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Abstract: Healthcare-associated infections (HAIs) in-
crease patient morbidity, mortality, and healthcare bur-
dens, yet the complex interplay between patients, health-
care workers, and fomites in transmission dynamics
remains poorly understood. Traditional static network
models fail to capture temporal fluctuations in contact
patterns or the combined dynamics of patients, healthcare
personnel, and fomites.

Objective: To investigate the roles of patients, fomites,
and healthcare personnel in HAI transmission dynamics
within a hospital ward, identify superspreaders using
temporal network analysis, and evaluate screening and
isolation intervention effectiveness.

Methods: We constructed a directed, weighted, tem-
poral network comprising 94 nodes (18 patients, 6
nurses, 4 doctors, 14 allied health staff, 8 porters, and
44 fomites) based on published contact probabilities
and staffing ratios. Bootstrapped temporal exponential
random graph models (bTERGM) with 100 replica-

tions identified mechanisms structuring contact patterns.
A Susceptible-Exposed-Asymptomatic-Infected-Recovered
(SEAIR) compartmental network model was developed
to simulate Clostridioides difficile transmission across 100
network iterations and 100 SEAIR iterations per scenario
(40,000 total simulations). We evaluated screening and
isolation interventions at 25%, 50%, and 75% effective-
ness, comparing full dynamic, static person-to-person, and
homogeneous environmental models.

Results: The networks exhibited moderate density
(0.092, 95% CI: 0.088-0.096) and modularity (0.249, 95%
CI: 0.233-0.266) indicating moderate tendency of nodes to
form triangular relationships and moderate connectivity
typical of hospital contact patterns. bBTERGM revealed
sparse baseline connectivity (OR = 0.062), strong reci-
procity (OR = 3.28), and homophily by node type (OR =
1.54) indicating that hospital networks are organized by
professional roles and bidirectional relationships rather
than random interactions. Nurses had the highest degree
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centrality (43.9 + 2.1), followed by patients (37.3 +
1.8) and doctors (26.0 £ 3.2) highlighting their different
superspreader potential in healthcare settings. Nurses,
patients and allied health worker groups were in the
top 15 superspreaders in the SEAIR model simulations
with six, six and three nodes respectively. The static
model underestimated outbreak size by 29.0% (p =
2.62 x 107'%). Screening interventions produced “dose-
dependent” reductions: 21.2% at 25%, 44.2% at 50%,
and 70.1% at 75% effectiveness, progressively flattening
the transmission hierarchy as the top 10 superspreaders
infection contribution declined from 80.3% to 57.5%
events.

Conclusion: This study demonstrates that patients and
connected healthcare workers are the main drivers of HAI
transmission, with screening and isolation achieving sub-
stantial HAI reductions while simultaneously attenuating
superspreader contributions. These findings provide an
evidence-based framework for optimizing infection control
strategies through targeted patient screening and recog-
nition of structured healthcare worker-patient-fomite in-
teraction patterns.

Keywords: healthcare-associated infections, temporal
network analysis, superspreaders, bootstrapped temporal
exponential random graph models, Clostridioides difficile

I. INTRODUCTION

Healthcare-associated infections (HAIs) are a signif-
icant challenge in healthcare settings, contributing to
increased morbidity, mortality of patients and higher
costs for healthcare facilities, as recently aggravated
during the COVID-19 pandemic [1]. The transmission
dynamics of HAI pathogens (such as Clostridioides
difficile) are complex, involving various entities, includ-
ing patients, healthcare personnel, and fomites, includ-
ing objects or surfaces that can harbor and transmit
pathogens [2].

The concept of superspreaders, individual hosts or
surfaces that contribute to the spread of infections
disproportionately, has garnered attention in infectious
disease research [3]. Also, contact networks are an
important concept and technique in characterizing trans-
mission dynamics, indicating the frequency, duration,
and nature of interactions among individual hosts and
between individual hosts and surfaces. A study high-
lighted that superspreaders were responsible for the
largest onset of COVID-19 during 2 weeks in a study
conducted in a university in Cambridge in the United
Kingdom during the early periods of the COVID-19
outbreak in the United Kingdom [3]. Therefore, identi-
fying superspreaders plays a crucial role in evaluating
transmission risks of HAIs [4,5].

In a hospital setting, the interactions among pa-
tients, nurses, clinicians, allied healthcare staff, and
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fomites can be conceptualized as a network where
nodes represent individual hosts and surfaces, and edges
represent the interactions between nodes [4]. Fomites
such as contaminated surfaces, serve as reservoirs and
play a critical role in the indirect transmission of HAI
pathogens, but their roles are not fully incorporated
in modeling efforts [2]. Also, healthcare personnel are
often the first point of contact with infected patients.
Healthcare personnel could be an important node in
the transmission network if proper HAI control, such
as hygiene protocols, are not adequately followed. The
interactions between healthcare personnel and patients,
as well as their interactions with fomites, create a
complex network with various transmission pathways.

Accurately characterizing and analyzing such net-
works will lead to identifying key factors contributing
to superspreading events [6,7].

Superspreading is especially important in HAI con-
texts, as certain individuals or surfaces disproportion-
ately contribute to pathogen transmission, amplifying
infection risks [3]. Current models often fail to cap-
ture the complexity of interactions, leaving gaps in
understanding how superspreading events unfold [4].
Network models can address these gaps by identifying
key nodes and interactions that drive superspreading,
helping to inform more targeted infection control strate-
gies [8-10].

However, previous network-based studies of hospital
transmission have predominantly employed static net-
work approaches or leveraged retrospective data that
did not adequately to capture the temporal dynamics
of healthcare worker-patient interactions [4, 11]. For
instance, Rocha et al. 2020 [4] demonstrated the utility
of contact networks for methicillin-resistant Staphylo-
coccus aureus (MRSA) transmission but acknowledged
the limitation of their static framework in representing
shift-based variations in staffing patterns.

Similarly, studies quantifying fomite contributions to
HAI transmission [2, 12] have typically treated envi-
ronmental contamination as a homogeneous risk factor
rather than as discrete nodes within a transmission
network, potentially oversimplifying the spatial hetero-
geneity of pathogen distributions in hospital settings.
While compartmental models can incorporate environ-
mental reservoirs through indirect transmission terms
[13], they may not be able to identify specific high-
risk fomites or capture the network position of con-
taminated surfaces in relation to patient and healthcare
worker movements. The present study addresses these
gaps by: (1) integrating fomites as discrete, temporally
varying nodes within a dynamic contact network, (2)
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quantifying their centrality relative to human nodes,
and (3) evaluating how this network structure modifies
intervention effectiveness.

While various modeling techniques such as static Ex-
ponential Random Graph Models (ERGMs) and com-
partmental models have been used to study infectious
disease transmission, these approaches often fall short
in capturing the temporal and heterogeneous nature of
contact patterns in hospital settings [4,11]. ERGMs, for
example, assume fixed relationships and cannot account
for changes in network structure over time.

Among various network modeling techniques, boot-
strapped temporal exponential random graph models
(bTERGM) allow for advanced analysis of the dynamic
nature of interactions among nodes over time. By incor-
porating both directed and weighted edges, bTERGM
can capture the strengths and directionality of con-
tacts, thus providing evidence on how superspreading
events would occur [14]. In an epidemiological con-
text, directed edges represent the direction of pathogen
transmission, such as from a healthcare worker to a
patient, while weighted edges indicate the intensity or
frequency of interactions, reflecting the potential for
higher transmission risk with prolonged duration of
contact [15]. Furthermore, incorporating the temporal
dynamics of interactions is essential as interactions may
vary between day and night shifts.

This study aims to investigate the roles of fomites,
patients, and healthcare personnel in the transmission
dynamics of HAI pathogens within a hospital ward,
with a particular focus on identifying superspreaders
through the application of temporal exponential ran-
dom graph models (b TERGM). This study also cre-
ates a Susceptible-Exposed-Asymptomatic- Infected-
Recovered (SEAIR) compartmental network model to
investigate the impact of different intervention (“screen-
ing and isolation”) scenarios for the spread of Clostrid-
ioides difficile (C. difficile) in the network. By charac-
terizing the modeling of temporal dynamics and iden-
tifying superspreaders, this study contributes valuable
insights that can inform more targeted control strategies
and ultimately reduce the risk of HAIs in healthcare
settings.

II. METHODS
A. Simulated contact network with hosts and fomites

This study involved the simulation of a directed,
weighted, stochastic, and temporal network in an in-
patient hospital ward. Mathematically, a network (or
graph (7) consists of two main sets of components: a
set of nodes (or vertices V') and a set of edges (F)
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characterizing the connection of the nodes. Addition-
ally, a network G whose structure varies over time t is
known as a dynamic (or temporal) network such that
Gt = {V;, Et,t}.

The simulated network was informed by literature on
real-world in-patient general wards, which has a range
of 12 to 30 patient beds, and we estimated a 75 percent
occupancy rate for a 24-bed ward, hence, our network
consists of 18 patients [16, 17] based on Organisation
for Economic Co-operation and Development, OECD-
reported occupancy rates for general hospital wards.
Each patient will have a corresponding bedrail and
bedside table, hence, there are 18 bedrails and 18
bedside tables. The number of healthcare workers was
based on staffing ratios, for instance, there is usually
1 nurse for every 4 to 6 patients in an in-patient ward
with two shift work patterns [18,19].

The simulated network consisted of 94 nodes, rep-
resenting different elements within the hospital setting
including multiple patients, healthcare personnels, and
fomites. There were 18 patients, 6 nurses, 4 doctors,
14 ancillary healthcare staff (AHS), and 8 porters
host nodes. The fomites node included 18 bedrails, 18
bedside tables, and 8 laundry carts. These 94 nodes
interacted with each other to form edges in the network,
with each interaction contributing to the spread of the
pathogen and potential superspreading.

B. Edge formation

Edges, or connections between these nodes, repre-
sented potential interactions (i.e. contact events) that
lead to potential transmission. The edges were quan-
tified by the contact probabilities based on contact
frequency between node pairs [20] edge weights were
based on contact durations, as described in [20] and
[21]. These contact probabilities and edge weight varied
depending on interactions of specific pairs of nodes.
For example, interactions from nurses to patients were
given a contact probability of 0.56, while interactions
from nurses to bedrails had a lower probability of
0.27. These reflected both direct host-host and indirect
host-fomite interactions in real hospital settings. The
complete contact probability matrix and edge weight
assignments for node pairs are provided in Table 6,
with values derived from published studies of hospital
contact patterns [20,21]. More details of the parameters
can be found in Tables 1, 6, 7.

The model was simulated to capture contacts over
seven days with two shifts (day and night shifts) per
day. The two-shift schedule is commonly utilized in
many hospitals [18,22]. The 7-day simulation period
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was to reflect the average length of stay of patients dur-
ing the COVID-19 pandemic, and this is also the time
where healthcare workers have about the same schedule
or shift [23,24]. Shift distributions were calibrated to
match observed contact patterns from wearable sensor
studies in hospital settings [20], with 60% of the
interactions occurring during the day shift (from 7 am
to 7 pm), with the remaining 40% occurring during the
night shift (from 7 pm to 7 am) to reflect real-world
hospital settings.

To further capture the realistic contact structures, a
few node pairs were assigned with fixed interactions
with other nodes in the network. For instance, patients
were linked with their respective bedrails and bedside
tables, as an admitted patient is usually assigned with
a specific bed with a fixed bedrail and a bedside
table. These fixed host-fomite interactions represented
static elements of the hospital’s realistic physical lay-
out and operations. However, patients could interact
with different doctors, nurses, and other nodes in the
same network. Similarly, doctors, nurses, and other
nodes could also interact with different fomites such
as bedrails and bedside tables.

C. Simulating temporal variability in network interac-
tions

Temporal edges, representing interactions between
different nodes over time, were generated stochastically
based on predefined contact rates. To simulate the
temporal variability in the network, we introduced a
dynamic framework where edges were formed proba-
bilistically at each time step, reflecting the nature of
real-world interactions. Specifically, the probability of
an edge forming between two nodes was determined
by the contact probability matrix, which varied based
on roles (e.g., nurse-to-patient, doctor-to-nurse) and
interaction contexts.

Additionally, shift-based dynamics were incorporated
to reflect the structured nature of hospital workflows,
where healthcare workers (nurses, doctors, porters, and
AHS staff) were assigned to alternating day and night
shifts. During simulation, interactions were weighted
differently based on the shift schedule, with higher
probabilities assigned to contacts occurring within the
same shift, while cross-shift interactions were much
less frequent. This approach ensured that the network
evolved in a realistic manner over time, capturing both
the stochastic nature of host-host/fomite interactions
and the structured dynamics of a hospital setting.
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D. Network structure characterization

Global network properties were characterized across
all 100 network simulations. Density was computed
as the proportion of observed edges relative to the
maximum possible edges in a directed network of
94 nodes. Transitivity (clustering coefficient) measured
the tendency of nodes to form triangular relationships,
calculated as the ratio of closed triangles to connected
triples [8—11]. Modularity was calculated using the
Louvain community detection algorithm applied to
each aggregated network, with communities allowed
to emerge without pre-specification of group member-
ship. For all properties, we report means with 95%
confidence intervals derived from the 2.5th and 97.5th
percentiles of the distribution across simulations. Mod-
ularity was calculated using the Louvain community
detection algorithm applied to the undirected version of
each aggregated network [25]. This algorithm iteratively
partitions nodes to maximize within-community edge
density relative to a random null model, with commu-
nities allowed to emerge without pre-specification of
group membership.

E. Superspreader identification

To identify key nodes in the network that play a
disproportionate role in the spread of HAIs, commonly
known as “superspreaders” for HAI transmission dy-
namics, the degree centrality measure was calculated
across all nodes in the network. Among various network
properties, the degree centrality, which measures the
number of direct connections a node has, helps identify
nodes with a large number of interactions with other
nodes, and consequently with higher probability for
HAL This centrality measure has been commonly used
in superspreader identification beyond the context of
HAI [8,26].

In this study, superspreaders were defined with an
80th percentile threshold for degree centrality measures
of the corresponding nodes. The 80th percentile thresh-
old was selected based on established literature defining
the “20/80 rule” in infectious disease transmission,
where approximately 20% of individuals contribute to
80% of transmission events [8,27]. Nodes that exceeded
this threshold in degree centrality were classified as
network-based superspreaders. For transmission-based
superspreader identification from SEAIR compartmen-
tal epidemic model simulations, we applied the same
80th percentile threshold to the distribution of sec-
ondary infections caused per node across all simula-
tions.
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E. Temporal network analysis

The Bootstrapped Temporal Exponential Random
Graph Model (-TERGM) was employed to capture the
evolving dynamics of contact structures within the hos-
pital over time. Compared to static ERGM, bTERGM is
well-suited for modeling networks where relationships
are not static, but rather evolving [4,28,29]. By mod-
eling the dynamic nature of interactions, the bTERGM
framework provided insights into how individual nodes’
positions and the temporal structure of interactions
shape the emergence of new edges. bTERGM was
applied to assess how the roles of healthcare workers
(nurses, doctors, porters), their network attributes (de-
gree and betweenness centralities), and dyadic effects
influence the formation of edges in healthcare networks
over time [28,29].

The bTERGM model was specified with the follow-
ing terms: edges (baseline propensity), mutual (reci-
procity), and nodematch (“type”) (homophily by node
type). Estimation was performed using maximum pseu-
dolikelihood with 100 bootstrap replications to obtain
robust standard errors and 95% confidence intervals
[28]. Goodness-of-fit was assessed by comparing ob-
served network statistics (edge count, density, reci-
procity) against distributions from 100 networks sim-
ulated from the fitted model.

G. SEAIR model for C. difficile transmission model
and assessing the impact of “screening and isolation”
intervention scenarios

This study employed a compartmental network
model  Susceptible-Exposed-Asymptomatic-Infected-
Recovered (SEAIR) to simulate infection transmission
dynamics in a healthcare setting for Clostridioides
difficile. The SEAIR framework categorizes individuals
into five compartments: Susceptible (S), Exposed (E),
Asymptomatic (A), Infected (I), and Recovered (R).
Using the contact network structure and parameters,
with directed edges reflecting real world contact
probabilities for the simulation. These bidirectional
interactions define disease spread or who transferred-
infection-to-whom such as nurse3-to-patientl?2,
doctor5-to-nurse2, and patientStoallied health worker.
Key SEAIR parameters were derived from published
literature [30, 31] such as rate of progression from
exposed to asymptomatic (o = 0.33 day '), proportion
progressing to symptomatic infection (« = 0.134),
and recovery rate for asymptomatic individuals
(ya = 0.07 day~!). The complete parameter set is
provided in Table 1.
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Parameter Value  Source
5] 0.042  [20,21]
o 0.15 [32,33]
a 0.2 [34]
YA 0.04 [35,36]
Yr 0.18 [37,38]
pcontam 07 [39]
1) 0.01 [40,41]
Kinc 2.5 [42]
Oinc 0.4 [42]
Dy 25 [43,44]
Dy 5 [45,46]

Table 1: SEAIR parameters C. difficile.

With previous studies showing that up to 10% to 20%
of patients can have an infection from Clostridioides
difficile when screened [30], this study models four
patients randomly being infected. For each simulation,
four patients were randomly seeded as initial infections,
with all other host nodes as susceptible. We evaluated
a “screening and isolation” intervention at 25%, 50%,
and 75% effectiveness, corresponding to isolating 1,
2, or 3 of the four initially infected patients. Isolated
patients were rendered non-infectious while remain-
ing in the network. An infection log counter tracked
transmission events, and superspreaders were defined
as nodes exceeding the 80th percentile of secondary
infections caused. For each intervention scenario, we
conducted 100 network simulations by 100 SEAIR
simulations (10,000 total simulations per scenario) to
obtain stable estimates of mean secondary infections
with 95% confidence intervals.

H. Model comparison framework

To quantify the contribution of temporal dynam-
ics to outbreak potential, we compared three nested
modeling approaches. The Full Dynamic Model in-
corporated temporal contact sequences and host-to-
host transmission, serving as the reference standard.
The Static host-to-host Model aggregated all contacts
across the 7-day simulation period into a single static
network while retaining the same edge weights and
transmission probabilities, thereby removing temporal
ordering while preserving total contact intensity. The
Homogeneous Environmental Model assumed perfectly
mixed populations at each node type, using the same
transmission probabilities but averaging contact rates
across all possible dyads. For each intervention sce-
nario, we compared mean secondary infections between
each pair of models using two-tailed t-tests. Model
performance was further assessed by calculating the
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Fig. 1: Overall network structure visualization plot over 7 days.

Metric Mean Standard  Confidence interval  Confidence interval
deviation lower upper
Density 0.092 0.002 0.088 0.096
Transitivity 0.387 0.015 0.355 0.414
Modularity 0.249 0.008 0.233 0.266
Total contacts/edges
in aggregated network  803.460 17.799 767.275 839.525

Table 2: Network metrics characteristics.

percentage underestimation of outbreak size relative to
the full dynamic model as (full — static)/ full x 100.

I. Key model assumptions

Several key model assumptions were made to sim-
plify the representation of hospital contacts while re-
taining adequate details for analyses. Contact probabili-
ties and weights for nodes of the same type (e.g., nurses,
patients, or fomites) were the same. Additionally, con-
tacts between a pair of nodes were independent of con-
tacts between other pairs, treating each interaction as
an independent event. Other key assumptions included
a fixed set of pre-defined nodes with no additional nodes
added or existing nodes removed during the simulation
period. These assumptions can be easily relaxed in
future studies.

Biomath 15 (2026), 2607094, https://doi.org/10.55630/j.biomath.2026.07.094

J. Data preparation, statistical analysis, visualization,
software, and tools

Data for this study were generated by a stochastic
simulation process that modelled temporal interactions
based on predefined contact probabilities and stored
in a structured data frame. The data frame contains
details of each contact, including the day, time period
(day or night shifts), directions (source node and target
node), and interaction weight. These data were used to
visualizations of the dynamic bTERGM network. Node
sizes in these visualizations were proportional to their
corresponding degree centrality, and edge widths were
scaled by interaction intensity (as indicated by edge
weights).

The analysis was performed using R version 4.3.0.
Key outcomes (average secondary infections, centrality
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measures) were summarized as means with standard de-
viations and 95% confidence intervals derived from the
2.5th and 97.5th percentiles of the simulation distribu-
tion across 100 independent network simulations, each
with 100 SEAIR simulations per intervention scenario,
yielding a total of 10,000 simulations per scenario and
40,000 total simulations across all four intervention
levels. Comparisons between model types used two-
tailed t-tests, with statistical significance defined as
p < 0.05. Several key libraries including “igraph”
for network analysis, “btergm” for temporal network
modeling, “dplyr” for data manipulation, and “igraph”,
“ggraph”, and “ggplot2” for network visualizations.

K. Data availability

The complete network parameters and their refer-
ences (Tables 1, 6, 7) and the simulation code and anal-
ysis scripts are available on the GitHub repository [47].

L. Ethical approval

This study involved no human subjects, patient
data, or clinical interventions. All data were generated
through computational simulation, and therefore no
ethical approval or informed consent was required.

III. RESULTS
A. Network characteristics and contact patterns

The constructed network consisted of 94 nodes
which represented different entities in the hospital ward
environment, including patients, healthcare workers
(nurses, doctors, ancillary hospital staff, and porters),
and fomites (bedrails, bedside tables, and laundry carts).
The network exhibited a mean density of 0.092 (95%
CI: 0.088-0.096) and transitivity of 0.387 (95% CI:
0.355-0.414), indicating moderate tendency of nodes to
form triangular relationships and moderate connectivity
typical of hospital contact patterns. Modularity analysis
revealed a value of 0.249 (95% CI: 0.233-0.266), in-
dicating moderate community structure consistent with
the interdependent and interconnected nature of many
hospital ward environments, where interactions span
across different roles and fomites. From all simulations,
approximately 400,000 individual transmission events
were recorded and analyzed. A representative example
of the overall network plot and metrics is provided in
Figure 1 and Table 2.

Degree-based network analysis identified nurses as
the most highly connected nodes, with mean degree
centrality of 43.9 + 2.1, followed by patients (37.3 +
1.8) and doctors (26.0 + 3.2). Using the 80th percentile
threshold for superspreader classification, nurses and
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Rank Node Type % of simulations
as superspreaders
1 Nurse4 Nurse 21%
2 Patient15  Patient 20%
3 Nurse2 Nurse 19%
4 Nurse5 Nurse 19%
5 Nurse6 Nurse 19%
6 Nurse3 Nurse 18%
7 Nursel Nurse 17%
8 Patientl1  Patient 16%
9 Patient3  Patient 13%
10 Patient4  Patient 13%
11 AHS4 AHS 11%
12 AHS5 AHS 11%
13 Patient14  Patient 12%
14 Patient17  Patient 9%
15 AHS7 AHS 9%

Table 3: Top 15 superspreaders ranked by frequency of
superspreader identification.

patients showed the highest probability of being iden-
tified as network-based superspreaders with six nurses
and sixteen patients meeting or being above the 80th
percentile threshold based on their network degree.

B. SEAIR infection transmission analysis

The SEAIR model simulations revealed pronounced
heterogeneity in individual transmission potential of
C. difficile, with a small subset of healthcare workers
and patients functioning as recurrent superspreaders.
Nurse4 was identified as a superspreader in 21% of
simulations, the highest frequency among all nodes. Pa-
tientl5 followed closely, appearing as a superspreader
in 20% of simulations, the highest among patients.
Nurse2, NurseS, and Nurse6 each appeared in 19% of
simulations, with Nurse3 in 18% and Nursel in 17%.

In addition to these consistent potential asuperspread-
ers, Patientll was identified in 16% of simulations,
Patient3 and Patient4 in 13%, Patientl4 in 12%, and
Patient17 in 9% of all simulations. Allied health staff
appeared in the ranking with AHS4 and AHSS5 in 11%
of simulations, AHS7 in 9%, AHS3, AHS1, and AHS12
in 8%, AHS8 in 7%, and AHS2 in 6%. Table 3 presents
the top 15 superspreaders ranked by the percentage
of simulations in which they were identified as super-
spreaders.

C. Transmission dynamics under baseline (“no inter-
vention”) scenario

The full dynamic model, simulating outbreaks,
yielded mean secondary infections of 18.77 + 3.42
(95% CI: 12-26) from four initially infected patients
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Fig. 2: Example of network graph at various intervention level scenario models.

Full Model: Intervention Effectiveness

Mean Secondary Infections

Intervention Level

Fig. 3: Full dynamic model intervention effectiveness graph.
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in the absence of interventions. The static person-to-
person model, which aggregates all contacts without
temporal dynamics, produced significantly smaller epi-
demic size (13.32 + 5.82 secondary infections) com-
pared to the full dynamic model (p = 2.62 x 10~1°
using t-test), representing a 29.0% underestimation.
The homogeneous environmental model, calibrated to
reproduce the full model’s dynamic potential and to-
tal outbreak size, produced nearly identical estimates
(18.80 £ 0.80, p = 0.747). The network graph of the
various levels of intervention is shown in Figure 2.

D. Intervention effectiveness and model comparison
across intervention levels

Progressive screening and isolation of index patients
produced “dose-dependent” reductions in transmission
as higher levels of interventions led to better reductions
in infections. For the full dynamic model, at 25% inter-
vention (isolating one of four index patients), secondary
infections decreased to 14.79 + 3.37 (21.2% reduction,
95% CI: 9-22). At 50% intervention, secondary in-
fections fell to 10.48 + 3.05 (44.2% reduction, 95%
CI: 5-17). The 75% intervention level reduced further
transmission to 5.61 + 2.48 (70.1% reduction, 95% CI:
2-12).

Model comparison across intervention levels revealed
important differences in estimated intervention efficacy.
The static model significantly underestimated inter-
vention benefits at 25% intervention (projecting 8.4%
vs. 21.2% actual reduction, p = 4.84 x 107°) and
showed non-significant trends toward underestimation
at higher levels (Table 4). The homogeneous model
closely tracked full model estimates across all inter-
vention levels (p > 0.69 for all comparisons).

E. Intervention impact on transmission heterogeneity

Increasing intervention levels progressively reduced
both total transmission and the disproportionate con-
tribution of highly connected individuals. At baseline,
the top 10 superspreaders accounted for 80.3% of
transmission events attributed to superspreaders, with
Patient2 alone contributing 8.98% (898 events). At 75%
intervention, the top 10 accounted for 57.5% of events,
with Patient18 leading at 5.83% (583 events). The mean
number of superspreaders per simulation decreased
monotonically with intervention intensity: 1.39 + 0.51
at baseline, 1.25 + 0.48 at 25%, 1.15 + 0.43 at 50%, and
1.00 £ 0.41 at 75% (p < 0.001). This progressive flat-
tening of the transmission hierarchy demonstrates that
screening and isolation not only reduce total epidemic
size but also attenuate the disproportionate contribution
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of highly infectious superspreading individuals to epi-
demic propagation.

F. Bootstrapped temporal exponential random graph
model (PTERGM) analysis findings

Bootstrapped temporal exponential random graph
modeling (bTERGM) with 100 replications revealed
three fundamental mechanisms structuring hospital con-
tact networks. The significant negative baseline edge
term (OR = 0.062, 95% CI: 0.061-0.063; p < 0.001)
confirmed the sparse nature of healthcare interactions,
with only 6% of possible dyads forming contacts.
Strong reciprocity (OR = 3.28, 95% CI. 3.11-3.42;
p < 0.001) demonstrated that patient-provider and
staff interactions are highly bidirectional, reflecting the
mutual interactive nature of clinical care. Homophily by
node type (OR = 1.54, 95% CI: 1.53-1.54; p < 0.001)
showed that contacts are 54% more likely within pro-
fessional groups (for instance, nurses with nurses and
allied health staff with allied health staff) than between
different groups, explaining the observed substantial
modular network structure (modularity = 0.249).

The model diagnostics based on 100 bootstrap repli-
cations confirmed good model fit, with all observed
network statistics including edge count, density, and
reciprocity falling within the 95 percent confidence
envelopes of networks simulated from the fitted model
with p values of 1.00 for all statistics. The narrow boot-
strap confidence intervals for all parameters indicate
precise and stable estimation across replications. Fur-
thermore, the close agreement between parameter esti-
mates and their bootstrap means demonstrates excellent
model stability with no evidence of misspecification or
estimation error.

IV. DISCUSSION

This study provides a hoslistic investigation into
the role of fomites, patients, and healthcare providers
in the transmission dynamics of healthcare-associated
infections (HAIs) in a hospital inpatient ward. Us-
ing a novel bootstrapped Temporal Exponential Ran-
dom Graph Model (bTERGM) and network analysis,
we identified key superspreaders and infection-causing
individuals within the network of interactions, who
were predominantly patients and healthcare profession-
als (nurses and allied health staff). This study fur-
ther demonstrated how temporal dynamics influence
HAI spread. While previous studies have employed
static networks or focused solely on person-to-person
interactions [4, 48], this study realistically integrates
directed, weighted, and temporal network features while
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Fig. 4: Model comparison of the intervention effectiveness across models.

Intervention level Model type Mean secondary infections

Full Dynamic 18.772

0% Homogenous Environmental 18.800
Patient 13.320

Full Dynamic 14.792

25% Homogenous Environmental 14.820
Patient 12.200

Full Dynamic 10.478

50% Homogenous Environmental 10.450
Patient 9.720

Full Dynamic 5.611

75% Homogenous Environmental 5.590
Patient 6.140

Table 4: Intervention efficacy comparison across models.

incorporating fomites as active and central nodes in the moderate clustering which is typical of a healthcare
transmission pathway. setting, and certain healthcare providers, particularly

Our bTERGM analysis revealed three fundamental nurses, alongside patients and allied health workers,
mechanisms characterizing hospital contacts: strong acted as central nodes with high potential for super-
reciprocity (OR = 3.28), homophily by node type (OR spreading. Importantly, we found that contact frequency
= 1.54), and sparse baseline connectivity (OR = 0.062), alone is an insufficient predictor of outbreak contribu-
providing statistical evidence that hospital networks are tion in hospital settings, especially in situations such
organized by professional roles and bidirectional rela- as C. difficile transmission where patients serve as
tionships rather than random interactions. By simulating the primary infectious reservoir rather than healthcare
shift-based dynamics and fixed patient-fomite interac- workers who function predominantly as vectors rather
tions, the model reflects the operational and temporal than sources of infection, despite healthcare workers’
complexity of real hospital environments and represents  central network positions. The bTERGM analysis (Ta-
a significant advancement over earlier modelling efforts  ble 5) further illuminated this heterogeneity through
that often neglect these granular and structural realities its demonstration of strong reciprocity (OR = 3.28),
[11,13]. confirming that patient-provider interactions are highly

Our network structure was relatively sparse with bidirectional, which creates the structural pathways for

Biomath 15 (2026), 2607094, https://doi.org/10.55630/j.biomath.2026.07.094 10/16


https://doi.org/10.55630/j.biomath.2026.07.094

Olufadewa et al., Network analysis of the roles of fomites, patients, and healthcare personnel to identify potential ...

Estimate Mean CI2.5% CI97.5%
edges 27757 277768 -2.7868  -2.7630
Nodematch 0.4286 0.4288 0.4227 0.4330
.type
mutuals 1.1872 1.1916 1.1339 1.2299

Table 5: The bTERGM analysis result.

transmission from patients to healthcare workers. This
bidirectional movement allows healthcare workers to
acquire C. difficile from patients and then transmit it
to new vulnerable individuals, perpetuating the cycle
despite patients being the primary source.

Comparing these results with other studies that have
utilized network analysis reveals both similarities and
distinctions. Previous studies [3, 48, 49] corroborate
the findings of this research regarding the importance
of identifying superspreaders and how patients and
healthcare workers were more likely to be potential
superspreaders. However, this study enhances the anal-
ysis by further incorporating fomite interactions and
temporality, offering a more comprehensive view of
HALI transmission dynamics.

These results align with previous studies highlighting
the critical role of healthcare workers in HAI transmis-
sion [1,6,7,50], but extend them by demonstrating that
healthcare workers’ role is primarily as conduits rather
than sources as they acquire infections from patients
and subsequently transmit to other patients and staff,
amplifying rather than initiating transmission chains.
The bTERGM finding of homophily by node type
(OR = 1.54) indicates that while cross-type interactions
(patient-nurse) are crucial for transmission, within-
group clustering (nurse-nurse) also contributes signif-
icantly to network structure and transmission propaga-
tion. These findings suggest that aimed at controlling
HALI transmission should prioritize “screening and iso-
lating” infected patients and ensure healthcare workers
with high centrality, such as nurses, take adequate
precautions as they serve as crucial nides in the HAI
transmission pathways [1, 6, 12, 50]. Also, infection
control efforts should be tailored to the specific dy-
namics of hospital shifts, with heightened vigilance
during periods of higher staff and network activity. For
instance, a study by [13] explored reorganization of
nurse schedules which reduced the incidence of HAIs
[13].

The network model demonstrates that targeted in-
terventions significantly reduce both the number of
superspreaders and HAI events. At 25% intervention
(isolating one of four index patients), secondary infec-
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tions decreased by 21.2%. And at 50% intervention,
infections fell by 44.2%, and at 75% intervention,
transmission was reduced by 70.1%, with outbreak
extinction probability increasing to 0.60. These findings
highlight the importance of early identification and
isolation of high-risk individuals in healthcare settings.
This progressive flattening of the transmission hier-
archy demonstrates that screening and isolation not
only reduce total cases but also attenuate the dispro-
portionate contribution of highly infectious individuals
to transmission propagation, making outbreaks more
predictable and controllable. The drastic decline in
transmission events with increased screening suggests
that a threshold exists where interventions become
highly effective in breaking transmission chains.

The 29.0% underestimation by the static model re-
flects its limitation to capture multi-generational trans-
mission that unfolds sequentially in real contact net-
works [31,51]. Collapsing dynamic networks into static
aggregates assumes all contacts are simultaneously
available, creating an artificially dense network that
obscures the temporal ordering of actual interactions
[52, 53]. Temporal networks preserve this evolving
sequence, enabling pathogens to propagate through
successive generations of susceptible individuals, which
is a process static approximations cannot reproduce
[31, 54]. Dynamic networks consistently yield larger
outbreak sizes than static counterparts, particularly for
pathogens with low transmissibility and prolonged in-
fectious periods, characteristics consistent with the HAI
pathogen C. difficile modeled in this study [55, 56].
Static models therefore misrepresent the burst-like, se-
quential nature of human interactions that drives true
transmission dynamics [31,51].

V. STRENGTHS AND LIMITATIONS

A key strength of this study lies in its use of a dy-
namic network model to capture the temporal evolution
of hospital interactions and infection transmission. By
applying bTERGM with 100+ stochastic simulations,
we were able to adequately quantify uncertainty in net-
work structure and superspreader identification, provid-
ing statistical reliability absent from single-realization
studies. The inclusion of both healthcare workers and
fomites as discrete, temporally-varying nodes represents
a significant advancement over models treating fomites
as a single homogeneous environmental compartments
or excluding fomites entirely.

However, the following limitations must be acknowl-
edged when interpreting these findings. One limita-
tion is the assumption of uniform contact probabilities
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within node types, which simplifies the model but may
not capture the full complexity of individual interac-
tions. In reality, there may be considerable variability
in contact frequency and intensity, even within the same
category of healthcare worker or patient.

Also, this model is most appropriate for contact-
transmitted pathogens like C. difficile and MRSA,
where transmission requires direct contact with con-
taminated individuals or surfaces. It may not well
capture airborne pathogens (e.g., tuberculosis, measles)
where aerosol transmission routes dominate. The spe-
cific fomites included (bedrails, bedside tables, laundry
carts) were selected based on systematic review evi-
dence identifying these as the most frequently contami-
nated high-touch surfaces in inpatient wards [12], hence
the model’s predictions regarding fomites transmission
should be interpreted as a lower bound and limits its
generalizability to other healthcare settings needs to be
further evaluated.

Additionally, while the model includes a fixed hos-
pital ward layout with static node composition, real
hospital settings are more dynamic, with patient dis-
charges and admissions. However, our bTERGM model
was able to capture important elements such as staff
rotations and the nuances in the interaction patterns
during day and night shifts based on literature review
and earlier publications [20].

VI. CONCLUSION

This study provides quantitative evidence from
40,000 total simulations highlighting the complex inter-
play between fomites, patients, and healthcare providers
in the transmission of HAIs within a hospital ward.
By employing bTERGM and epidemic modelling tech-
niques and focusing on the identification of super-
spreaders, the findings provide valuable insights that
can inform targeted HAI control strategies.

This study found that nurses and patients were more
likely to be superspreaders and it also demonstrates
that targeted screening and isolation of infected (high-
risk) patients can achieve substantial reductions in C.
difficile infections, with 75% “screening and isolation”
intervention reducing transmission by 70.1% while si-
multaneously flattening the transmission hierarchy. This
suggests that infection control efforts should prioritize
early identification and isolation of infectious patients
rather than focusing solely on highly connected health-
care workers.

These findings provide an evidence-based framework
for optimizing resource allocation in infection preven-
tion, suggesting that combination strategies targeting
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both patient screening and the structured patterns of
healthcare worker-patient-fomite interactions will be
most effective in mitigating HAI outbreak risks.

AUTHOR CONTRIBUTIONS

Conceptualization: Isaac Iyinoluwa Olufadewa, Har-
rison Latimer, Haleigh West-Page, Rajib Paul, Micheal
Dulin, Daniel Janies, Shi Chen

Data curation: Isaac Iyinoluwa Olufadewa

Formal analysis: Isaac Iyinoluwa Olufadewa

Methodology: Isaac lyinoluwa Olufadewa, Harrison
Latimer, Haleigh West-Page, Rajib Paul, Micheal Dulin,
Daniel Janies, Shi Chen

Project administration: Isaac lyinoluwa Olufadewa,
Shi Chen, Daniel Janies

Resources: Rajib Paul, Micheal Dulin, Daniel Janies,
Shi Chen

Supervision: Rajib Paul, Micheal Dulin, Daniel Ja-
nies, Shi Chen

Visualization: Isaac Iyinoluwa Olufadewa

Writing — original draft: Isaac lyinoluwa Olufadewa,
Shi Chen

Writing — review and editing: Harrison Latimer,
Haleigh West-Page, Rajib Paul, Micheal Dulin, Daniel
Janies, Shi Chen

FUNDING

The project described was supported by coopera-
tive agreement (UO1CKO000677) from the Centers for
Disease Control and Prevention (CDC). Its contents
are solely the responsibility of the authors and do not
necessarily represent the official views of CDC.

REFERENCES

[1] M. A. Baker, K. E. Sands, S. S. Huang, K. Kleinman, E.
J. Septimus, N. Varma, et al., The Impact of Coronavirus
Disease 2019 (COVID-19) on Healthcare-Associated Infections,
Clinical Infectious Diseases, 74:1748—1754, 2022.

[2] H. Kanamori, W. A. Rutala, D. J. Weber, The Role of Patient
Care Items as a Fomite in Healthcare-Associated Outbreaks
and Infection Prevention, Clinical Infectious Diseases, 65:1412—
1419, 2017.

[3] C. J. R. Illingworth, W. L. Hamilton, B. Warne, M. Rout-
ledge, A. Popay, C. Jackson, et al., Superspreaders drive the
largest outbreaks of hospital onset COVID-19 infections, eLife,
10:e67308, 2021.

[4] L. E. C. Rocha, V. Singh, M. Esch, T. Lenaerts, F. Liljeros,
A. Thorson, Dynamic contact networks of patients and MRSA
spread in hospitals, Scientific Reports, 10:9336, 2020.

[5] R. F. Arthur, E. S. Gurley, H. Salje, L. S. P. Bloomfield, J. H.
Jones, Contact structure, mobility, environmental impact and
behaviour: the importance of social forces to infectious disease
dynamics and disease ecology, Philosophical Transactions of
the Royal Society B: Biological sciences, 372:20160454, 2017.

12/16


https://doi.org/10.1093/cid/ciab688
https://doi.org/10.1093/cid/ciab688
https://doi.org/10.1093/cid/ciab688
https://doi.org/10.1093/cid/ciab688
https://doi.org/10.1093/cid/cix462
https://doi.org/10.1093/cid/cix462
https://doi.org/10.1093/cid/cix462
https://doi.org/10.1093/cid/cix462
https://doi.org/10.7554/eLife.67308
https://doi.org/10.7554/eLife.67308
https://doi.org/10.7554/eLife.67308
https://doi.org/10.7554/eLife.67308
https://doi.org/10.1038/s41598-020-66270-9
https://doi.org/10.1038/s41598-020-66270-9
https://doi.org/10.1038/s41598-020-66270-9
https://doi.org/10.1098/rstb.2016.0454
https://doi.org/10.1098/rstb.2016.0454
https://doi.org/10.1098/rstb.2016.0454
https://doi.org/10.1098/rstb.2016.0454
https://doi.org/10.1098/rstb.2016.0454
https://doi.org/10.55630/j.biomath.2026.07.094

Olufadewa et al., Network analysis of the roles of fomites, patients, and healthcare personnel to identify potential ...

[6]

[7

—

(8]

[9

—

[10]

[11]

[12]

[13]

[14]

[15]

[16]

(171

[18]

[19]

[20]

[21]

[22]

[23]

Biomath 15 (2026), 2607094, https://doi.org/10.55630/j.biomath.2026.07.094

N. J. Ahmed, A. Haseeb, E. M. Elazab, H. M. Kheir, A. A. Has-
sali, A. H. Khan, Incidence of Healthcare-Associated Infections
(HAIs) and the adherence to the HAIs’ prevention strategies in
a military hospital in Alkharj, Saudi Pharmaceutical Journal,
29:1112-1119, 2021.

A. D. Paltiel, A. Zheng, R. P. Walensky, Assessment of SARS-
CoV-2 Screening Strategies to Permit the Safe Reopening of
College Campuses in the United States, JAMA Network Open,
3:¢2016818, 2020.

W. C. B. Chin, R. Bouffanais, Spatial super-spreaders and super-
susceptibles in human movement networks, Scientific Reports,
10:18642, 2020.

A. Madotto, J. Liu, Super-Spreader Identification Using Meta-
Centrality, Scientific Reports, 6:38994, 2016.

S. V. Shridhar, M. Alexander, N. A. Christakis, Characterizing
super-spreaders using population-level weighted social networks
in rural communities, Philosophical Transactions of the Royal
Society A: Mathematical, physical and engineering sciences,
380:20210123, 2022.

X. Wei, J. Zhao, S. Liu, Y. Wang, Identifying influential
spreaders in complex networks for disease spread and control,
Scientific Reports, 12:5550, 2022.

I. Olufadewa, H. Latimer, H. N. West-Page, S. Chen, Quantita-
tive summarization of high-touch surfaces and epidemiological
parameters of Clostridioides difficile acquisition and transmis-
sion for mathematical modeling: a systematic review, Infection
Control & Hospital Epidemiology, 46:1253-1261, 2025.

E. Valdano, C. Poletto, P.-Y. Boglle, V. Colizza, Reorganization
of nurse scheduling reduces the risk of healthcare associated
infections, Scientific Reports, 11:7393, 2021.

W. T. M. Leung, J. W. Rudge, G. Fournié, Simulating con-
tact networks for livestock disease epidemiology: a systematic
review, Journal of the Royal Society Interface, 20:20220890,
2023.

A. Choudhury, S. Kaushik, V. Dutt, Social-network analysis
in healthcare: analysing the effect of weighted influence in
physician networks, Network Modeling Analysis in Health In-
formatics and Bioinformatics, 7:17, 2018.

OECD, Hospital beds and occupancy, In: Health at a Glance
2021: OECD Indicators, OECD Publishing, Paris, 2021,
https://doi.org/10.1787/ae3016b9-en.

Department of Health, Health Building Note 04-01: Adult in-
patient facilities, NHS England, 2013.

S. F. McElroy, A. Olney, C. Hunt, C. Glennon, Shift work and
hospital employees: A descriptive multi-site study, International
Journal of Nursing Studies, 112:103746, 2020.

R. A. Weinstein, P. W. Stone, M. Pogorzelska, L. Kunches, L.
R. Hirschhorn, Hospital Staffing and Health Care—Associated
Infections: A Systematic Review of the Literature, Clinical
Infectious Diseases, 47:937-944, 2008.

A. Duval, T. Obadia, L. Martinet, P-Y. Boglle, E. Fleury,
D. Guillemot, et al., Measuring dynamic social contacts in
a rehabilitation hospital: effect of wards, patient and staff
characteristics, Scientific Reports, 8:1686, 2018.

P. Vanhems, A. Barrat, C. Cattuto, J.-F. Pinton, N. Khanafer, C.
Régis, et al., Estimating Potential Infection Transmission Routes
in Hospital Wards Using Wearable Proximity Sensors, PLOS
ONE, 8:¢73970, 2013.

P. W. Stone, Y. Du, R. Cowell, N. Amsterdam, T. A. Helfrich,
R. W. Linn, et al., Comparison of Nurse, System and Quality
Patient Care Outcomes in 8-Hour and 12-Hour Shifts, Medical
Care, 44:1099-1106, 2006.

E. M. Rees, E. S. Nightingale, Y. Jafari, N. R. Waterlow, S.
Clifford, C. A. B. Pearson, et al., COVID-19 length of hospital
stay: a systematic review and data synthesis, BMC Medicine,
18:270, 2020.

(24]

[25]

[26]

[27]

[28]

[29]

[30]

(31]

[32]

[33]

(34]

(35]

[36]

(371

(38]

[39]

[40]

Y. Alimohamadi, E. M. Yekta, M. Sepandi, M. Sharafoddin, M.
Arshadi, E. Hesari, Hospital length of stay for COVID-19 pa-
tients: A systematic review and meta-analysis, Multidisciplinary
Respiratory Medicine, 17:856, 2022.

V. D. Blondel, J.-L. Guillaume, R. Lambiotte, E. Lefebvre,
Fast unfolding of communities in large networks, Journal of
Statistical Mechanics: Theory and Experiment, 2008:P10008,
2008.

D. Zhang, Y. Wang, Z. Zhang, Identifying and quantifying
potential super-spreaders in social networks, Scientific Reports,
9:14811, 2019.

R. A. Stein, Super-spreaders in infectious diseases, International
Journal of Infectious Diseases, 15:e510—-e513, 2011.

C.-C. Lee, C. Zhang, D. Ma, Can the Social Network Hinder the
Impact of COVID-19 on Economic Uncertainty? New Evidence
from China, Emerging Markets Finance and Trade, 59:4088—
4106, 2023.

Y. Zhang, K. Wang, J. Zhu, Jinyi Wu, A network suspected
infectious disease model for the development of syphilis trans-
mission from 2015 to 2021 in Hubei province, China, Journal
of Applied Microbiology, 134:1xad311, 2023.

M. Gilboa, N. Baharav, E. Melzer, G. Regev-Yochay, D. Yahav,
Screening for Asymptomatic Clostridioides difficile Carriage
Among Hospitalized Patients: A Narrative Review, Infectious
Diseases and Therapy, 12:2223-2240, 2023.

P. Holme, J. Saramiki, Temporal networks, Physics Reports,
519:97-125, 2012.

V. G. Loo, A.-M. Bourgault, L. Poirier, F. Lamothe, S. Michaud,
N. Turgeon, et al., Host and Pathogen Factors for Clostridium
difficile Infection and Colonization, New England Journal of
Medicine, 365:1693-1703, 2011.

S. H. Cohen, D, N. Gerding, S, Johnson, C, P. Kelly, V, G.
Loo, L. C, McDonald, et al., Clinical Practice Guidelines for
Clostridium difficile Infection in Adults: 2010 Update by the
Society for Healthcare Epidemiology of America (SHEA) and
the Infectious Diseases Society of America (IDSA), Infection
Control & Hospital Epidemiology, 31:431-455, 2010.

D. N. Gerding, S. P. Sambol, S. Johnson, Non-toxigenic
Clostridioides (Formerly Clostridium) difficile for Prevention of
C. difficile Infection: From Bench to Bedside Back to Bench and
Back to Bedside, Frontiers in Microbiology, 9:1700, 2018.

M. M. Riggs, A. K. Sethi, T. F. Zabarsky, E. C. Eckstein, R.
L. P. Jump, C. J. Donskey, Asymptomatic Carriers Are a Po-
tential Source for Transmission of Epidemic and Nonepidemic
Clostridium difficile Strains among Long-Term Care Facility
Residents, Clinical Infectious Diseases, 45:992-998, 2007.

D. M. Guerrero, J. C. Becker, E. C. Eckstein, S. Kundrapu,
A. Deshpande, A. K. Sethi, C. J. Donskey, Asymptomatic car-
riage of toxigenic Clostridium difficile by hospitalized patients,
Journal of Hospital Infection, 85:155-158, 2013.

T. J. Louie, M. A. Miller, K. M. Mullane, K. Weiss, A.
Lentnek, Y. Golan, et al., Fidaxomicin versus Vancomycin
for Clostridium difficile Infection, New England Journal of
Medicine, 364:422-431, 2011.

F. A. Zar, S. R. Bakkanagari, K. M. L. S. T. Moorthi, M.
B. Davis, A Comparison of Vancomycin and Metronidazole
for the Treatment of Clostridium difficile—Associated Diarrhea,
Stratified by Disease Severity, Clinical Infectious Diseases,
45:302-307, 2007.

D. J. Weber, W. A. Rutala, M. B. Miller, K. Huslage, E.
Sickbert-Bennett, Role of hospital surfaces in the transmis-
sion of emerging health care-associated pathogens: Norovirus,
Clostridium difficile, and Acinetobacter species, American Jour-
nal of Infection Control, 38:5S25-S33, 2010.

W. N. Fawley, S. Underwood, J. Freeman, S. D. Baines, K.
Saxton, K. Stephenson, et al., Efficacy of Hospital Cleaning
Agents and Germicides Against Epidemic Clostridium difficile

13/16


https://doi.org/10.1016/j.jsps.2021.08.012
https://doi.org/10.1016/j.jsps.2021.08.012
https://doi.org/10.1016/j.jsps.2021.08.012
https://doi.org/10.1016/j.jsps.2021.08.012
https://doi.org/10.1016/j.jsps.2021.08.012
https://doi.org/10.1001/jamanetworkopen.2020.16818
https://doi.org/10.1001/jamanetworkopen.2020.16818
https://doi.org/10.1001/jamanetworkopen.2020.16818
https://doi.org/10.1001/jamanetworkopen.2020.16818
https://doi.org/10.1038/s41598-020-75697-z
https://doi.org/10.1038/s41598-020-75697-z
https://doi.org/10.1038/s41598-020-75697-z
https://doi.org/10.1038/srep38994
https://doi.org/10.1038/srep38994
https://doi.org/10.1098/rsta.2021.0123
https://doi.org/10.1098/rsta.2021.0123
https://doi.org/10.1098/rsta.2021.0123
https://doi.org/10.1098/rsta.2021.0123
https://doi.org/10.1098/rsta.2021.0123
https://doi.org/10.1038/s41598-022-09341-3
https://doi.org/10.1038/s41598-022-09341-3
https://doi.org/10.1038/s41598-022-09341-3
https://doi.org/10.1017/ice.2025.10302
https://doi.org/10.1017/ice.2025.10302
https://doi.org/10.1017/ice.2025.10302
https://doi.org/10.1017/ice.2025.10302
https://doi.org/10.1017/ice.2025.10302
https://doi.org/10.1038/s41598-021-86637-w
https://doi.org/10.1038/s41598-021-86637-w
https://doi.org/10.1038/s41598-021-86637-w
https://doi.org/10.1098/rsif.2022.0890
https://doi.org/10.1098/rsif.2022.0890
https://doi.org/10.1098/rsif.2022.0890
https://doi.org/10.1098/rsif.2022.0890
https://doi.org/10.1007/s13721-018-0176-y
https://doi.org/10.1007/s13721-018-0176-y
https://doi.org/10.1007/s13721-018-0176-y
https://doi.org/10.1007/s13721-018-0176-y
https://doi.org/10.1787/e5a80353-en
https://doi.org/10.1787/e5a80353-en
https://doi.org/10.1787/e5a80353-en
https://www.england.nhs.uk/publication/adult-in-patient-facilities-planning-and-design-hbn-04-01/
https://www.england.nhs.uk/publication/adult-in-patient-facilities-planning-and-design-hbn-04-01/
https://doi.org/10.1016/j.ijnurstu.2020.103746
https://doi.org/10.1016/j.ijnurstu.2020.103746
https://doi.org/10.1016/j.ijnurstu.2020.103746
https://doi.org/10.1086/591696
https://doi.org/10.1086/591696
https://doi.org/10.1086/591696
https://doi.org/10.1086/591696
https://doi.org/10.1038/s41598-018-20008-w
https://doi.org/10.1038/s41598-018-20008-w
https://doi.org/10.1038/s41598-018-20008-w
https://doi.org/10.1038/s41598-018-20008-w
https://doi.org/10.1371/journal.pone.0073970
https://doi.org/10.1371/journal.pone.0073970
https://doi.org/10.1371/journal.pone.0073970
https://doi.org/10.1371/journal.pone.0073970
https://doi.org/10.1097/01.mlr.0000237180.72275.82
https://doi.org/10.1097/01.mlr.0000237180.72275.82
https://doi.org/10.1097/01.mlr.0000237180.72275.82
https://doi.org/10.1097/01.mlr.0000237180.72275.82
https://doi.org/10.1186/s12916-020-01726-3
https://doi.org/10.1186/s12916-020-01726-3
https://doi.org/10.1186/s12916-020-01726-3
https://doi.org/10.1186/s12916-020-01726-3
https://doi.org/10.4081/mrm.2022.856
https://doi.org/10.4081/mrm.2022.856
https://doi.org/10.4081/mrm.2022.856
https://doi.org/10.4081/mrm.2022.856
https://doi.org/10.1088/1742-5468/2008/10/P10008
https://doi.org/10.1088/1742-5468/2008/10/P10008
https://doi.org/10.1088/1742-5468/2008/10/P10008
https://doi.org/10.1088/1742-5468/2008/10/P10008
https://doi.org/10.1038/s41598-019-51153-5
https://doi.org/10.1038/s41598-019-51153-5
https://doi.org/10.1038/s41598-019-51153-5
https://doi.org/10.1016/j.ijid.2010.06.020
https://doi.org/10.1016/j.ijid.2010.06.020
https://doi.org/10.1080/1540496X.2023.2178844
https://doi.org/10.1080/1540496X.2023.2178844
https://doi.org/10.1080/1540496X.2023.2178844
https://doi.org/10.1080/1540496X.2023.2178844
https://doi.org/10.1093/jambio/lxad311
https://doi.org/10.1093/jambio/lxad311
https://doi.org/10.1093/jambio/lxad311
https://doi.org/10.1093/jambio/lxad311
https://doi.org/10.1007/s40121-023-00856-4
https://doi.org/10.1007/s40121-023-00856-4
https://doi.org/10.1007/s40121-023-00856-4
https://doi.org/10.1007/s40121-023-00856-4
https://doi.org/10.1016/j.physrep.2012.03.001
https://doi.org/10.1016/j.physrep.2012.03.001
https://doi.org/10.1056/NEJMoa1012413
https://doi.org/10.1056/NEJMoa1012413
https://doi.org/10.1056/NEJMoa1012413
https://doi.org/10.1056/NEJMoa1012413
https://doi.org/10.1086/651706
https://doi.org/10.1086/651706
https://doi.org/10.1086/651706
https://doi.org/10.1086/651706
https://doi.org/10.1086/651706
https://doi.org/10.1086/651706
https://doi.org/10.3389/fmicb.2018.01700
https://doi.org/10.3389/fmicb.2018.01700
https://doi.org/10.3389/fmicb.2018.01700
https://doi.org/10.3389/fmicb.2018.01700
https://doi.org/10.1086/521854
https://doi.org/10.1086/521854
https://doi.org/10.1086/521854
https://doi.org/10.1086/521854
https://doi.org/10.1086/521854
https://doi.org/10.1016/j.jhin.2013.07.002
https://doi.org/10.1016/j.jhin.2013.07.002
https://doi.org/10.1016/j.jhin.2013.07.002
https://doi.org/10.1016/j.jhin.2013.07.002
https://doi.org/10.1056/NEJMoa0910812
https://doi.org/10.1056/NEJMoa0910812
https://doi.org/10.1056/NEJMoa0910812
https://doi.org/10.1056/NEJMoa0910812
https://doi.org/10.1086/519265
https://doi.org/10.1086/519265
https://doi.org/10.1086/519265
https://doi.org/10.1086/519265
https://doi.org/10.1086/519265
https://doi.org/10.1016/j.ajic.2010.04.196
https://doi.org/10.1016/j.ajic.2010.04.196
https://doi.org/10.1016/j.ajic.2010.04.196
https://doi.org/10.1016/j.ajic.2010.04.196
https://doi.org/10.1016/j.ajic.2010.04.196
https://doi.org/10.1086/519201
https://doi.org/10.1086/519201
https://doi.org/10.1086/519201
https://doi.org/10.55630/j.biomath.2026.07.094

Olufadewa et al., Network analysis of the roles of fomites, patients, and healthcare personnel to identify potential ...

[41]

[42]

[43]

[44]

[45]

[46]

[47]

(48]

Biomath 15 (2026), 2607094, https://doi.org/10.55630/j.biomath.2026.07.094

Strains, Infection Control & Hospital Epidemiology, 28:920-
925, 2007.

R. L. P. Jump, M. J. Pultz, C. J. Donskey, Vegetative Clostrid-
ium difficile Survives in Room Air on Moist Surfaces and in
Gastric Contents with Reduced Acidity: a Potential Mechanism
To Explain the Association between Proton Pump Inhibitors
and C. difficile-Associated Diarrhea?, Antimicrobial Agents and
Chemotherapy, 51:2883-2887, 2007.

J. Lessler, N. G. Reich, R. Brookmeyer, T. M. Perl, K. E.
Nelson, D. A. T. Cummings, Incubation periods of acute respira-
tory viral infections: a systematic review, The Lancet Infectious
Diseases, 9:291-300, 2009.

L. V. McFarland, M. E. Mulligan, R. Y. Y. Kwok, W. E. Stamm,
Nosocomial Acquisition of Clostridium difficile Infection, New
England Journal of Medicine, 320:204-210, 1989.

J. K. Shim, S. Johnson, M. H Samore, D. Z. Bliss, D. N.
Gerding, Primary symptomless colonisation by Clostridium
difficile and decreased risk of subsequent diarrhoea, The Lancet,
351:633-636, 1998.

J. G. Bartlett, Narrative Review: The New Epidemic of Clostrid-
ium difficile-Associated Enteric Disease, Annals of Internal
Medicine, 145:758-764, 2006.

C. P. Kelly, J. T. LaMont, Clostridium difficile — More Difficult
Than Ever, New England Journal of Medicine, 359:1932-1940,
2008.

GitHub, https://github.com/olufadewa-isaac/Network-Analysis-
in-a-Hospital-Setting-using-bTERGM-Superspreader-Code, [9
July 2026].

L. Temime, L. Opatowski, Y. Pannet, C. Brun-Buisson, P.
Y. Boélle, D. Guillemot, Peripatetic health-care workers as
potential superspreaders, Proceedings of the National Academy
of Sciences of the USA, 106:18420—18425, 2009.

[49]

[50]

(511

(52]

(53]

[54]

[55]

[56]

(571

F. C. Cunningham, G. Ranmuthugala, J. Plumb, A. Georgiou, J.
I. Westbrook, J. Braithwaite, Health professional networks as a
vector for improving healthcare quality and safety: a systematic
review, BMJ Quality & Safety, 21:239-249, 2012.

E. Tacconelli, When did the doctors become fomites?, Clinical
Microbiology and Infection, 17:794-796, 2011.

A. Li, S. P. Cornelius, Y.-Y. Liu, L. Wang, A.-L. Barabasi,
The fundamental advantages of temporal networks, Science,
358:1042-1046, 2017.

M. Karsai, N. Perra, A. Vespignani, Time varying networks and
the weakness of strong ties, Scientific Reports, 4:4001, 2014.
C. L. Vestergaard, M. Génois, Temporal Gillespie Algorithm:
Fast Simulation of Contagion Processes on Time-Varying Net-
works, PLOS Computational Biology, 15:¢1007190, 2019.

N. Masuda, P. Holme, Predicting and controlling infectious dis-
ease epidemics using temporal networks, F1000Prime Reports,
5:6, 2013.

E. Valdano, L. Ferreri, C. Poletto, V. Colizza, Analytical Com-
putation of the Epidemic Threshold on Temporal Networks,
Physical Review X, 5:021005, 2015.

L. E. C. Rocha, N. Masuda, Individual-based approach to
epidemic processes on arbitrary dynamic contact networks,
Scientific Reports, 6:31456, 2016.

V. C. C. Cheng, P. H. Chau, W. M. Lee, S. K. Y. Ho, D.
W. Y. Lee, S. Y. C. So, S. C. Y. Wong, J. W. M. Tai, K. Y.
Yuen, Hand-touch contact assessment of high-touch and mutual-
touch surfaces among healthcare workers, patients, and visitors,
Journal of Hospital Infection, 90:220-225, 2015.

14/16


https://doi.org/10.1086/519201
https://doi.org/10.1086/519201
https://doi.org/10.1128/AAC.01443-06
https://doi.org/10.1128/AAC.01443-06
https://doi.org/10.1128/AAC.01443-06
https://doi.org/10.1128/AAC.01443-06
https://doi.org/10.1128/AAC.01443-06
https://doi.org/10.1128/AAC.01443-06
https://doi.org/10.1016/S1473-3099(09)70069-6
https://doi.org/10.1016/S1473-3099(09)70069-6
https://doi.org/10.1016/S1473-3099(09)70069-6
https://doi.org/10.1016/S1473-3099(09)70069-6
https://doi.org/10.1056/NEJM198901263200402
https://doi.org/10.1056/NEJM198901263200402
https://doi.org/10.1056/NEJM198901263200402
https://doi.org/10.1016/S0140-6736(97)08062-8
https://doi.org/10.1016/S0140-6736(97)08062-8
https://doi.org/10.1016/S0140-6736(97)08062-8
https://doi.org/10.1016/S0140-6736(97)08062-8
https://doi.org/10.7326/0003-4819-145-10-200611210-00008
https://doi.org/10.7326/0003-4819-145-10-200611210-00008
https://doi.org/10.7326/0003-4819-145-10-200611210-00008
https://doi.org/10.1056/NEJMra0707500
https://doi.org/10.1056/NEJMra0707500
https://doi.org/10.1056/NEJMra0707500
https://github.com/olufadewa-isaac/Network-Analysis-in-a-Hospital-Setting-using-bTERGM-Superspreader-Code
https://github.com/olufadewa-isaac/Network-Analysis-in-a-Hospital-Setting-using-bTERGM-Superspreader-Code
https://github.com/olufadewa-isaac/Network-Analysis-in-a-Hospital-Setting-using-bTERGM-Superspreader-Code
https://doi.org/10.1073/pnas.0900974106
https://doi.org/10.1073/pnas.0900974106
https://doi.org/10.1073/pnas.0900974106
https://doi.org/10.1073/pnas.0900974106
https://doi.org/10.1136/bmjqs-2011-000187
https://doi.org/10.1136/bmjqs-2011-000187
https://doi.org/10.1136/bmjqs-2011-000187
https://doi.org/10.1136/bmjqs-2011-000187
https://doi.org/10.1111/j.1469-0691.2011.03499.x
https://doi.org/10.1111/j.1469-0691.2011.03499.x
https://doi.org/10.1126/science.aai7488
https://doi.org/10.1126/science.aai7488
https://doi.org/10.1126/science.aai7488
https://doi.org/10.1038/srep04001
https://doi.org/10.1038/srep04001
https://doi.org/10.1371/journal.pcbi.1004579
https://doi.org/10.1371/journal.pcbi.1004579
https://doi.org/10.1371/journal.pcbi.1004579
https://doi.org/10.12703/P5-6
https://doi.org/10.12703/P5-6
https://doi.org/10.12703/P5-6
https://doi.org/10.1103/PhysRevX.5.021005
https://doi.org/10.1103/PhysRevX.5.021005
https://doi.org/10.1103/PhysRevX.5.021005
https://doi.org/10.1038/srep31456
https://doi.org/10.1038/srep31456
https://doi.org/10.1038/srep31456
https://doi.org/10.1016/j.jhin.2014.12.024
https://doi.org/10.1016/j.jhin.2014.12.024
https://doi.org/10.1016/j.jhin.2014.12.024
https://doi.org/10.1016/j.jhin.2014.12.024
https://doi.org/10.1016/j.jhin.2014.12.024
https://doi.org/10.55630/j.biomath.2026.07.094

Olufadewa et al., Network analysis of the roles of fomites, patients, and healthcare personnel to identify potential ...

Average daily contact/  Estimated Reference or
contact episode ratio  probability  explanations

calculated
Nurses to patients 8.4 0.56 [20]
Physicians to patients 11.4 0.76 [20]
Porter to patient 12.8 0.85 [20]
Porter to nurses 4.1 0.27 [20]
Nurses to nurses 53 0.35 [20]
Physician to nurses 12.0 0.80 [20]
Physician to physician 0.2 0.01 [20]
Patient to patient 5.1 0.34 [20]
Patient to bedrail - 1.00 Estimated
Patient to physician 0.1 0.01 [20]
Patient to nurse 6.2 0.41 [20]
Nurse to bedrail 4.1 0.27 [57]
Doctor to bedrail 09 0.06 [57]
Porter to laundry cart - 1.00 Estimated
Porter to physician 0.2 0.01 [20]
Porter to bedrail 2.5 0.17 [57]
Physician to porter 0.4 0.03 [20]
Patient to porter 0.2 0.01 [20]
Nurse to porter 0.1 0.01 [20]
Patients to patients 5.1 0.34 [20]
Nurse to physician 0.1 0.01 [20]
Porter to porter 1.5 0.10 [20]
AHS to patient 9.2 0.61 [20]
Patient to AHS 0.5 0.03 [20]
AHS to nurse 4.7 0.31 [20]
Nurse to AHS 0.5 0.03 [20]
AHS to physician 0.1 0.01 [20]
Physician to AHS 0.8 0.05 [20]
AHS to porter 0.1 0.01 [20]
Porter to AHS 0.6 0.04 [20]
AHS to bedrail 0.7 0.05 [57]
AHS to bedside table 0.5 0.03 [57]
Physician to bedside table 1.5 0.10 [57]
Nurse to bedside table 3.9 0.26 [57]
Porter to bedside table 1.8 0.12 [57]
Patient to bedside table 0.8 0.05 [57]

Table 6: Parameter estimation table and appropriate references.
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Duration Estimated Reference or

(min) weight explanations
Nurses to patients 24.2 2.4 [20]
Physicians to patients 5.1 0.5 [20]
Porter to patient 2.1 0.2 [20]
Porter to nurses 2.1 0.2 [20]
Nurses to nurses 17.4 1.7 [20]
Physician to nurses 7.5 0.8 [20]
Physician to physician 4.8 0.5 [20]
Patient to patient 113.8 11.3 [20]
Patient to bedrail - 4 Estimated
Patient to physician 53 0.5 [20]
Patient to nurse 15.1 1.5 [20]
Nurse to bedrail - 1 [57]
Doctor to bedrail - 1 [57]
Porter to laundry cart - 4 Estimated
Porter to physician 1 0.1 [20]
Porter to bedrail - 1 [57]
Physician to porter 1 0.1 [20]
Patient to porter 2.1 0.2 [20]
Nurse to porter 2.1 0.2 [20]
Nurse to physician 6.6 0.7 [20]
Patient to bedrail - 4 Estimated
Porter to porter 24.8 2.4 [20]
AHS to patient 47.5 4.7 [20]
Patient to AHS 38.3 3.8 [20]
AHS to nurse 21.3 2.1 [20]
Nurse to AHS 234 2.3 [20]
AHS to physician 1.7 0.2 [20]
Physician to AHS 2.8 0.3 [20]
AHS to bedrail - 1 Estimated
AHS to bedside table - 1 Estimated
Physician to bedside table - 1 Estimated
Patient to bedside table - 1 Estimated
Nurse to bedside table - 1 Estimated
Porter to bedside table - 1 Estimated
AHS to porter 1.4 0.1 [20]
Porter to AHS 2.4 0.2 [20]

Table 7: Parameters for estimating edge weights (contact duration).
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