and investments, mainly for MRSA (59, 71-73, 86, 87) followed by CD (83, 88). Economic
analyses were carried out for a single intervention (i.e., hand hygiene (59, 71), isolation (59), vaccination

(70, 88), patient room design (56)), combination of two (59, 73) or three interventions (86, 87), and a

18



407

408

409

410

411

412

413

414

bundled strategy (83). It can be clearly seen that most studies focused on the cost-effectiveness evaluation

of hand hygiene, screening and isolation. Table 2 gives a summarized description of the included studies’

economic analysis for HAls.

Table 2: Description of the studies that included economic analysis

Transferability and Generalizability

Hagtvedt (59) 2009 MRSA, ICU Cost effective Hand hygiene, isolation and
VRE analysis combination of measures
Hubben (72) 2011 MRSA DES Entire Cost effective  Selected vs universal screening
hospital  analysis
Greer (70) 2011 Pertussis ABM NICU Cost effective  No vaccination vs vaccination
analysis
Robotham (86) 2011 MRSA ABM ICU Cost effective  Screening, isolation, decolonization
analysis and combination of measures
Gurieva (73) 2013 MRSA DES ICUs Cost effective  Screening, isolation and combination
and analysis of measures
general
wards
Nelson (83) 2016 Clostridium  ABM Entire Cost effective  Bundled measure including testing,
difficile hospital  analysis isolation, hand hygiene, contact
precautions, soap and water for
hand hygiene, and environmental
cleaning
Robotham (87) 2016 MRSA ABM Entire Cost effective  Options for MRSA screening for
hospital  analysis admitted patients (no screening,
checklist-activated screening, and
high-risk specialty-based screening),
isolation, decolonization and
combination of measures
Shin (56) 2017 MERS SD Entire Cost effective  Patient room design
hospital  analysis
Stephenson 2017 Clostridium  SD Entire Cost effective  Vaccination strategies
(88) difficile hospital analysis
Luangasanatip 2018 MRSA SD ICUs Cost ultility  Hand hygiene
(71) analysis

Because of economical, logistical and theoretical benefits, it is important for model users to understand how

to enhance model transferability and generalizability during model development. However, as models

imperfectly represent real systems and are contextually constrained during their development, care needs
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to be taken when transferring and generalizing an existing model to avoid unintentional misapplication. The
majority of studies included in this review did not discuss the transferability and generalizability of the
developed simulation models (78%, 53 studies). Of the studies that did mention these aspects, they briefly
discussed the possibility of transferring their simulation models to assess HAI transmission dynamics for
different pathogens (34, 36, 40), in different healthcare settings (34, 40, 59), and to evaluate the
effectiveness of different sets of interventions (36, 59). However, a methodology for model transferring or
generalizing, rather than modification of parameter values, model setup and assumptions, was not clearly

explained.

Benetfits of Using Simulation Modeling

Only five studies mentioned the benefits of using simulation modeling in healthcare (7%). The reasoning
outlined in the studies to rationalize the employment of this method included time, cost and practical and
ethical considerations of experimental or observational research methods like randomized controlled trials
(34, 45). Another reason was the complexity of transmission dynamics, spread and resistance of HAls
which involve numerous interdependent and dynamic interactions and cannot be completely captured by
epidemiological studies (64, 89, 90). The advantages of ABM over other simulation modeling methods were
also discussed in 4 papers, mainly emphasizing its capability to simulate the heterogeneity of patients and
behaviors of HCWs in healthcare settings and their contact networks (36, 45, 46, 67). These studies
indicated that ABM was the most appropriate for modeling an ICU where the population size is small and
patient turnover is high. Neither a clearer explanation of the pros and cons of each simulation modeling nor

when to combine them and what the benefits of doing so were found in the reviewed studies.

Discussion

How have Simulation Models been Used to Enhance the Understanding of HAIs and IPC?

MRSA was the predominant pathogen modeled, followed by VRE and CD to a significantly lesser degree.
As MRSA accounts for high rates of morbidity and mortality, and can lead to metastatic or complicated
infections like sepsis or infective endocarditis, it remains a global health issue (91). Similarly, VRE has been

a significant cause of HAls, likely affecting the most vulnerable patient groups and accounting for significant
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mortality rates with prolonged LoS and therefore increased healthcare costs (92). Both of these pathogens
have become the subjects of national IPC policies and the targets of national surveillance systems in a
variety of HICs (92-94). Therefore, it is understandable why MRSA and VRE have been the pathogens of

interest in many simulation models for HAls.

The problems of HAls in LMICs where the burden is significantly higher than HICs are rarely addressed in
the literature and particularly in simulation modeling studies. The prevalence of HAls in LMICs is at least
double the prevalence in Europe (9). Additionally, the incidence of HAls acquired in ICUs in LMICs triples
the incidence in the US (95). However, our review found that only a minority of simulation models for HAIs

in LMICs were developed.

ICUs have remained the subject setting of several simulation models as they are one of the most dynamic
and complex areas in a hospital. Simulation models for HAls have also become more complex in terms of
the settings being modeled. Earlier studies generally modeled a single ward (usually an ICU) or a simplified
hospital lacking of any further ward structure while more recent studies were likely to incorporate different
types of wards (ICUs and general wards), as well as consider the transmission across health facilities (e.g.,
mainly between hospitals), and the community. Future studies could investigate interactions with LTCFs,
other types of healthcare facilities, and the community to provide a more realistic estimate of HAI incidence
and prevalence, and the effectiveness of IPC policies. Pediatric settings were rarely considered although
pediatric patients have higher rates of viral lower respiratory tract infections and bloodstream infections
than adults, especially those younger than 2 years of age and those demanding care in NICUs and pediatric

ICUs (96).

As the most popular transmission routes of infections in healthcare settings are via the transiently colonized
hands of HCWs and/or contaminated medical equipment and the environment, modeling interactions
between patient and HCW has dominated this field of research, followed by the environmental reservoir for
transmission although to a much lesser extent. Simulation modeling studies have hardly considered direct
HCW-to-HCW contact or interactions between visitors/caregivers and patients. Visitors/family caregivers
can play a very important role in infection transmission in a health facility, especially in settings such as

pediatric or geriatric health facilities where patients often need extra care. In many cultures including Asian
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countries and LMICs, having visitors and caregivers on a regular basis is common practice and sometimes
encouraged due to a considerable shortage of staff and a need to reduce medical costs to patients (56).
As visitors and caregivers are also more mobile than patients, they are both highly susceptible to contracting
infections and potentially able to transmit pathogens to various locations inside and outside as the hospital

(78).

When to Use Which Simulation Modeling Method?

The application of three types of simulation models to investigate HAls has greatly changed over time. SD
is suitable for investigating the long-term behavior of the system containing large patient populations which
are considered to be homogenous and therefore aggregated into compartments (97). Thus, it is useful for
macro-level modeling to reflect long-term consequences and discover long-term solutions that may provide
effective aids in policy decision making at a high-level. Although SD has long been used to analyze HAI
dissemination in hospitals and IPC policies, it could not address the spatial detail and microstructure of a
healthcare facility, the complexity and heterogeneity of contact networks within a healthcare setting and the

stochasticity of interactions within such networks (79).

By contrast, ABM has been found to be significantly helpful in overcoming the limitations of SD which may
explain the increasing use to model HAIs in recent years. It is easier and thus preferable for modeling the
heterogeneity of a small population like an ICU rather than a large population setting (98). Healthcare
settings in general and ICUs, in particular, are spatially intricate environments where complex interactions
between specific sets of individuals are a key driver of transmission. Not every primary physician,
consultant, and nurse see every patient, leading to a highly heterogeneous social and contact network (36).
Diagnostic uncertainty (i.e., whether an individual is infected is not always known) also complicates the
transmission of HAls. This accentuates the importance of impacts of stochastic interactions and chance
events upon the transmission and spread of HAls. ABM can also help understand the influence of different
patient referring and transferring patterns among healthcare facilities within a network due to variations in
their geographical locations, policies, services provided and variations in individuals’ decision. A limitation
of ABM is the requirement of reliable and detailed data for model building and validation which are not

always readily available (61). Higher levels of behavioral detail produced by ABM causes greater
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computational intensity, and difficulty in performing model parameterization and extensive uncertainty
analyses which are essential for reliable predictions. As ABM and hybrid models become increasingly
popular, the adoption of more sophisticated methods and mixed methods for sensitivity analysis, calibration

and validation were more frequently observed in more recently published studies.

Similar to ABM, DES allows incorporation of detailed patient attributes and is well-suited for modeling the
procedure of activities that patients need to progress through (99). However, unlike ABM, DES does not
consider social contacts and interaction among individuals, and therefore, transmission of infections needs
to be simulated indirectly in a DES model (100). DES cannot model individual-level behaviors such as
learning, adapting and autonomous decision-making as ABM does. Nor can it capture feedbacks in a
system as SD does. It is, therefore, less satisfactory for simulating transmission of pathogens, possibly
accounting for the less frequent application of this simulation modeling method in HAls in comparison with

the use of SD and ABM.

The adoption of hybrid simulation models has become increasingly common. As all three simulation
modeling methods have different benefits, limitations, strengths, and weaknesses, mixing methods
potentially overcome some of the drawbacks faced by using a single approach and/or provide more
plausible explanations of a problem which a single method on its own could not handle. For example, SD
is useful in providing a holistic view of the feedback dynamics of HAI transmission in a complex healthcare
system but cannot take account of the heterogeneity of individual patients and HCWs, and the stochasticity
resulting from their behaviors and interactions which are the distinct features of ABM. As healthcare
systems are highly complex, dynamic and interconnected, HAIs and other problems in the context of
healthcare gained from different simulation modeling methods may benefit from the complementary view
gained from using multiple simulation modeling methods together. However, a clear framework and

philosophical foundation for hybridization have not yet been established in any of the reviewed publications.

Few studies included in this review explicitly explain why they choose one method over the others to answer
their research questions. Therefore, the rationale underlying the use of different simulation methods in HAls
is still not clear. The choice of simulation method should be problem-driven and depend on the research

objectives and the availability of data. Future modeling studies should be encouraged to include explicit
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explanation for the selection of a specific simulation method. This would provide insights for researchers
and modelers in this field with respect to the different uses for each simulation methodology. Furthermore,

a full framework for choosing a simulation method should be broached in future research.

Implication

The review provides an overview of the development and application of systems simulation modeling in
HAls from which gaps of research in this field can be identified. Firstly, the transmission patterns of HAls in
LMICs require further studies as they are likely to be dramatically different from the ones in HICs due to
many factors such as poor infrastructure, insufficient environmental hygiene conditions, different staff
cohorting, shortage of HCWs, HCWs’ knowledge and compliance to IPC measures, overcrowded
healthcare facilities, absence of comprehensive IPC guidelines and policies, lack of procedure, and different
antibiotic prescribing and referral patterns. Secondly, pediatric hospitals and other types of healthcare
setting like LTCFs, as well as interactions between settings were not extensively investigated. Furthermore,
understanding of patient sharing and referring networks among healthcare facilities driven by operational
and financial alliances needs to be improved. Thirdly, the number of studies adopting hybrid simulation
models are still limited, possibly because of the unavailability of clear guidelines and frameworks for hybrid
model development. As it is argued that most, if not all, real-world problems tackled with simulation
modeling cannot be solved by SD, DES or ABM alone but require a combination of two or all of them, a
hybrid model resulting from this combination expectedly offers different perspectives of a problem and
generate more insights which will provide better understanding and greater support for decision-making
(101). The use of simulation modeling for economic analysis of different IPC measures and strategies has
increased but is still relatively scarce. The application of this method to evaluate the cost-effectiveness of
various |IPC strategies is promising in a sense that it can appropriately guide and prioritize the allocation of
limited resources and funds. Additionally, understanding of other kinds of interactions in the healthcare
setting apart from interactions between doctors/nurses and patients is insufficient. Lastly, the evaluation of
clinical and cost effectiveness was only conducted for a number of commonly used interventions like hand
hygiene, isolation, and screening, further investigation on other IPC measures and a combination of

different strategies is imperative to determine best practice in various healthcare settings. Models can also
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be developed to simulate coordination and collaboration among health facilities to assess the impact of a

regional IPC program.

Conclusion

The review aims to consolidate and update the development and application of systems simulation
modeling in studying HAls. It can help guide further development of simulation models, especially hybrid
models, to target gaps in knowledge in this field of research. As a summary, the results of this review
indicate that the complexity of simulation models for HAls, in terms of level of details of healthcare settings
and interactions being modeled and methodological designs, significantly increased over time but the
context predominately remained focused on the transmission dynamics of MRSA in hospitals in HICs, rather
than in other types of healthcare settings such as LTCFs or in LMICs. Furthermore, the overview of existing
simulation models in HAls can facilitate and direct researchers to useful areas for further research such as
transmission of HAIs in healthcare settings other than hospitals and across different types of settings.
Further development and application of hybrid simulation models could help to secure further insights into

HAls.

List of Abbreviations

HAls Healthcare Associated Infections

IPC Infection Prevention and Control

HICs High-Income Countries

LMICs Low- and Middle-Income Countries

ABM Agent-Based Model

SD System Dynamics

DES Discrete Event Simulation

PRISMA Preferred Reporting ltems for Systematic Reviews and Meta-Analysis

25



572

573

574

575

576

577

578

579

580

581

582

583

584

585

586

587

588

589

590

5901

LTCFs Long-Term Care Facilities

MRSA Methicillin-Resistant Staphylococcus Aureus
VRE Vancomycin-Resistant Enterococci

NICU Neonatal Intensive Care Unit

CD Clostridium Difficile

HCWs Healthcare Workers

LoS Length of Stay

PSA Probabilistic Sensitivity Analysis

ICU Intensive Care Unit.

Declarations

Ethics approval and consent to participate:

Not applicable.

Consent for publication:

Not applicable as this review does not contains any individual person’s data in any form.

Availability of data and material:

Further data and material are available upon request to the corresponding author.

Competing interests:

The authors declare that they have no competing interests.

Funding:

This work was funded by the University of Strathclyde as part of LKNN'’s doctoral project.

26



592

593

594

595

596

597

598

599

600

601

602

603

604

605

606

607

608

609

610

611

612

613

Authors' contributions:

LN contributed to the methodological design of the review, underwent data extraction and analysis, and
wrote the first draft of the manuscript. IM and SH contributed to the methodological design of the review.

All authors edited and approved the final manuscript.

Acknowledgements:

Not applicable

References

1. Suetens C, Latour K, Karki T, Ricchizzi E, Kinross P, Moro ML, et al. Prevalence of healthcare-
associated infections, estimated incidence and composite antimicrobial resistance index in acute care
hospitals and long-term care facilities: results from two European point prevalence surveys, 2016 to 2017.
Eurosurveillance. 2018;23(46):1800516.

2. Cassini A, Plachouras D, Eckmanns T, Abu Sin M, Blank H-P, Ducomble T, et al. Burden of Six
Healthcare-Associated Infections on European Population Health: Estimating Incidence-Based Disability-
Adjusted Life Years through a Population Prevalence-Based Modeling Study. PLoS medicine.
2016;13(10):€1002150-e.

3. Cassini A, Hogberg LD, Plachouras D, Quattrocchi A, Hoxha A, Simonsen GS, et al. Attributable
deaths and disability-adjusted life-years caused by infections with antibiotic-resistant bacteria in the EU
and the European Economic Area in 2015: a population-level modeling analysis. The Lancet infectious
diseases. 2019;19(1):56-66.

4, Magill SS, O’Leary E, Janelle SJ, Thompson DL, Dumyati G, Nadle J, et al. Changes in prevalence of
health care—associated infections in US Hospitals. New England Journal of Medicine. 2018;379(18):1732-

44,

27



614

615

616

617

618

619

620

621

622

623

624

625

626

627

628

629

630

631

632

633

634

635

636

637

5. Ling ML, Apisarnthanarak A, Madriaga G. The burden of healthcare-associated infections in
Southeast Asia: a systematic literature review and meta-analysis. Clinical Infectious Diseases.
2015;60(11):1690-9.

6. Labi A-K, Obeng-Nkrumah N, Owusu E, Bjerrum S, Bediako-Bowan A, Sunkwa-Mills G, et al. Multi-
centre point-prevalence survey of hospital-acquired infections in Ghana. Journal of Hospital Infection.
2019;101(1):60-8.

7. Nair A, Steinberg W, Habib T, Saeed H, Raubenheimer J. Prevalence of healthcare-associated
infection at a tertiary hospital in the Northern Cape Province, South Africa. South African Family Practice.
2018;60(5):162-7.

8. Ali S, Birhane M, Bekele S, Kibru G, Teshager L, Yilma Y, et al. Healthcare associated infection and
its risk factors among patients admitted to a tertiary hospital in Ethiopia: longitudinal study. Antimicrobial
Resistance & Infection Control. 2018;7(1):2.

9. World Health Organization. Report on the burden of endemic health care-associated infection
worldwide. 2011.

10. Barnes S, Golden B, Wasil E. MRSA Transmission Reduction Using Agent-Based Modeling and
Simulation. INFORMS Journal on Computing. 2010;22(4):635-46.

11. Harris AD, McGregor JC, Perencevich EN, Furuno JP, Zhu J, Peterson DE, et al. The use and
interpretation of quasi-experimental studies in medical informatics. Journal of the American Medical
Informatics Association : JAMIA. 2006;13(1):16-23.

12. Schinaia G, Parisi V. Modeling prevention strategies in public health. Statistica. 2014;74(4).

13. Marshall DA, Burgos-Liz L, MJ 1J, Osgood ND, Padula WV, Higashi MK, et al. Applying dynamic
simulation modeling methods in health care delivery research-the SIMULATE checklist: report of the
ISPOR simulation modeling emerging good practices task force. Value in health : the journal of the

International Society for Pharmacoeconomics and Outcomes Research. 2015;18(1):5-16.

28



638

639

640

641

642

643

644

645

646

647

648

649

650

651

652

653

654

655

656

657

658

659

14. Lee BY, Bartsch SM, Wong KF, Yilmaz SL, Avery TR, Singh A, et al. Simulation shows hospitals that
cooperate on infection control obtain better results than hospitals acting alone. Health affairs (Project
Hope). 2012;31(10):2295-303.

15. Grundmann H, Hellriegel B. Mathematical modeling: a tool for hospital infection control. The
Lancet Infectious diseases. 2006;6(1):39-45.

16. Nelson RE, Deka R, Khader K, Stevens VW, Schweizer ML, Rubin MA. Dynamic transmission models
for economic analysis applied to health care-associated infections: A review of the literature. American
journal of infection control. 2017;45(12):1382-7.

17. van Kleef E, Robotham JV, Jit M, Deeny SR, Edmunds WJ. Modeling the transmission of healthcare
associated infections: a systematic review. BMC infectious diseases. 2013;13:294.

18. Opatowski L, Guillemot D, Boelle PY, Temime L. Contribution of mathematical modeling to the
fight against bacterial antibiotic resistance. Current opinion in infectious diseases. 2011;24(3):279-87.
19. Sterman J. Business Dynamics, System Thinking and Modeling for a Complex World. 2000.

20. Anderson RM. Infectious diseases of humans : dynamics and control. May Robert MRM, editor.
New York: Oxford University Press; 1991.

21. Pidd M. Computer Simulation in Management Science: John Wiley \&\#38; Sons, Inc.; 2004.

22. Karnon J, Stahl J, Brennan A, Caro JJ, Mar J, Moller J. Modeling using discrete event simulation: a
report of the ISPOR-SMDM Modeling Good Research Practices Task Force—4. Medical decision making.
2012;32(5):701-11.

23. Morgan JS, Howick S, Belton V. A toolkit of designs for mixing Discrete Event Simulation and
System Dynamics. European Journal of Operational Research. 2017;257(3):907-18.

24, Gunal MM. A guide for building hospital simulation models. Health Systems. 2012;1(1):17-25.

29



660

661

662

663

664

665

666

667

668

669

670

671

672

673

674

675

676

677

678

679

680

681

682

683

25. Borshchev A, Filippov A, editors. From System Dynamics and Discrete Event to Practical Agent
Based Modeling: Reasons, Techniques, Tools. Proceedings of the 22nd international conference of the
system dynamics society; 2004; Oxford: Citeseer.

26. Mustafee N, Powell J, Brailsford SC, Diallo S, Padilla J, Tolk A. Hybrid simulation studies and hybrid
simulation systems: definitions, challenges, and benefits. Proceedings of the 2015 Winter Simulation
Conference; Huntington Beach, California. 2888809: |IEEE Press; 2015. p. 1678-92.

27. Phelan SE. A Note on the Correspondence Between Complexity and Systems Theory. Systemic
Practice and Action Research. 1999;12(3):237-46.

28. Schieritz N, Milling PM, editors. Modeling the forest of modeling the trees: A comparison of
system dynamics and agent-based simulation. In Proceedings of the 21st international conference of the
system dynamics society; 2003 July 20-24; New York, USA.

29. Van Dyke Parunak H, Savit R, Riolo RL, editors. Agent-Based Modeling vs. Equation-Based
Modeling: A Case Study and Users’ Guide. International Workshop on Multi-Agent Systems and Agent-
Based Simulation; 1998; Berlin, Heidelberg: Springer.

30. Rahmandad H, Sterman J. Heterogeneity and Network Structure in the Dynamics of Diffusion:
Comparing Agent-Based and Differential Equation Models. Management Science. 2008;54(5):998-1014.
31. Siebers PO, Macal CM, Garnett J, Buxton D, Pidd M. Discrete-event simulation is dead, long live
agent-based simulation! Journal of Simulation. 2010;4(3):204-10.

32. Galvao Scheidegger AP, Fernandes Pereira T, Moura de Oliveira ML, Banerjee A, Barra Montevechi
JA. An introductory guide for hybrid simulation modelers on the primary simulation methods in industrial
engineering identified through a systematic review of the literature. Computers & Industrial Engineering.
2018;124:474-92.

33. Moher D, Liberati A, Tetzlaff J, Altman DG. Preferred reporting items for systematic reviews and

meta-analyses: the PRISMA statement. PLoS medicine. 2009;6(7):e1000097.

30



684

685

686

687

688

689

690

691

692

693

694

695

696

697

698

699

700

701

702

703

704

705

706

707

34, Sebille V, Chevret S, Valleron AJ. Modeling the spread of resistant nosocomial pathogens in an
intensive-care unit. Infection control and hospital epidemiology. 1997;18(2):84-92.

35. Bootsma MC, Diekmann O, Bonten MJ. Controlling methicillin-resistant Staphylococcus aureus:
guantifying the effects of interventions and rapid diagnostic testing. Proceedings of the National Academy
of Sciences of the United States of America. 2006;103(14):5620-5.

36. Hotchkiss JR, Strike DG, Simonson DA, Broccard AF, Crooke PS. An agent-based and spatially
explicit model of pathogen dissemination in the intensive care unit. Crit Care Med. 2005;33(1):168-76;
discussion 253-4.

37. D'Agata EMC, Magal P, Olivier D, Ruan S, Webb GF. Modeling antibiotic resistance in hospitals:
the impact of minimizing treatment duration. Journal of theoretical biology. 2007;249(3):487-99.

38. Barnes SL, Harris AD, Golden BL, Wasil EA, Furuno JP. Contribution of interfacility patient
movement to overall methicillin-resistant Staphylococcus aureus prevalence levels. Infection control and
hospital epidemiology. 2011;32(11):1073-8.

39. Kardas-Sloma L, Boelle PY, Opatowski L, Guillemot D, Temime L. Antibiotic reduction campaigns
do not necessarily decrease bacterial resistance: the example of methicillin-resistant Staphylococcus
aureus. Antimicrobial agents and chemotherapy. 2013;57(9):4410-6.

40. Sadsad R, Sintchenko V, McDonnell GD, Gilbert GL. Effectiveness of hospital-wide methicillin-
resistant Staphylococcus aureus (MRSA) infection control policies differs by ward specialty. PloS one.
2013;8(12):e83099.

41. Wang L, Ruan S. Modeling Nosocomial Infections of Methicillin-Resistant Staphylococcus aureus
with Environment Contamination<sup/>. Scientific reports. 2017;7(1):580.

42. Wendelboe AM, Grafe C, McCumber M, Anderson MP. Inducing Herd Immunity against Seasonal
Influenza in Long-Term Care Facilities through Employee Vaccination Coverage: A Transmission Dynamics

Model. Computational and Mathematical Methods in Medicine. 2015;2015: 178247:6.

31



708

709

710

711

712

713

714

715

716

717

718

719

720

721

722

723

724

725

726

727

728

729

730

731

43, van den Dool C, Bonten MJM, Hak E, Heijne JCM, Wallinga J. The Effects of Influenza Vaccination
of Health Care Workers in Nursing Homes: Insights from a Mathematical Model. PLoS medicine.
2008;5(10):e200.

44, Caudill L, Lawson B, editors. A hybrid agent-based and differential equations model for simulating
antibiotic resistance in a hospital ward. Proceedings of the 2013 Winter Simulation Conference -
Simulation: Making Decisions in a Complex World, WSC 2013; 2013.

45, Caudill L, Lawson B. A unified inter-host and in-host model of antibiotic resistance and infection
spread in a hospital ward. Journal of theoretical biology. 2017;421:112-26.

46. Temime L, Kardas-Sloma L, Opatowski L, Brun-Buisson C, Boéllef PY, Guillemot D, editors.
NosoSim: An agent-based model of nosocomial pathogens circulation in hospitals. Procedia Computer
Science; 2010.

47. Wilensky U, Rand W. An Introduction to Agent-Based Modeling: Modeling Natural, Social, and
Engineered Complex Systems with NetLogo: The MIT Press; 2015. 504 p.

48. Baio G, Dawid AP. Probabilistic sensitivity analysis in health economics. Statistical methods in
medical research. 2015;24(6):615-34.

49, Codella J, Safdar N, Heffernan R, Alagoz O. An agent-based simulation model for Clostridium
difficile infection control. Medical decision making : an international journal of the Society for Medical
Decision Making. 2015;35(2):211-29.

50. Shenoy ES, Lee H, Ryan EE, Hou T, Walensky RP, Ware W, et al. A Discrete Event Simulation Model
of Patient Flow in a General Hospital Incorporating Infection Control Policy for Methicillin-Resistant
Staphylococcus Aureus (MRSA) and Vancomycin-Resistant Enterococcus (VRE). Medical decision making :
an international journal of the Society for Medical Decision Making. 2017;38(2):246-61.

51. Sargent RG. Verification and validation of simulation models. Proceedings of the Winter

Simulation Conference; Phoenix, Arizona. 2431538: Winter Simulation Conference; 2011. p. 183-98.

32



732

733

734

735

736

737

738

739

740

741

742

743

744

745

746

747

748

749

750

751

752

753

754

755

52. Greer AL, Fisman DN. Keeping vulnerable children safe from pertussis: preventing nosocomial
pertussis transmission in the neonatal intensive care unit. Infection control and hospital epidemiology.
2009;30(11):1084-9.

53. Temime L, Opatowski L, Pannet Y, Brun-Buisson C, Boélle PY, Guillemot D. Peripatetic health-care
workers as potential superspreaders. Proceedings of the National Academy of Sciences of the United
States of America. 2009;106(43):18420-5.

54, Milazzo L, Bown JL, Eberst A, Phillips G, Crawford JW. Modeling of healthcare-associated
infections: a study on the dynamics of pathogen transmission by using an individual-based approach.
Computer methods and programs in biomedicine. 2011;104(2):260-5.

55. Lee BY, Yilmaz SL, Wong KF, Bartsch SM, Eubank S, Song Y, et al. Modeling the regional spread and
control of vancomycin-resistant enterococci. American journal of infection control. 2013a;41(8):668-73.
56. Shin N, Kwag T, Park S, Kim YH. Effects of operational decisions on the diffusion of epidemic
disease: A system dynamics modeling of the MERS-CoV outbreak in South Korea. Journal of theoretical
biology. 2017;421:39-50.

57. Vanni T, Karnon J, Madan J, White RG, Edmunds WJ, Foss AM, et al. Calibrating models in
economic evaluation: a seven-step approach. PharmacoEconomics. 2011;29(1):35-49.

58. Cooper B, Lipsitch M. The analysis of hospital infection data using hidden Markov models.
Biostatistics (Oxford, England). 2004;5(2):223-37.

59. Hagtvedt R, Griffin P, Keskinocak P, Roberts R. A Simulation Model to Compare Strategies for the
Reduction of Health-Care—Associated Infections. INFORMS Journal on Applied Analytics. 2009;39(3):256-
70.

60. Basu S, Andrews JR, Poolman EM, Gandhi NR, Shah NS, Moll A, et al. Prevention of hosocomial
transmission of extensively drug-resistant tuberculosis in rural South African district hospitals: an

epidemiological modeling study. Lancet (London, England). 2007;370(9597):1500-7.

33



756

757

758

759

760

761

762

763

764

765

766

767

768

769

770

771

772

773

774

775

776

777

778

61. Kardas-Sloma L, Boelle PY, Opatowski L, Brun-Buisson C, Guillemot D, Temime L. Impact of
antibiotic exposure patterns on selection of community-associated methicillin-resistant Staphylococcus
aureus in hospital settings. Antimicrobial agents and chemotherapy. 2011;55(10):4888-95.

62. Vanderpas J, Louis J, Reynders M, Mascart G, Vandenberg O. Mathematical model for the control
of nosocomial norovirus. The Journal of hospital infection. 2009;71(3):214-22.

63. Lanzas C, Dubberke ER, Lu Z, Reske KA, Grohn YT. Epidemiological model for Clostridium difficile
transmission in healthcare settings. Infection control and hospital epidemiology. 2011;32(6):553-61.

64. McBryde ES, Pettitt AN, McElwain DL. A stochastic mathematical model of methicillin resistant
Staphylococcus aureus transmission in an intensive care unit: predicting the impact of interventions.
Journal of theoretical biology. 2007;245(3):470-81.

65. Lipsitch M, Bergstrom CT, Levin BR. The epidemiology of antibiotic resistance in hospitals:
paradoxes and prescriptions. Proceedings of the National Academy of Sciences of the United States of
America. 2000;97(4):1938-43.

66. D'Agata EMC, Horn MA, Webb GF. The Impact of Persistent Gastrointestinal Colonization on the
Transmission Dynamics of Vancomycin-Resistant Enterococci. The Journal of infectious diseases.
2002;185(6):766-73.

67. Hotchkiss JR, Holley P, Crooke PS. Analyzing pathogen transmission in the dialysis unit: time for a
(schedule) change? Clinical journal of the American Society of Nephrology : CJASN. 2007;2(6):1176-85.
68. Nufio M, Reichert TA, Chowell G, Gumel AB. Protecting residential care facilities from pandemic
influenza. Proceedings of the National Academy of Sciences of the United States of America.
2008;105(30):10625-30.

69. Chamchod F, Ruan S. Modeling the Spread of Methicillin-Resistant Staphylococcus aureus in

Nursing Homes for Elderly. PloS one. 2012;7(1):e29757.

34



779

780

781

782

783

784

785

786

787

788

789

790

791

792

793

794

795

796

797

798

799

800

70. Greer AL, Fisman DN. Use of models to identify cost-effective interventions: pertussis vaccination
for pediatric health care workers. Pediatrics. 2011;128(3):e591-9.

71. Luangasanatip N, Hongsuwan M, Lubell Y, Limmathurotsakul D, Srisamang P, Day NPJ, et al. Cost-
effectiveness of interventions to improve hand hygiene in healthcare workers in middle-income hospital
settings: a model-based analysis. The Journal of hospital infection. 2018;100(2):165-75.

72. Hubben G, Bootsma M, Luteijn M, Glynn D, Bishai D, Bonten M, et al. Modeling the costs and
effects of selective and universal hospital admission screening for methicillin-resistant Staphylococcus
aureus. PloS one. 2011;6(3):e14783.

73. Gurieva T, Bootsma MC, Bonten MJ. Cost and effects of different admission screening strategies
to control the spread of methicillin-resistant Staphylococcus aureus. PLoS computational biology.
2013;9(2):e1002874.

74. Donker T, Wallinga J, Grundmann H. Patient referral patterns and the spread of hospital-acquired
infections through national health care networks. PLoS computational biology. 2010;6(3):e1000715.

75. Kouyos RD, Abel Zur Wiesch P, Bonhoeffer S. On being the right size: the impact of population size
and stochastic effects on the evolution of drug resistance in hospitals and the community. PLoS
pathogens. 2011;7(4):e1001334-e.

76. Lee BY, Singh A, Bartsch SM, Wong KF, Kim DS, Avery TR, et al. The potential regional impact of
contact precaution use in nursing homes to control methicillin-resistant Staphylococcus aureus. Infection
control and hospital epidemiology. 2013c;34(2):151-60.

77. Lee BY, Bartsch SM, Wong KF, Singh A, Avery TR, Kim DS, et al. The importance of nursing homes
in the spread of methicillin-resistant Staphylococcus aureus (MRSA) among hospitals. Medical care.

2013b;51(3):205-15.

35



801

802

803

804

805

806

807

808

809

810

811

812

813

814

815

816

817

818

819

820

821

822

78. Jiménez JM, Lewis B, Eubank S. Hospitals as complex social systems: Agent-based simulations of
hospital-acquired infections. Lecture Notes of the Institute for Computer Sciences, Social-Informatics and
Telecommunications Engineering, LNICST2013. p. 165-78.

79. Jaramillo C, Taboada M, Epelde F, Rexachs D, Luque E. Agent Based Model and Simulation of MRSA
Transmission in Emergency Departments. Procedia Computer Science. 2015;51:443-52.

80. Wang J, Wang L, Magal P, Wang Y, Zhuo J, Lu X, et al. Modeling the transmission dynamics of
meticillin-resistant Staphylococcus aureus in Beijing Tongren hospital. The Journal of hospital infection.
2011;79(4):302-8.

81. Webb GF, Horn MA, D'Agata EM, Moellering RC, Jr., Ruan S. Competition of hospital-acquired and
community-acquired methicillin-resistant Staphylococcus aureus strains in hospitals. Journal of biological
dynamics. 2010;4(1):115-29.

82. Lee BY, Bartsch SM, Wong KF, Yilmaz SL, Avery TR, Singh A, et al. Simulation Shows Hospitals That
Cooperate On Infection Control Obtain Better Results Than Hospitals Acting Alone. Health Affairs.
2012;31(10):2295-303.

83. Nelson RE, Jones M, Leecaster M, Samore MH, Ray W, Huttner A, et al. An Economic Analysis of
Strategies to Control Clostridium Difficile Transmission and Infection Using an Agent-Based Simulation
Model. PloS one. 2016;11(3):e0152248.

84. Graves N, Nicholls TM, Morris Al. Modeling the costs of hospital-acquired infections in New
Zealand. Infection control and hospital epidemiology. 2003;24(3):214-23.

85. Roberts RR, Scott RD, 2nd, Cordell R, Solomon SL, Steele L, Kampe LM, et al. The use of economic
modeling to determine the hospital costs associated with nosocomial infections. Clinical infectious

diseases : an official publication of the Infectious Diseases Society of America. 2003;36(11):1424-32.

36



823

824

825

826

827

828

829

830

831

832

833

834

835

836

837

838

839

840

841

842

843

844

845

846

86. Robotham JV, Graves N, Cookson BD, Barnett AG, Wilson JA, Edgeworth JD, et al. Screening,
isolation, and decolonisation strategies in the control of meticillin resistant &It;em&gt;Staphylococcus
aureus &lt;/em&gt;in intensive care units: cost effectiveness evaluation. BMJ. 2011;343:d5694.

87. Robotham JV, Deeny SR, Fuller C, Hopkins S, Cookson B, Stone S. Cost-effectiveness of national
mandatory screening of all admissions to English National Health Service hospitals for meticillin-resistant
Staphylococcus aureus: a mathematical modeling study. The Lancet Infectious diseases. 2016;16(3):348-
56.

88. Stephenson B, Lanzas C, Lenhart S, Day J. Optimal control of vaccination rate in an epidemiological
model of Clostridium difficile transmission. Journal of mathematical biology. 2017;75(6-7):1693-713.

89. D'Agata EM, Webb G, Horn M. A mathematical model quantifying the impact of antibiotic
exposure and other interventions on the endemic prevalence of vancomycin-resistant enterococci. The
Journal of infectious diseases. 2005;192(11):2004-11.

90. Chow K, Wang X, Curtiss R, 3rd, Castillo-Chavez C. Evaluating the efficacy of antimicrobial cycling
programmes and patient isolation on dual resistance in hospitals. Journal of biological dynamics.
2011;5(1):27-43.

91. Hassoun A, Linden PK, Friedman B. Incidence, prevalence, and management of MRSA bacteremia
across patient populations-a review of recent developments in MRSA management and treatment. Critical
care (London, England). 2017;21(1):211.

92. Humphreys H. Controlling the spread of vancomycin-resistant enterococci. Is active screening
worthwhile? The Journal of hospital infection. 2014;88(4):191-8.

93. Kock R, Becker K, Cookson B, van Gemert-Pijnen JE, Harbarth S, Kluytmans J, et al. Methicillin-
resistant Staphylococcus aureus (MRSA): burden of disease and control challenges in Europe. Euro
surveillance : bulletin Europeen sur les maladies transmissibles = European communicable disease

bulletin. 2010;15(41):19688.

37



847

848

849

850

851

852

853

854

855

856

857

858

859

860

861

862

863

864

865

866

867

868

869

94. Centre for Communicable Diseases and Infection Control . Methicillin-resistant Staphylococcus
aureus in Canadian acute-care hospitals: Surveillance report January 1, 2008 to December 31, 2012. Public
Health Agency of Canada. 2012.

95. Klevens RM, Edwards JR, Richards CL, Jr., Horan TC, Gaynes RP, Pollock DA, et al. Estimating health
care-associated infections and deaths in U.S. hospitals, 2002. Public health reports (Washington, DC :
1974). 2007;122(2):160-6.

96. B Foster C, Sabella C. Health Care-Associated Infections in Children2011. 1480-1 p.

97. D'Agata EMC, Webb GF, Horn MA, Moellering RC, Jr., Ruan S. Modeling the invasion of
community-acquired metbhicillin-resistant Staphylococcus aureus into hospitals. Clinical infectious
diseases : an official publication of the Infectious Diseases Society of America. 2009;48(3):274-84.

98. Bobashev GV, Goedecke DM, Feng Y, Epstein JM, editors. A Hybrid Epidemic Model: Combining
The Advantages Of Agent-Based And Equation-Based Approaches. 2007 Winter Simulation Conference;
2007 9-12 Dec. 2007.

99. Jun JB, Jacobson SH, Swisher JR. Application of discrete-event simulation in health care clinics: A
survey. Journal of the Operational Research Society. 1999;50(2):109-23.

100. Chhatwal J, He T. Economic evaluations with agent-based modeling: an introduction.
PharmacoEconomics. 2015;33(5):423-33.

101. Mustafee N, Brailsford S, Djanatliev A, Eldabi T, Kunc M, Tolk A, editors. Purpose and benefits of
hybrid simulation: Contributing to the convergence of its definition. 2017 Winter Simulation Conference
(WSC); 2017 3-6 Dec. 2017.

102. Webb GF, D'Agata EMC, Magal P, Ruan S. A model of antibiotic-resistant bacterial epidemics in
hospitals. Proceedings of the National Academy of Sciences of the United States of America.

2005;102(37):13343-8.

38



870

871

872

873

874

875

876

877

878

879

880

881

882

883

884

885

886

887

888

889

890

891

103. Boldin B, Bonten MJ, Diekmann O. Relative effects of barrier precautions and topical antibiotics
on nosocomial bacterial transmission: results of multi-compartment models. Bulletin of mathematical
biology. 2007;69(7):2227-48.

104. Ueno T, Masuda N. Controlling nosocomial infection based on structure of hospital social
networks. Journal of theoretical biology. 2008;254(3):655-66.

105. Wolkewitz M, Dettenkofer M, Bertz H, Schumacher M, Huebner J. Environmental Contamination
as an Important Route for the Transmission of the Hospital Pathogen VRE: Modeling and Prediction of
Classical Interventions. Infectious Diseases: Research and Treatment. 2008;1:IDRT.S809.

106. D'Agata EMC, Webb GF, Pressley J. Rapid Emergence of Co-colonization with Community-acquired
and Hospital-Acquired Methicillin-Resistant Staphylococcus aureus Strains in the Hospital Setting. Math
Model Nat Phenom. 2010;5(3):76-3.

107. Meng Y, Davies R, Hardy K, Hawkey P. An application of agent-based simulation to the
management of hospital-acquired infection. Journal of Simulation. 2010;4(1):60-7.

108. Lee BY, McGlone SM, Wong KF, Yilmaz SL, Avery TR, Song Y, et al. Modeling the spread of
methicillin-resistant Staphylococcus aureus (MRSA) outbreaks throughout the hospitals in Orange County,
California. Infection control and hospital epidemiology. 2011;32(6):562-72.

109. Barnes S, Golden B, Wasil E. Exploring the effects of network structure and healthcare worker
behavior on the transmission of hospital-acquired infections. IIE Transactions on Healthcare Systems
Engineering. 2012;2(4):259-73.

110. Gurieva TV, Bootsma MC, Bonten MJ. Decolonization of patients and health care workers to
control nosocomial spread of methicillin-resistant Staphylococcus aureus: a simulation study. BMC

infectious diseases. 2012;12:302.

39



892

893

894

895

896

897

898

899

900

901

902

903

904

905

906

907

908

111.  Ferrer J, Salmon M, Temime L, editors. Nosolink: An agent-based approach to link patient flows
and staff organization with the circulation of nosocomial pathogens in an intensive care unit. Procedia
Computer Science; 2013.

112. Rubin MA, Jones M, Leecaster M, Khader K, Ray W, Huttner A, et al. A simulation-based
assessment of strategies to control Clostridium difficile transmission and infection. PloS one.
2013;8(11):80671.

113.  Ciccolini M, Donker T, Grundmann H, Bonten MJ, Woolhouse ME. Efficient surveillance for
healthcare-associated infections spreading between hospitals. Proceedings of the National Academy of
Sciences of the United States of America. 2014;111(6):2271-6.

114.  Ferrer J, Boelle PY, Salomon J, Miliani K, L'Heriteau F, Astagneau P, et al. Management of nurse
shortage and its impact on pathogen dissemination in the intensive care unit. Epidemics. 2014;9:62-9.
115. Lei H, Jones RM, Li Y. Exploring surface cleaning strategies in hospital to prevent contact
transmission of methicillin-resistant Staphylococcus aureus. BMC infectious diseases. 2017;17(1):85.
116. Pérez E, Uyan B, Rohde RE, Wehbe-Janek H, Hochhalter AK, Fenton SH. Assessing catheter-
associated urinary tract infection prevention interventions in intensive care units: A discrete event

simulation study. IISE Transactions on Healthcare Systems Engineering. 2017;7(1):43-52.

40



909  Appendix A

910 Table A1: Characteristics of the reviewed studies

Sebille et al.
(1997) (34)
Lipsitck et
al.  (2000)
(65)

D'Agata et
al.  (2002)
(66)

Cooper et
al.  (2004)
(58)

D'Agata et
al.  (2005)
(89)

Hotchkiss
et al. (2005)
(36)

Webb et al.
(2005) (102)
Bootsma et
al.  (2006)
(35)

Basu et al.
(2007) (60)

Boldin et al.
(2007) (103)

D'Agata et
al.  (2007)
(37)

Hotchkiss
et al. (2007)
(67)
McBryde et
al.  (2007)
(64)

Nuno et al.
(2008) (68)

Not
specified
Not
specified
The US

UK and
Denmark
The US

Not
specified

Not
specified
Netherlands

South Africa

Not

specified

Not

specified

The US

Australia

Not
specified

ICU

ICU
General
ward
Hospital*

Hospital*

ICU

Hospital*

Hospital

General
ward

ICU

Hospital*

Dialysis
unit

ICU

LTCF

sD

SD

SD

SD

ABM

SD

DES

SD

SD

Hybrid (SD +
ABM)

ABM

SD

SD

No

No

No

No

No

No

No

No

No

No

No

No

No

MRSA

Not specified

VRE

MRSA

VRE

MRSA, VRE

Not specified

MRSA

Multi-drug
resistant
tuberculosis
Pseudomonas
Aeruginosa,
enteric  Gram-
negative
bacteria, MRSA
and enterococci
Anti-biotic
resistant
nosocomial
pathogens

Not specified

MRSA

Influenza

Hand hygiene, antibiotic
stewardship, isolation
Hand hygiene, barrier precautions

HCW cohorting, hand hygiene
Isolation
Hand hygiene, antibiotic

stewardship, HCW cohorting

Isolation, patient cohorting, HCW
cohorting

N/A

Isolation, screening and combined
interventions

Isolation, HIV  treatment, air
ventilation, facial mask

Barrier  precautions  (improved

hygiene, gloves, gowns), antibiotic
prophylaxis

Antibiotic stewardship

Environment disinfection, patient
cohorting

Hand hygiene, HCW cohorting,
decolonization, patient cohorting

Non-pharmaceutical interventions

N/A

N/A

N/A

N/A

N/A

Nurses,
primary
physicians,
and
consultant
physicians
N/A

N/A

N/A

N/A

N/A

N/A

N/A

N/A

No

No

No

No

No

No

No

No

No

No

No

No

No

Yes

No

No

No

No

No

No

No

Yes

No

No

No

No

No

No

No

No

No

No

No

No

No

No

No

No

No

Yes

Yes

Yes

Yes

Yes

Yes

Yes

Yes

Yes

No

No

Yes

No

No

Yes (ICUs
and
general
wards)

No

No

41



Ueno et al.
(2008) (104)

van den
Dool et al.
(2008) (43)

Wolkewitz
et al. (2008)
(105)
D'Agata et
al.  (2009)
(97)

Greer et al.
(2009) (52)
Hagtvedt et
al.  (2009)
(59)
Temime et
al.  (2009)
(53)

Vanderpas
et al. (2009)
(62)

Barnes et
al.  (2010)
(10)

D'Agata et
al.  (2010)
(106)
Donker et
al.  (2010)
(74)

Meng et al.
(2010) (107)
Temime et
al.  (2010)
(46)

Webb et al.
(2010) (81)
Barnes et
al. (2011)
(38)

Chow et al.
(2011) (90)

Greer et al.
(2011) (70)
Hubben et
al.  (2011)
(72)

Japan

Netherlands

Germany

The USA

Canada

The USA

Not

specified

Belgium

Not
specified

The US

The
Netherlands

UK

Not
specified

Not
specified
The US

Not
specified

Canada

Netherlands

Hospital*

LTCF

General
ward

Hospital*

ICU

ICU

ICU

LTCF

Hospital*

ICU  and
general
ward
Hospital
network

Hospital
ward
ICU

Hospital

Hospital

and LTCF

Hospital*

ICU

Hospital

SD

Hybrid (SD +
DES)

SD

SD

ABM

DES

ABM

SD

ABM

SD

ABM

ABM

ABM

SD

Hybrid (SD +

ABM)

SD

ABM

DES

No

No

No

No

No

No

No

No

No

No

Not specified

Influenza

VRE

HA-MRSA, CA-
MRSA

Pertussis

MRSA, VRE

Staphyloccocus
aureus,
Enteroccoci,
MRSA, VRE

Viral
nosocomial
gastroenteritis
MRSA

HA-MRSA and
CA-MRSAa

MRSA

MRSA

Not specified

HA-MRSA, CA-
MRSA
MRSA

Antibiotic-
resistant
pathogens (not
specified)
Pertussis

MRSA

Isolation, HCW cohorting,
vaccination
Vaccination
Hand hygiene, antibiotic

stewardship, screening, patient
cohorting, environmental cleaning
Hand hygiene, screening,
decolonization

Vaccination strategies

Hand hygiene, isolation

Hand hygiene

N/A

Hand hygiene, isolation, screening,
decolonization, HCW cohorting,

Hand hygiene, decolonization

Referral patterns

Isolation, decolonisation

Hand hygiene

Hand hygiene, decolonization and
combination of these interventions
Screening, decolonization

Antibiotic stewardship

Vaccination strategies

Screening, isolation

Nurses and
medical
doctors

N/A

N/A

N/A

N/A

Doctors and
nurses

Nurses,
physicians
and
Peripatetic
HCWs

Nurses and
medical
staffs
Physicians,
nurses,
rogue
HCWs

N/A

N/A

Doctors,
nurses
Nurses,
physicians
and
Peripatetic
HCWs
N/A

N/A

N/A

N/A

N/A

No

Yes

No

Yes

No

No

No

No

No

No

No

No

No

No

No

No

No

No

No

Yes

No

Yes

No

No

No

No

No

No

Yes

Yes

No

No

No

No

No

No

No

No

Yes (LTCF
and
community

No

No

No

No

No

No

Yes
(Different
categories
of
hospitals)
No

No

No

Yes
(Hospitals
and
LTCFs)
No

No

Yes (ICUs
and
general
wards)
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Kardas-
Sloma et al.
(2011) (61)
Kouyos et
al.  (2011)
(75)

Lanzas et
al.  (2011)
(63)

Lee et al
(2011) (108)

Milazzo et
al.  (2011)
(54)
Robotham
et al. (2011)
(86)

Wang et al.
(2011) (80)

Barnes et
al.  (2012)
(109)

Chamchod
et al. (2012)
(69)

Gurieva et
al.  (2012)
(110)

Lee et al
(2012) (82)

Caudill et
al.  (2013)
(44)

Ferrer et al.
(2013) (111)
Gurieva et
al.  (2013)
(73)

EU countries
and The US

The US and
Ireland

The US

The US

UK

China

Not
specified

Not
specified

Netherlands

The US

Not
specified

An EU
country
Netherlands

ICU and ABM
general

ward

A setting in SD
which

several

hospitals

interact

with the
community

Hospital SD
ward

Hospitals ABM
(Excluding

pediaetric

hospitals)

Vascular ABM
unit

ICU ABM
Hospital* SD
ICU ABM
LTCF SD
Hospital DES
Hospitals ABM
(Excluding
pediaetric

hospitals)

Hospital Hybrid (SD +
ward ABM)
ICU ABM
Hospital DES

No

No

No

Yes

No

No

MRSA

Not  specified
(Dataset  from
Ireland included
MRSA)

Clostridium
difficile

MRSA

MRSA

MRSA

MRSA

Antibiotic
resistant
bacteria (eg.
MRSA) or
airborne
diseases  (eg.
Influenza or
tuberculosis)
MRSA

MRSA

MRSA

Staphylococcus
aureus and
Pseudomonas
aeruginosa,
MRSA
Unspecified
pathogens
MRSA

Antibiotic stewardship

Antibiotic stewardship

N/A

N/A

Hand hygiene, HCW cohorting
screening, isolation, and
decolonisation

Hand hygiene

HCW cohort

Hand hygiene, screening,
decolonization and isolation

Decolonization, isolation
Active surveillance, contact isolation
(wearing gloves and gowns),

combintion of interventions

Antibiotic treatment

N/A

Screening and isolation

N/A

N/A

N/A

N/A

N/A

N/A

HCWs in
general and
volunteers
Nurses,
physicians

N/A

N/A

N/A

N/A

Physicians
and nurses
N/A

No

No

No

No

No

Yes

No

No

No

No

No

Yes

No

No

No

No

No

No

No

No

No

No

No

No

Yes

Yes

Yes

No

No

No

No

No

No

No

Yes (Within
a hospital,
between
hospitals
and
between
hospitals
and
community

No

No

No

No

No

Yes (ICUs
and
general
wards)

43



Jimenez et
al.  (2013)
(78)

Kardas-

Sloma et al.
(2013) (39)
Lee et al.
(2013a) (55)

Lee et al
(2013b) (77)

Lee et al
(2013c) (76)

Rubin et al.
(2013) (112)

Sadsad et
al. (2013)
(40)

Ciccolini et
al.  (2014)
(113)

Ferrer et al.
(2014) (114)
Codella et
al. (2015)
(49)

Jaramillo et
al.  (2015)
(79)

Wendelboe
et al. (2015)
(42)

The US

France

The US

The US

The US

Not
specified

Australia

UK and The

Netherlands

An
country
The US

Spain

Mexico

EU

A floor of
the hospital

ICU

Hospitals
(Excluding
pediaetric
hospitals)
Hospitals
(Excluding
pediaetric
hospitals)
and LTCFs
Hospitals
(Excluding
pediaetric
hospitals)
and LTCFs
Hospital

Hospital
Multiple
hospitals

ICU

Hospital

Emergency
department

LTCF

ABM No

Hybrid (SD + | No
ABM)

ABM No
ABM No
ABM No
ABM No

Hybrid (SD + No
ABM)

SD No
ABM No
ABM No
ABM No

Hybrid (SD + | No
DES)

Clostridium
difficile

MRSA

VRE

MRSA

MRSA

Clostridium
difficile

MRSA

MRSA, VRE

MRSA, VRE,
influenza
Clostridium
difficile

MRSA

Influenza

Antibiotic stewardship

Antibiotic stewardship

N/A

N/A

Contact precautions

isolation, hand hygiene, barrier
precautions (gloves), enviromental
disinfection

HCW cohorting, screening, isolation,
hand hygiene, ward staffing level

screening
HCW cohorting
Antibiotic, hand-hygiene, isolation,

environment disinfection and mixed
strategies

Hand hygiene, isolation material

Vaccination

Physicians,
nurses,
respiratory
therapists,
occupation
al
therapists,
speech
therapists,
physical
therapists
N/A

N/A

N/A

N/A

Physicians,
nurses

Nurses

N/A

Physicians
and nurses
N/A

Doctors,
triage
nurse,
clinical
nurses,
admission
personnel,
auxiliary
personnel
and
cleaning
staffs

N/A

No

No

No

No

No

No

No

No

No

No

No

No

No

No

No

No

No

No

No

No

No

Yes

No

No

No

Yes

No

No

No

No

Yes

Yes

No

Yes
(Wards and
rooms)

Yes
(Between
hospitals)
No

Yes

(HCWs can
travel  to
different
wards
when  not
servicing
patients)
No

Yes (LTCF
and
community

)
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911

Nelson et TheUS Hospital* ABM

al.  (2016)
(83)
Robotham UK Hospital* ABM
et al. (2016)
(87)
Caudill et Not Hospital Hybrid (SD +
al. (2017) specified ward ABM)
(45)
Lei et al. China Two SD
(2017) (115) hypothetica
| patient
rooms
Perez et al. The USA ICU DES
(2017) (116)
Shenoy et = TheUS Hospital DES
al.  (2017) ward
(50)
Shin et al.  South Korea Hospital SD
(2017) (56)
Stephenso The USA Hospital* SD
n et al
(2017) (88)
Wang et al. China Hospital* Hybrid (SD +
(2017) (41) stochastic
continuous
time  Markov
chain)
Luangasan Thailand ICU SD
atip et al.
(2018) (71)

Hospital*: A hospital that lack any further ward structure
N/A: Information is not available

No

No

No

Clostridium
difficile

MRSA
Staphylococcus

aureus

MRSA

Not  specified
(Catheter-
associated
urinary tract
infections)
MRSA/VRE

MERS

Clostridium
difficile

MRSA

MRSA-BSI

Bundle including testing, isolation,
hand hygiene, contact precautions,
soap and water for hand hygiene,
and environmental cleaning
Screening

N/A

Environment disinfection

N/A

N/A

Operational interventions

Vaccination

Hand hygiene, environment
disinfection

Hand hygiene

N/A

N/A

N/A

Nurses

N/A

N/A

N/A

N/A

N/A

No

No

No

No

No

No

No

No

No

No

No

Yes
(Roommate
s)

Yes

No

No

No

No

No

No

No

No

No

No

No

No

Yes

No

No

No

No

No

No

No
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