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ABSTRACT

Nosocomial infections also known as hospital acquired infections or
healthcare associated infections pose significant burden on global
healthcare system. These infections occur from interactions between
patients, healthcare workers, the hospital environment and other users of
the hospital. Mathematical modeling has proved to be an important tool for
investigating the dynamics and assessing the impact of intervention
strategies.

This narrative review focuses on deterministic and stochastic modeling of
nosocomial infection transmission, with emphasis on variables and
transmission pathways used in existing models. Relevant literatures were
identified through search of major scientific database, using keywords
related to models of nosocomial infections.

Although these modeling approaches contributed significantly to the study
of the dynamics of nosocomial infections, they do have some limitations.
This study reviewed existing models of nosocomial infections; highlighted
key variables studied, and also identified gaps in the literature. The study
revealed the need to include other contact patterns to enhance the
understanding and control of nosocomial infections.

INTRODUCTION

Hospitals are primarily intended to be places of healing, where patients receive care that alleviates
or cures their illnesses. Unfortunately, the hospital environment itself is often a significant source
of infection. Patients, healthcare workers, visitors, and even family caregivers face risks of
acquiring infections through various transmission pathways within healthcare settings.

In many cases, individuals admitted for one condition may develop additional infections unrelated
to their initial illness; such infections are referred to as nosocomial infections, also known as
hospital-acquired infections (HAIS) or healthcare-associated infections (HCAISs) [1].
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Common examples include urinary tract infections (UTIs), surgical site infections (SSls), wound
infections (WIs), and ventilator-associated pneumonia (VAP), etc. These infections are frequently
caused by bacterial pathogens such as Staphylococcus aureus, Escherichia coli, and Enterococci
etc.

Globally, nosocomial infections are among the major cause of morbidity and mortality among
hospitalized patients [2]. According to World Health Organization Report [3], nearly 3.5 million
people can lose their lives due to nosocomial infections every year up to 2050. This corresponds
to 4.4 times the number of global deaths in 2021 due to human immunodeficiency virus (HIV) and
acquired immunodeficiency syndrome (AIDS) and sexually transmitted diseases combined. A
global surveillance study across 204 countries and territories in 2019 reported that 4.95 million
deaths were associated with various forms of nosocomial infections. The study further revealed
that Western Sub-Saharan Africa had the highest mortality rate at 27.3 deaths per 100,000, while
Australia recorded the lowest with 6.5 deaths per 100,000 [4]. In Nigeria, a recent review estimated
that approximately 15.75% of hospitalized patients in Nigeria acquire nosocomial infection [5].
Also, in [6] a point-prevalence survey conducted across three acute care hospitals in Northern
Nigeria, reporting 50 cases of HAIs among 321 patients, with an overall prevalence of 14.3%.

The transmission of nosocomial infections is complex, as it involves multiple interacting
components within a healthcare environment. The basic transmission pathway for nosocomial
infections is primarily the interactions between patients and healthcare workers, as well as
contamination from the hospital environment ([7] and [8]). In many healthcare settings, especially
low-income and middle-income countries, other actors such as informal caregivers and even
visitors, play non-negligible but under estimated role in the transmission process. These additional
pathways further influence the dynamics of the infection and highlight the need for more robust
models.

Mathematical models have been used over centuries as a vital tool for understanding the
transmission dynamics of infectious diseases ([9] and [10]) and have also been applied widely for
modeling the spread of nosocomial infections ([7] and [8]). This is achieved by representing
populations and their interactions through mathematical structures in order to identify key factors
responsible for the spread of diseases and develop frameworks for evaluating intervention methods
[11]. Deterministic models formulated using ordinary differential equations have been widely
applied to describe the dynamics of infections within hospital settings ([12], [13] and [14]). These
models are based on key variables and parameters necessary to capture the progression of disease
within and between compartments. Through these variables and parameters, deterministic models
give insights into threshold quantities, like the basic reproduction number, and equilibrium
analysis.

Unlike deterministic models, stochastic models capture the inherent randomness in the
transmission dynamics of nosocomial infections within the hospital. This approach is particularly
suitable for hospital settings, where the population size is relatively small and chance events can
significantly influence outcomes. According to [8], stochastic formulations often provide deeper
insights into epidemic behavior in small populations compared to purely deterministic models. In
general, stochastic epidemic models are developed as probabilistic counterparts of their
deterministic analogues, by defining the rates at which transitions (or “jumps”) occur between
compartments over infinitesimally small time intervals [15]. The stochastic framework also
depends on variables and parameters governing the transmission process to define its transition
probabilities. Though deterministic and stochastic models have been used extensively in modeling
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nosocomial infection’s transmission, existing models have always concentrated on limited set of
transition pathways, mostly the patient-healthcare worker’s interaction ([7] and [8]). This has
resulted in the underrepresentation of other viable transmission pathways. This narrative review
will exhaustively examine the variables and transmission pathways in existing deterministic and
stochastic models of nosocomial infections and emphasize the need to incorporate additional
transmission pathways, to improve the accuracy of infection control strategies in a healthcare
setting.

1.1 Eligibility Criteria

In developing this narrative review, relevant literature on mathematical modeling of nosocomial
infections was identified through searches of major scientific databases, including PubMed,
Scopus, Springer, and Google Scholar. The search was conducted using combinations of keywords
such as nosocomial infections, hospital-acquired infections, healthcare-associated infections,
deterministic models, and stochastic models. Emphasis was placed on studies published within the
last two decades, while earlier works were also included to provide foundational context. Studies
were included if they focused on mathematical or compartmental models of infection transmission
within healthcare settings and provided explicit descriptions of model variables, parameters, or
transmission pathways. Studies that did not involve modeling approaches, healthcare infections,
or were not peer-reviewed were excluded. This study adopts a narrative review approach, but these
criteria were applied to ensure the relevance and quality of the literature considered.

20 DETERMINISTIC AND STOCHASTIC MODELS OF NOSOCOMIAL
INFECTIONS

Healthcare workers were recognized as key agents in the transmission of nosocomial infections
[16], were they played a central role in infection dynamics. The host-vector malaria model
originally developed by [17] and [18], where transmission occurs via a vector, the Anopheles
mosquito has been adopted to model the transmission of nosocomial infections. This framework
has since been adapted to describe hospital-acquired infections, with healthcare workers (HCW’s)
serving as transient “vectors” of transmission between patients.

In the nosocomial infection context, pathogens are assumed not to spread directly from patient to
patient but through the contaminated hands of HCW’s. Transmission occurs when a contaminated
healthcare worker (H.) comes in contact with an uncolonized patient(P,), or when a colonized
patient (P,) interacts with an uncontaminated healthcare worker(H,,). Decontamination of H, back
to H,, takes place thlough intervention measures such as priper hand washing.

Admissia
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AUTTTISSTU

P, Colonization P,
Discharge 8 Discharge
Contamination
Hu < HC

Decontamination
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Figure 1: Compartmental flow diagram of the nosocomial infection transmission model

The key adjustment in Figure 1, compared with [17] and [18] host—vector model, is the inclusion
of patient flow, that is, the admission and discharge of both colonized and uncolonized patients.
This framework forms the foundation for developing more detailed models of nosocomial infection
transmission.

Researchers have modeled the transmission of nosocomial infections using compartmental
mathematical frameworks, often based on sporadic contact patterns between patients and
healthcare workers ([19] and [7]). The foundational works in modeling hand-borne nosocomial
infections are studies by [19] and [8]. These models studied the transmission of nosocomial
pathogens using the basic nosocomial variables, the colonized and uncolonized patients, and the
contaminated and uncontaminated healthcare workers. Subsequent models made some adjustments
in the studied variables and considered incorporating, antimicrobial resistance, treatment
dynamics, hospital and community reservoirs, professional volunteers, environmental
contamination and bacteria load, exposed population, hospitalized population and community-
infected populations as variables.

2.1 Foundational Deterministic and Stochastic Models of Nosocomial Infections

Early models of nosocomial infections as given by [19] gave a compartmental mathematical model
of the nosocomial pathogen, Vancomyecin-resistant enterococci (VRE) in intensive-care hospital
settings. They studied the dynamics of this pathogen using the four basic compartmental variables,
colonized (Y,) and uncolonized (X)) patients and contaminated (Y;,) and uncontaminated (X,)
HCW’s and concluded that compliance to hand washing and cohorting of nursing staff are needed
to prevent nosocomial transmission of VRE in endemic settings. . The model is given as

ax.

—2= A1 - ¢) —vX, — abyX, Yy

ay, ,

—Z=Ap — V'Y, + abp XYy 1)
S = —abpXpY, + u¥y

An _ _ dxn

dt ~ dt

In [7] a mathematical model to describe the spread of hand-borne nosocomial pathogens such as
Staphylococcus aureus, within a general medical-surgical ward was given. Unlike previous
models, their work introduced a stochastic framework for studying nosocomial transmission. The
basic model consisted of colonized patients(y), uncolonized patients(x), contaminated healthcare
workers(y"), and uncontaminated healthcare workers (x"). From this deterministic structure, they
derived a stochastic equivalent by converting rates into discrete variables with continuous time.
Analysis of the stochastic model revealed that even small changes in pathogen transmissibility led
to substantial differences in introduction rates, ward-level prevalence, and the number of colonized
patient-days. The deterministic model is as follows:

dx y'

7= Q- +uy+yy) - px o+ A —o)w+y)y

d !

—=o(ux+uy +yy) +px— (L—a)(u+y)y (2)
dx' ;o x! '

= By tuwy
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The equivalent stochastic process is,

Pr{[Y(t + At),Y'(t +AD)] =[i+ L1 I [Y(®),Y'(O)] = [i,j]}
B(n—i)jAt .
e + o(un + yi)At + o(At)

Pr{[¥ (¢t + A0, ¥'(t + )] = [i,j + 1] I [Y®), Y'(®)] = [0} = EE 2% 4 oay  (3)

I
Pr{[Y(t + At),Y' (¢ + AD] = [i = LjI I [Y (), Y'(O)] = [i,j1} = (1 — o) (u + y)ilt + o(At)
Pr{[Y(t + A0),Y'(t + AD)] = [i,j — 1] I [Y(®), Y'(©)] = [i,j1} = w'jAt + o(At)

These models, regardless their robustness, are limited by exclusion of other potential transmission
routes, like environmental effect, and informal caregivers.

2.2 Models Incorporating Antimicrobial Resistance and Treatment Sites

A nosocomial infection on the effect of antimicrobial cycling was given in [12]. Here, when two
or more antibiotic classes are alternated within a period of months to years to checkmate the spread
of nosocomial infections in the hospital. They developed a mathematical model consisting of four
compartments X, the uncolonized patients, S, the colonized patients, R;, patients colonized by the
strains resistant to drugl , and R, , patients colonized by strains resistant to drug2. They concluded
that cycling is unlikely to reduce either the incidence or spread of nosocomial infections but noticed
that other strategies like mixing were each patient receives one of the drug classes simultaneously
in the hospital yields better result.

The model is as follows,

== (m—S)u— (ry + T, +¥)S + BSX + 0B (e, R, + 2R,)S

% =(my —RDu— (T, + V)R + B(1 — ¢ )R X — af(¢1S + (¢1 — )RRy
% = (m, — R)p— (T + VIR + B(1 — )R X — B (¢S + (¢ — )RR, (4)
ax

—=A-m-my—c,—X)u+ @+ 1, +y)S+ (1, +¥)R; + (11 + Y)R, — BX(S +
(1—=c)R; + (1 —c3)Ry)

In [20], a deterministic model on nosocomial infection was formulated using a discrete time
Markov chain model to describe the dynamics of Methicillin Resistant Staphylococcus Aureus
(MRSA) in ICUs. They demonstrated that precautions through topical antibiotics application of
nonabsorbable antibiotics, with the aim of reducing antibiotic resistance at the population level,
can only be effective when (i) a high percentage of newly admitted patients are colonized and (ii)
cross-transmission rates in the ward are low. Their findings claimed to represent a firm theoretical
argument against the routine use of topical antimicrobial prophylaxis for infection control.

They described three different sites of colonization, that is, the skin (S), the gut (G) and the lungs
(L). Hence they classified each patient in the ICU with these eight different labels: 0, G, S, L, GS,
GL, SL and GSL, leading to eight-compartmental model.

J:Co = upo — (ol + wx,
X6 = HWpg — (ol + ags + Wxg
Xs = Ups + olxy — (ase + as, + Wxs
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x, = pp, — (ol + ags + px, (5)
Xgs = Wpgs + (0l + ags)xg + asexs — (as, + 1)xgs

Xer = Wpgr — (0l + ags + ais + Wxg,

Xsp = Wps, + (ol + ar)x;, + ag xs — (asg + Wxsy,

Xgsp = WPgs, + (ol + aps + ags)xg, + aspXgs + AsgXs, — UXgsy,

These models included rotation of administration patterns of antimicrobial drugs and considered
different sites of infection. They are largely patient-centered with no consideration of other
transmission routes.

2.3  Models Linking Hospital and Community Reservoirs

A nosocomial infection model by [21] considered both hospital and community reservoirs of
MRSA colonization. They used mathematical models to describe the dynamics of MRSA in
seven compartments, the colonized patients in the hospital (y) , the uncolonized patients in the
hospital (x), the isolated patients in the hospital (z) , the colonized patients in the community
with high readmission rate (y.) , the uncolonised patients in the community with high
readmission rate (x.) , the colonized patients in the community with low readmission rate (y;) ,
and the uncolonized patients in the community with low readmission rate (x;) .

They showed that prompt and effective patient isolation can contribute to control by reducing
transmission. The model is given below.

d 1
= Bxy — Ay + vy + vl —py — (y,2)
— = —fxy + Ay + vx; + &x;

dt
dyc

=y +p(l-mz— @+ 1+ (6)
%: ux + Ay, +pnz — (v + y)x.

dy¢ '

2= yye— (€ + Dy

dé I} ’

d_xt= )/XC+A}/C—(€+A)XC

This model studied the colonization of patient’s both in the hospital and community with their
readmission rates and isolation effect. Though it gave an important extension beyond hospital-
based models but did not address the role of the environment and informal caregivers in the
transmission dynamics of nosocomial infections.

2.4 Stochastic Models for the Transmission of Nosocomial Infections in ICU

A stochastic model developed by [22] estimated the transmission rate of MRSA in an intensive
care unit (ICU). They formulated a mathematical method consisting of four compartments, the
colonized patients(Y;,), uncolonized patients(X,), contaminated HCW’s (¥}) and uncontaminated
HCW’s (Xp).

The hand hygiene compliance was dictated to be the most effective intervention method.
Declonization was predicted to be somewhat infective and increasing the number of HCW’s was
seen to increase the transmission of MRSA, in the absence of patient cohorting.

The model is as follows,

dx
d—tp = (1-0)Q+dY, — cpppX,Yn — uX,
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o — 60 + cpup X, Yy — 1Y, — dY, (@)

F = _CpphXhYp + K'Yh
ay
d_th = CpphXhYp — KYh

The stochastic model constructed as,

Pr(Y,(t +68) = i + 1|Y,(t) = i) = cppp(n, — 1)V,6 + po(n, — )8 + o(8)
Pr(Y,(t+68) =i—1|Y,(t) =i) = (d + 1'(1 — 0))id + o(5) (8)
Pr(Y,(t+68) = i|Y,(t) =i) =1 — cppp(n, — i)V,6 — po(n, — )6 — (d + p'(1 — 0))is + o(5) ,

which are the probabilities during a small time interval (&) of transiting from one state to another.

Also in [23], a structured continuous-time hidden Markov chain was used to model the acquisition
of nosocomial pathogens and compared their results with that obtained from genotyping. They
found that hidden Markov models can be applied to serial prevalence data to estimate the
characteristics of acquisition of nosocomial pathogens and distinguished between epidemic and
sporadic acquisition. This model was able to estimate transmission parameters despite imperfect
detection of the organism.

L8 = uC - BC(N =€) —v(N = C)
%:ﬁC(N—C)+v(N—C)—uC (9)

To apply the HMM they constructed an equivalent stochastic model as

Pr[C(t+ h) =i+ 1|C(t) =i] = Bi(N —i)h + v(N —i)h

Pr[C(t+ h) =i—1|C(t) = i] = uih (10)
Pr[C(t+ h) =i|C(t) =i]=1—Bi(N—i)h+v(N —i)h — uih
PriC(t+h)=jG#i,i+1,i—D|CEt)=i]=0

These models incorporated randomness in the modeling scheme and evaluated transmission
probabilities and uncertainty in small populations, relevant for ICU’s. Despite this, the models
were also restricted to the basic variables (patient-HCW’s pathway) in modeling the spread of
nosocomial infections.

2.5  Models Incorporating additional Contact Groups

A model that considered the impact of semi-professional volunteer workers on the transmission of
MRSA in a tertiary hospital in China was given in [13]. They developed a compartmental model
to describe the transmission of MRSA. The model has six compartments, that is, colonized patients
(P.) and uncolonized patients (P,) , contaminated HCW’s (H.) and uncontaminated HCW’s (H,,),
and contaminated volunteers (V.) and uncontaminated volunteers (1;,). Analysis of the model
showed that increase in the handwashing compliance of both HCW’s and volunteers will reduce
transmission of MRSA drastically. Also, since volunteers care for patients on one-to-one basics,
they showed that replacing volunteers with HCW’s will increase the transmission of MRSA.

The model is as follows

dp, (1-mn) (1-5)

o A=) — | N BpuH (1) + N

ﬁPVVC(t)]Pu(t) - SuPu(t)
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dP, 1-n (1-9)
—£ = 2+ P BpuHe(0) + = Boy Ve (D1P.() = ScP.(0)

I AQUNGES MG (11)
e QM) o b (O H(©) - yyHo(©

dd[/t (11V_ E)PH c u H''c

d—;‘ = ——x B OV.(0) + ry V(D)

AV, (1-9)

— = B P (OV(®) = 1 Ve (®)

Also, the transmission of MRSA in a nursing home for the elderly was considered by [24]. They
constructed a deterministic model consisting of four different compartments; colonized (C) and
uncolonized (U) residents, and contaminated ( H.) and uncontaminated (H) healthcare workers.
They also developed an equivalent stochastic model to elucidate the behavior of the model by
understanding the prevalence of MRSA, its persistence and possible control measures for the
pathogen in the nursing home.

They concluded that MRSA may persist without strict screening and decolonization at admission.

The deterministic model is:

U= (1—A)A+w6—§—:UC—£—:UHC — U

C'=AA+§—:UC+£—ZUHC—(0)+)/C)C (12)
H= —%HC + uH,

H, = %Hc — uH,

Similarly, the equivalent stochastic model stating the transition probabilities of various events
occurring in (t+dt) is as follows:

P(Hc; 1) = A[YuNr - (Yu - Vc)C]dt C->C+1

P(H., 1) =5 (N, — ©)cat Co>C+1

P(Hc, 1) = E2(N, — C)H.dt C->C+1

h

P(H,, —1) = wCdt C-C-1 (13)
P(H,, —1) = y,Cdt C-C-1

P(1,0) = %(Nh — H.)Cdt H.—H, +1

h
P(~1,C) = puH,dt H,—H,—1

Similarly, in [25] deterministic and stochastic mathematical models to investigate the impact of
environmental contamination and presence of volunteers in the transmission of MRSA were
formulated. The model comprises of susceptible HCW’s (H?), contaminated HCW’s (H¢),
susceptible patients (P®), infectious patients (P¢), the density of bacteria in the ward (W), and the
number of volunteers (V).

The analysis of the models showed that the magnitude of treat posed by environmental
contamination is high and free-living bacteria in hospital environment enhances the transmission
of the infection and may initiate an outbreak even when the HCW?’s and patients are all free from
infection. The model is as follows,
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U = —(BiP + 1 W)HS + YH
T = (ByP¢ + v, W)H® — yHC

dd_ic =(1- T')(I_JA +(1 - Q)EHC + ((1 - p)U_2W)PS — d,P¢
d

L= AP — (u+ EV + v )W

The stochastic equivalent was given by stating the transition states and rates (probabilities) at
which they occur.

Table 1: State Transitions and their Rates

State Transitions Rates
(HS)HC;PS;PC;W) _>(HS_11HC+1)PS)PC)W) ﬁlPCHS
(HS,HE,PS, P, W) » (HS—1,H° + 1,P5, P, W — 1) | vyWHS
(HS,HS,PS,PC, W) - (H* + 1,H® — 1, PS, P, W) yHC
(HS,HC,PS,P¢,W) - (HS,HE,PS + 1,P°,W) (1—P)A
(HS,HC,PS,PS,W) - (HS,H°,P5,P° + 1,W) PA
(HS,HE,PS, P, W) - (HS,H¢,PS —1,P° + 1,W) B,HEPS
(HS,HE,PS,P°, W) » (H5,H,PS —1,P° +1,W — 1) | v,WP*
(HS,HE,PS,P°,W) - (HS,HE,PS — 1,P°, W) d,P*
(HS,HE, PS, P, W) — (HS,HE, PS,P¢ — 1,W) d,P°¢
(HS,H¢,PS,P¢,W) — (HS,HS,PS,P¢, W + 1) AP¢
(HS,H¢,PS,P¢,W) - (HS,HS,PS,P¢, W — 1) uw

These models are particularly important because they went beyond the patient-HCW’s centered
transmission and included professional volunteers and environmental contamination. While in
[13], professional volunteers were incorporated, in [23] the effect of environmental contamination
was included, and this was implicitly modeled with the presence of volunteers. Unlike models by
[13] and [23], the model by [24] accessed the spread of nosocomial infections in a nursing home
for the elderly, showing possible transmissions in care homes. These models demonstrated that
non-HCW’s pathway can significantly influence the infection dynamics, hence the need to
consider other transmission pathways like informal caregivers (patient’s family caregivers).

2.6 Models Incorporating Environmental Contamination

A study on the additional effect of environmental factor in the transmission dynamics of
nosocomial infections by [26] cited the case of an outbreak of Klebsiella pneumoniae
carbapenemase (KPC) infections in the Clinical Center at the National Institute of Health in
Bethesda Maryland (CCNIH) USA. This was to show in addition the importance of the inclusion
of environmental effect in the transmission of Nosocomial infections. As such, they classified two
levels of room contaminations, level O (uncontaminated or contaminated at low levels) and level 1
(contaminated at significantly high level).

They described the model using six compartments, that is, the uninfected patients susceptible to
acquiring the infection in level 0 contaminated rooms (S,), uninfected patients susceptible to
acquiring the infection in level 1 contaminated rooms (S;), infected patients in level O
contaminated rooms (I,), infected patients in level 1 contaminated rooms (/,), uncontaminated
HCW (H,), and contaminated HCW (H,.).
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Their model showed the importance of small ward populations and transfer structures (movement

between wards) in the transmission and persistence of nosocomial infections.

dSo(t) — 1-a Io(t) + 1-ay Il(t) — MHC(t)So(t) + U]_Sl(t)
dt To Ty Ty

ds;ft) = @IO(t) + ﬂll(t) - MI_Ic(t)sl(t) - tlsl(t) + vlSl(t)

O 1 0) 4 BLH(5(0) + 81110 — Bolo(© 15)
GO 1 () + 0 ”1” 2 Ho(05,(8) + €5,(8) = 8,50 + 8yl ()

Tl = HA() ~ L (wplo(6) + 01 (8) + £, (D) (0)

ane()

O =~ LH(0) + 2 (@0lo(6) + 035, (6) + S (D) Hu (1)

A model by [8] considered the impact of bacteria load within the hospital environment in the
transmission of MRSA. They developed a deterministic model of five compartments, that is,
colonized patients, the uncolonized patients, the contaminated HCW’s, the uncontaminated
HCW’s and the bacteria load in the hospital environment. They also developed an equivalent
stochastic model using a Continuous Time Markov Chain (CTMC) approach, to better understand
the model behavior. The analysis of both the deterministic and stochastic models gave some key
control measures, such as increasing the hand hygiene compliance of HCWs, enhancing
environmental disinfection, and lowering transmission between patients, HCWSs, and the
environment. The model is,

T = (1= O [PE) + ¥ePe (D] = By (1 = MPL(OH(E) — kP ()Be(t) = Vi Pu()
d:ft(t) O11uPu () + Y Pe(O] + ap B (1 = MP,(OH () + kep (D) Bo (1) = yePe(0)

dH;t(t) —a, (1 — NP.(OH, (t) + pcH. () — kpHy () B, (t) (16)
O = 01,8 (1 = PV H, (£) — () + Ky Hy (8B, (£)

dBe(t) _

oD = v, P.(0) + ViHo(6) = 1B (D)

To construct the equivalent stochastic model, they adopted the Continuous Time Markov Chain
process (CTMC) and stated that since, P.(t) + P,(t) = N, and H.(t) + H,(t) = N, , then
P,(t) = N, — P.(t) and H,(t) = N, — H.(t) V t = 0 making the process trivariate. These three
variables have a joint probability given by p j k) (t) = Prob{P.(t) = s,H.(t) = j, B.(t) = k},
where s = 0,1, ...,Np; j = 0,1,...,Ny;and k = 0.
The transition probabilities are written as follows:

D(s+iy,j+ink+is)i(s,jj) (At) =
( 10[yu(Ny — 5) +ves] + apBpy (X = (Np — 5)j + k(N — $)k]AL  (iy, i, i5) = (1,0,0)

Y:.SAt (i1, i2,i3) = (=1,0,0)
[apBn(1 —n)s(Ny —_JA) + ke (N, — ))k]At (iy,ip,i3) = (0,1,0)
[ M—T-] t']At (i1, 13,13) = (0,—1,0)
Vps Vh] (l ,i ,i ) = (0,0,1)
1 ybkAt nE (17)

(iy,i5,i3) = (0,0,—1)
1- [Q[yu(Np — s) + ycs] + a, B, (1 — n)(Np — s)j + kp(Np — s)k]At v

_VCSAt - [apﬂh(l - U)S(Nh _]) + kh(Nh _j)k]At - ,quAt

—[vps + vnjlAt — yykAt (i1, i3, i3) = (0,0,0)
0 elsewhere
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A compartmental mathematical model by [14] was formulated to investigate the effect of
environmental contamination on the spread of MRSA in hospitals, using Caputo fractional
derivative. He created a fractional counterpart of the model by [8], in order to model the memory-
dependent behaviour of the system, using the Caputo fractional derivative operator. The model
examined has five compartments, the uncolonized patients Pu(t), the colonized patients Pc(t), the
uncontaminated healthcare workers Hu(t), the contaminated healthcare workers Hc(t), and the
bacteria load in the environment B(t). The Caputo fractional derivative is denoted as DX w(t) and

defined as, ;D¥w(t) = ml_x) N Z_(g dr .

He gave the system of fractional derivative as,

cDXP,(t) = (1 — a®)[BIP, () + BEP.(D)] — v 1y (1 — 6B, (D H (2) — o) B, () B(t) — B P (1)
cDXP(t) = aX[BLP,(t) + BEP(O)] + v 1y (1 = 60 P, (DH,(t) + 0 P ()B(t) — BEP()
cD¥H, () = =y 1y (1 = 6 P.()Hy () + vIH () — o) Hy (©)B(1) (18)
cDYH () = vk (1 — 60 P.()Hy (t) — vIH(0) + 0 H, () B(D)

cD¥B(t) = pyP.(t) + py He(£) — By B(¢)

He observed that Caputo fractional derivative can change the course of spread of MRSA by

understanding the model system in depth and examining the effects of different parameters in

making predictions about the system behavior. This offers a comprehensive analysis in predicting

and comparing infection control methods.

These models explicitly incorporated the effect of environmental variables in the dynamics of the

infection, showing the importance of studying other variables.

2.7  Multi-Compartment Models

A model on community-acquired MRSA and hospital-acquired MRSA was considered by [27],
using eight-compartmental model and assessed the effect of some intervention methods in
preventing the spread of the disease. Their work suggested an increase in the level of awareness
concerning the transmission of MRSA is extremely significant in preventing the further spread of
both CA-MRSA and HA-MRSA.

The eight compartments consists of susceptible individuals (S), individuals who are infected with
CA-s.aureus (C.), individuals who are infected with CA-MRSA (C;), individuals who are infected
with HA- s.aureus (H.), individuals who are infected with HA-MRSA (H;), antibiotic group
Oxazolidinones (0),antibiotic group Glycopeptides (G), antibiotic group Trimethoprim-
derivatives (T) as below:

das
FTi A1 —ky —ky — k3 —ky) — B1C.S — oGS — B3H S — BoH;S + v10 +y,G + y3T + aé,C. +

b53Hc - ‘LLS

% = Ak; + B,C.S — [ad; + (1 — a)6,]C. — uC,

% = Mky + 2GS + (1 — a)8,C. — (01 + g1 + 7)€ — pCy

ddl'ic = Ak; + BsH.S — [b&5 + (1 — b)6,]H, — uH, (19)
% = Aky + B4H,S + (1 = b)S,H, — (0, + g, + 1)H; — (u + d)H,

% = 0,C; + 0,H; —y,0

2 = .G, + g2H, — 126

ar

E = r]_CI + TZHI - )/3T
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While this model improved on capturing realistic infection states and intervention effects by
aggregating contact patterns, it did not explore the caregivers’ role.

DISCUSSION

This narrative review examined both deterministic and stochastic models of nosocomial infections,
with emphasis on the variables used and transmission pathways considered in the existing models.
Most of the reviewed literature focused on interactions between patients and healthcare workers
and in some cases the contaminated hospital environment. These models have significantly
improved the understanding of nosocomial infection transmission and gave valuable insights for
designing effective control strategies.

Despite these advancements in modeling the dynamics of nosocomial infections, limitation still
exist in the current literature. Most existing models are centered on the interaction between patients
and HCW’s with little attention given to other viable pathways, especially the Informal Caregivers
(like, patients family caregivers). These caregivers provide informal care to the patient, and indulge
in numerous activities like, feeding, bathing, administering drugs to the patient etc. Their frequent
and close contacts with patients give opportunity for possible transmission. As a result, the
exclusion of caregiver’s-mediated pathway can lead to underestimation of infection risks and
inefficient prevention strategy, especially for low-income and middle-income countries (like
Nigeria) where family caregivers provide extensive care.

While some existing models attempted to include other transmission pathways, such as volunteers
or environmental reservoirs, none of these captured the nature of caregivers’ interactions.
Incorporating informal caregivers into the modeling framework of nosocomial infections will be
essential to capturing the real interactions within hospitals and improve the applicability of
deterministic and stochastic models. The caregiver-mediated pathway when incorporated will also
improve the strategies for infection prevention and control methods.

CONCLUSION

Nosocomial infections remain a global challenge in public health management, hence requires
being studied elaborately using robust models to adequately understand and control its
transmission. Existing deterministic and stochastic models on nosocomial infections have made
substantial contributions in understanding the transmission dynamics of hospital acquired
infections. Despite these advances the scope is still inadequate to completely describe various
pathways in the transmission dynamics of nosocomial infections. Extending the scope of these
models to explicitly incorporate patient’s family caregivers as a distinct transmission pathway in
nosocomial infection modeling is essential for achieving a more comprehensive model. Future
strides in modeling the transmission of nosocomial infections should include informal caregivers
using empirical data, in order to improve the accuracy of the model and enhance the effectiveness
of infection prevention and control strategies in healthcare settings, most especially in low-income
and middle-income countries, like Nigeria were family caregivers are predominant.

REFERENCES
[1] McBryde, E.S., Bradley, L.C., Whitby, M., McElwain, D.L.(2004). An investigation of contact
transmission of methicillin-resistant staphylococcus aureus. J Hosp infect 58(2), 104-8

[2] Sandu, A. M., Ciubotaru, R. O., losub, M. V., and Petrariu, F. D. (2025). Healthcare-associated
infections: The role of microbial evolution, artificial intelligence and environmental change.
Infectious Diseases and Therapy. https://doi.org/10.1007/s40121-025-01143-0

200


https://doi.org/10.1007/s40121-025-01143-0
https://doi.org/10.1007/s40121-025-01143-0

Ezeh and Okuonghae. - Transactions of NAMP 24, (2026) 189-202

[3] World Health Organization. (2024). Global report on infection prevention and control. World
Health Organization. https://www.who.int/publications/i/item/9789240103986

[4] Antimicrobial Resistance Collaborators. (2022). Global burden of bacterial antimicrobial
resistance in 2019: A systematic analysis. The Lancet, 399(10325), 629-655.
https://doi.org/10.1016/S0140-6736(21)02724-0

[5] Onwuliri, C. D., Ezebialu, 1. U., Adebisi, A., Eleje, G.U., Akinola, B., Ezebialu, C.U.,
Abdullahi, K., Okoro, B., Okoroafor, C., John, O., Gadanya, M., Alombah, F., Okechukwu,
E., Swomen, H. and Okwor, T.J.(2025). Systematic review and meta-analysis of the
prevalence and types of health-care-associated infections in Nigeria. BMC Infectious
Diseases, 25, Article 836. https://doi.org/10.1186/s12879-025-11246-1

[6] Abubakar, U. (2020). Point-prevalence survey of hospital acquired infections in three acute
care hospitals in Northern Nigeria. Antimicrobial Resistance and Infection Control, 9, Article
63. https://doi.org/10.1186/s13756-020-00722-9

[7] Cooper, B.S., Medley, G.F., Scott, G.M. (1999). Preliminary analysis of the transmission
dynamics of nosocomial infections: stochastic and management effects. J Hosp Infect
43(2), 131-47

[8] Wang, X., and Ruan, S. (2017). Modeling nosocomial infections of methicillin-resistant
Staphylococcus aureus with environmental contamination. Scientific Reports, 7(1), 580.
https://doi.org/10.1038/s41598-017-00691-6

[9] Farr, W., (1840). Progress of epidemics. Second report to the Registrar General on England,
91-98.

[10] Okuonghae D., Omame A. (2020). Analysis of a mathematical model for COVID-19
population dynamics in Lagos, Nigeria. Chaos Solitons Fractals, 139 (2020), 110032

[11] Anderson, R. M., and May, R. M. (1991). Infectious diseases of humans: Dynamics and
control. Oxford University Press.

[12] Bergstrom, C. T., Lo, M., and Lipsitch, M. (2004). Ecological theory suggests that
antimicrobial cycling will not reduce antimicrobial resistance in hospitals. Proceedings of
the National Academy of Sciences of the United States of America, 101(36), 13285-13290.
https://doi.org/10.1073/pnas.0402298101

[13] Wang, J., Wang, P., Megal, P., Wang, Y., Zhuo, J., Lu, X., Ruan, S. (2011). Modelling the
transmission dynamics of methicillin-resistant staphylococcus aureus in Beijing Tongren
Hospital. J Hosp Infect 79(4): 302-308

[14] Ozturk, B. A. (2025). Impact of environmental contamination on a fractional MRSA model.
Bulletin of Biomathematics, 3(1), 62—78.

[15] Allen, L. J. S. (2008). An introduction to stochastic epidemic models. In F. Brauer, P. van den
Driessche, and J. Wu (Eds.), Mathematical Epidemiology (pp. 81-130). Springer.
https://doi.org/10.1007/978-3-540-78911-6_3

[16] Semmelweiss, 1., (1861). Die tiologie, der Begriff und die Prophylaxis des KIndbettfiebers.

201


https://www.who.int/publications/i/item/9789240103986?utm_source=chatgpt.com
https://doi.org/10.1016/S0140-6736(21)02724-0
https://doi.org/10.1186/s13756-020-00722-9
https://doi.org/10.1073/pnas.0402298101
https://doi.org/10.1007/978-3-540-78911-6_3
https://doi.org/10.1007/978-3-540-78911-6_3

Ezeh and Okuonghae. - Transactions of NAMP 24, (2026) 189-202
[17] Ross, R. (1911). The prevention of malaria. John Murray.

[18] Macdonald, G. (1957). The epidemiology and control of malaria. Oxford University Press.

[19] Austin, D. J., Kristinsson, K. G. and Anderson, R. M. “The transmission dynamics of epidemic
methicillin-resistant Staphylococcus aureus (MRSA),” Proceedings of the National
Academy of Sciences, vol. 96, no. 12, pp. 6908-6913, 1999.

[20] Boldin, B., Bonten, M. J. M., and Diekmann, O. (2007). Relative effects of barrier precautions
and topical antibiotics on nosocomial bacterial transmission: Results of multi-compartment
models. PLoS Computational Biology, 3(6), el19.
https://doi.org/10.1371/journal.pcbi.0030119

[21] Cooper, B. S., Medley, G. F., Stone, S. P., Kibbler, C. C., Cookson, B. D., Roberts, J. A.,
Duckworth, G., Lai, R., Ebrahim, S., Brown, E. M., French, G. L., and Charlett, A. (2004).
Methicillin-resistant Staphylococcus aureus in hospitals and the community: Stealth
dynamics and control catastrophes. Proceedings of the National Academy of Sciences,
101(27), 10223-10228. https://doi.org/10.1073/pnas.0303793101

[22] McBryde, E. S., Pettitt, A. N., Cooper, B. S., and McElwain, D. L. S. (2007a). A stochastic
mathematical model of methicillin-resistant Staphylococcus aureus transmission in an
intensive care unit: Predicting the impact of interventions. Journal of Theoretical Biology,
245(3), 470-481. https://doi.org/10.1016/}.jtbi.2006.10.024

[23] McBryde, E. S., Pettitt, A. N., and McElwain, D. L. S. (2007b). Characterizing an outbreak
of vancomycin-resistant enterococci using hidden Markov models. Journal of the Royal
Society Interface, 4(15), 745-754. https://doi.org/10.1098/rsif.2007.0229

[24] Chamchod, F., and Ruan, S. (2012). Modeling the spread of methicillin-resistant
Staphylococcus aureus in hospitals: Transmission dynamics, control strategies, and
parameter estimation. SIAM Journal on Applied Mathematics, 72(2), 596-623.
https://doi.org/10.1137/110831195

[25] Wang, X., Xiao, Y., Wang, J., and Lu, X. (2012). A mathematical model of effects of
environmental contamination and presence of volunteers on hospital infections in China.
Journal of Theoretical Biology, 293, 161-173. https://doi.org/10.1016/j.jtbi.2011.10.009

[26] Browne, C., and Webb, G. F. (2015). A nosocomial epidemic model with infection of patients
due to contaminated rooms. Discrete and Continuous Dynamical Systems — Series B, 12(4),
761-787. https://doi.org/10.3934/mbe.2015.12.761

[27] Gokbulut, N., Farman, M., Hiirdoganoglu, U., Sultanoglu, N., Giiler, E., Hingal, E., and Siier,
K. (2024). Dynamical analysis of methicillin-resistant Staphylococcus aureus infection in
North Cyprus with optimal control: Prevalence and awareness. Scientific Reports, 14, 18531.

202


https://doi.org/10.1371/journal.pcbi.0030119
https://doi.org/10.1073/pnas.0303793101
https://doi.org/10.1137/110831195
https://doi.org/10.1016/j.jtbi.2011.10.009
https://doi.org/10.3934/mbe.2015.12.761

