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Abstract: Sexually transmitted diseases (STDs) are detrimental to the health and economic well-being
of society. Consequently, predicting outbreaks and identifying effective disease interventions through
epidemiological tools, such as compartmental models, is of the utmost importance. Unfortunately, the
ordinary differential equation compartmental models attributed to the work of Kermack and
McKendrick require a duration of infection that follows the exponential or Erlang distribution, despite
the biological invalidity of such assumptions. As these assumptions negatively impact the quality of
predictions, alternative approaches are required that capture how the variability in the duration of
infection affects the trajectory of disease and the evaluation of disease interventions. So, we apply a
new family of ordinary differential equation compartmental models based on the quantity person-days
of infection to predict the trajectory of disease. Importantly, this new family of models features non-
exponential and non-Erlang duration of infection distributions without requiring more complex
integral and integrodifferential equation compartmental model formulations. As proof of concept, we
calibrate our model to recent trends of chlamydia incidence in the U.S. and utilize a novel duration of
infection distribution that features periodic hazard rates. We then evaluate how increasing STD
screening rates alter predictions of incidence and disability adjusted life-years over a five-year horizon.
Our findings illustrate that our family of compartmental models provides a better fit to chlamydia
incidence trends than traditional compartmental models, based on Akaike information criterion. They
also show new asymptomatic and symptomatic infections of chlamydia peak over drastically different
time frames and that increasing the annual STD screening rates from 35% to 40%-70% would annually
avert 6.1-40.3 incidence while saving 1.68-11.14 disability adjusted life-years per 1000 people. This
suggests increasing the STD screening rate in the U.S. would greatly aid in ongoing public health
efforts to curtail the rising trends in preventable STDs.
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1. Introduction

Sexually transmitted infections (STIs) have seen sharp climbs in incidence, with a ~30% increase
in the U.S. [1] between 2015 and 2019. This trend will likely be further exacerbated due to the COVID-
19 pandemic as evidence mounts on the social effects of lockdowns, the reduction in ST testing over
the pandemic [2] and the diversion of health resources to more pressing matters [3]. While all STIs are
of concern, chlamydia, in particular, represents a substantial health risk for the U.S. since it is the most
common STI, at a staggering 1.8 million incidences [4]. In part, the reason for the high incidence is
the ease with which it spreads, as transmission commonly occurs through vaginal, anal or oral
intercourse and possible mother-to-child transmission during childbirth [5]. Chlamydia is also
associated with myriad negative health outcomes including infertility [6], lymphogranuloma venereum [7],
conjunctivitis [8], an increased risk of acquiring HIV [9] and social stigma [10], among numerous
others. Consequently, action is required to stop the rising incidence of chlamydia, particularly through
the effective deployment of health interventions.

To mitigate the spread of chlamydia, health authorities recommend several health policies. The
simplest is recommending abstinence from sexual intercourse to younger demographics [5], in addition
to practicing safe sex for all sexually active individuals. Health authorities also recommend that at-risk
groups, namely women, gay and bisexual men younger than 25 years [5], annually screen for
chlamydia, especially for those with multiple sexual partners [5]. To communicate these
recommendations, awareness campaigns on STIs are periodically launched targeting these
demographics to illustrate the impact of STIs on life, reduce STI-related stigma and ensure people
acquire the tools and knowledge to prevent and test for infection [11]. Fortunately, even if these health
interventions fail and chlamydia infection occurs, effective antibiotics treatments are available, such
as the use of azithromycin [12] or doxycycline [13,14]. Unfortunately, due to the delays in the
appearance of symptoms and seeking of treatment, an infection can negatively affect reproductive
health in both men and women. Pregnant women in particular face severe risk since chlamydia
infection may cause a fatal ectopic pregnancy or even permanent damage to their reproductive systems
through pelvic inflammatory disease (PID) [5].

The recent uptick of chlamydia incidence in the U.S. calls to light an urgent need to evaluate
strategies that may curtail the trend. To inform on such strategies, we evaluate the role that screening
may have in reducing chlamydia incidence and the effects of symptomatic and asymptomatic durations
of infection. To account for the variation in symptomatic and asymptomatic durations of infection on
the trajectory of disease, we develop a mathematical model that permits non-exponential and non-
Erlang distributed durations of infection. Typically, such a feature requires model formulations as
systems of integral or integrodifferential equations [15,16] which are often regarded as beyond the
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capabilities of modelers in public health without specialist training [17]. Herein is part of the novelty
of the presented work, as we further develop a mathematical framework that permits non-exponential
and non-Erlang distributed durations of infection while retaining model formulation as a system of
ODEs. While such a framework has been developed under the context of SIS and SIR models [18,19],
it has yet to be cast into more elaborate compartmental models such as a SEAIR analog [20].

To illustrate the utility of a generalized SEAIR model (gSEAIR) that describes the time evolution
of person-days of infection of chlamydia, we apply it to evaluate the effects of STD screening
interventions on the sexually active population in the U.S. Unlike prior works on generalized
differential equation compartmental models, we consider a model that describes the trajectory of
person-days of infection based on two durations of infection, namely the durations of asymptomatic
and symptomatic chlamydia infection. We use the gSEAIR model to measure how changes in the shape
of the duration of infection distributions affect the quality of fit to data based on Akaike information
criterion (AIC) and subsequently measure how increases in STD screening alter predictions on
incidence averted and disability adjusted life-years (DALY's) saved over a five-year horizon.

2. Materials and methods

In what follows, we detail our mathematical model of chlamydia transmission, as characterized
by a system of ordinary differential equations (ODEs). The model describes the evolution of the
quantity of person-days of infection [18,19], which is based on the multiplication of incidence and a
time-varying average duration of infection. So, we also provide details on the formulation of the time-
varying average durations of infection, i.e., the mean residual waiting-times of infection, in addition
to model parameters, goodness of model fit to data, the calculation of incidence averted and DALY's
averted for each intervention scenario.

2.1. Mathematical model

We developed a compartmental model to predict the spread of chlamydia infection across the
population of the U.S. The model considers five main compartments. Each compartment has two
components: number of people and duration. Thus, we have the person-days susceptible to infection
(Sm), person-days latently infected (Em), person-days asymptomatically infectious (Amy,), person-
days symptomatically infectious (Img) and person-days removed from infection (Rm), where m is the
average duration of chlamydia infection, mg is the mean residual waiting-time of symptomatic
chlamydia infection at time t and my is the mean residual waiting-time of asymptomatic chlamydia
infection at time t. The rates of transition between each compartment are given by

d(Sm)  —BSm(A+1I)
dt N
d(Em)  BSm(A+1)
dt N
d(Amy) (my+1)
It = oEm — m—AAmA — bAmy, )
d(Ims) (m's + 1)
dt = (l—f)aEm —TSI

+ bNm + Nm' — bSm + kRm,

—oEm — bEm,

mg — blmg,
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d(Rm m,+1 mc+1
(Rm) _ (a4 D), s+ D),

— bRm — kRm.
T m, e mg m — kRm

Here, m' denotes the time derivative of m, b is the per capita birth rate, g is the transmission rate, N
is the sexually active population of the U.S., 1/ is the incubation period of chlamydia infection and
1/k represents the average duration of immunity to chlamydia infection. Additionally, the time-
varying average duration of infection is calculated by

m = (1— @)ms + pmy,

where ¢ is the proportion of asymptomatic incidence.

For our model, we consider different functional forms of mean residual waiting-times. First, we
assume the classical scenario when the duration of infection is exponentially distributed, which results
in a constant mean residual waiting-time. Specifically, when m, mg and my, are constants, system (1)
reduces to the classical SEAIR model. Next, we consider a generalization of a family of distributions
with periodic hazard rates [21] that permits multiple troughs and peaks in the average durations of
infection (Supplementary Materials).

V Am, (&A'H ym,
B +1)

Sm > Em Rm

(1-5)0\

Figure 1. Compartmental diagram. The flow of susceptible person-days (Sm), to latently
infected ( Em ) and either asymptomatically infectious person-days ( Amy, ) or
symptomatically infectious person-days (Img) and recovered person days (Rm).
Compartments are composed of individuals multiplied by the time-varying average
duration of infection (m), the time-varying duration of asymptomatic infection (mm,) or the
time-varying duration of symptomatic infection (mg). For ease of presentation, birth and
mortality rates are not included (see System 1 for details).

2.2. Parameter estimation and the durations of infection

For our model, we estimate parameters through the literature (Table 1) and published data on
chlamydia incidence [22]. We estimate the average duration of asymptomatic infection with chlamydia
using a synthesis of data on the duration of asymptomatic chlamydia infection [23,24] (Table 1).
Additional model parameters are estimated using a nonlinear least squares procedure, in conjunction
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with Matlab’s ode45 and fmincon algorithms, which fit the SEAIR and gSEAIR models to weekly
chlamydia incidence (Figure 2). Additional parameter details, including those for the calculation of

DALYSs, are available in Table 1 and the Supplementary Materials.

Table 1. Parameters, values and sources.

Symbol Parameter Base value Source
N Sexually active population 15.5 million Fit from data
b Birth rate/death rate 0.024 /year [25]
B Transmission rate 0.050 — 0.062 /year Table S.1.
1/x Avg. duration of immunity 90 days [26]
1/0 Incubation period 14 days [26]
13 Proportion of new infections that are asymptomatic 0.77 [27]
Ua Avyg. duration of asymptomatic infection 190 days [23]
Us Avg. duration of symptomatic infection 10 days [28]
o1 Proportion of symptomatic incidence with no complications 0.23 [27]
DPa Proportion of asymptomatic incidence with no complications 0.60 [27]
Pum Proportion of incidence leading to PID 0.09 [28]
PE Proportion of incidence with epididymo-orchitis 0.0415 [29]
Db Proportion of PID cases classified as severe 0.175 Supplementary Materials
Ppeatn  Proportion of PID cases resulting in death 29x10°° [30]
A Avyg. duration of uncomplicated symptomatic infection 0.027 years [28]
Aa Avg. duration of uncomplicated asymptomatic infection 0.521 years [23]
Au Avyg. duration of moderate PID due to infection 21.01 years Supplementary Materials
Ap Avyg. duration of severe PID due to infection 21.01 years Supplementary Materials
A Average duration of epididymo-orchitis and its complications 25.38 years Supplementary Materials
due to infection
Apeatn  Avg. duration of life lost from death due to PID 36.5 years Supplementary Materials
YRCF Avg. time period of reproductive capability in women 39 years Supplementary Materials
YRCM Avyg. time period of optimal reproductive capability in men 41.6 years Supplementary Materials
or Avg. time period females are able to reproduce before 8.5 years Supplementary Materials
contracting chlamydia infection
om Avyg. time period males are able to reproduce before 8.6 years Supplementary Materials
contracting chlamydia infection
Ipp Years lost in reproductive capability in women due to PID 9.49 years Supplementary Materials
IuE Years lost in optimal reproductive capability in men due to 7.62 years Supplementary Materials
epididymo-orchitis
T Proportion of chlamydia infections held by women 0.6624 [31]
Wy Disability weight of symptomatic chlamydia with no 0.006 [30]
complications
Wy Disability weight of asymptomatic chlamydia with no 0.0 [30]
complications
Wy Disability weight of incidence leading to PID 0.114 [30]
Wg Disability weight of incidence with epididymo-orchitis 0.128 [30]
Wp Disability weight of PID cases classified as severe 0.324 [30]
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Figure 2. Trajectories of new chlamydia incidence and cumulative square error. a) The
trajectory of chlamydia infection in the United States over 175 weeks and b) the square
error of model predictions relative to reported data. Reported incidence (black curve), a
classical SEAIR model fit (K = 0, grey curve) and the gSEAIR models with hazard rates
that feature one to nine cosine terms (K = 1to K = 9).

To provide insight into the formulation of the duration of infection distribution P; (¢, t,), where j

is either S for symptomatic infection or A for asymptomatic infection, we begin by expressing it in
terms of the recovery rate [32]. Taking 6;(t, t + At) to be the probability of recovery over the time

interval = [t, t + At], we have that
0;(t,t + At) = n;(t)At

where 7;(t) is a time-varying recovery rate or equivalently a hazard rate. It follows for small At that
we can estimate P;(t + At, ty) as

Pi(t + At, to) = P;(t, to) (1 —0;(t, t + At)).
Rearranging terms and taking the limit as At — 0, we have that
d
Epj(t' to) = _le(t)Pj(t» to), Pj(tO; to) =1

or equivalently

Pi(t, ty) = exp (—f r]j(z)dz).

Traditionally, P;(t, t,) is exponentially distributed, which is a result of assuming the infectious
period is exponentially distributed [18]. Under such assumptions the hazard rate n;(t) = 1/u;. Given
this form of hazard rate, the survival function of the duration of infection is
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Py(t,to) = exp (1/p;(¢t ~ to))
and the mean residual waiting-time is
1 [ee)
m](t) = mfx Pj(t,X)dt = [,l]

Note that because m;(t) is constant in this scenario it follows that system (1) reduces exactly to the
traditional SEAIR model.

To evaluate the potential periodicity of the trajectory of chlamydia, we assume a more complicated
form of P;(t,x) on both the asymptomatic and symptomatic durations of infection. We consider a
generalization of the simplest probability density function, p(t), with a periodic hazard rate [21], namely

p(t) = C(1 — a cos(wt))ePt,

where C is a normalizing constant, p > 0, « € (—1,1) and w € [0,27], to that of a Fourier cosine series,

p(t)=C (1 - Z a; cos(wl-t)) e Pt

i=1

where p >0, a; € (—1,1), X ,]a;| < 1 and w; € [0,27].
From the probability density function p(t) and its associated cumulative distribution function, we
obtain the hazard rate (Supplementary Materials)

p;(1 = XK aj cos(wyt))

1 x i(p) cos(wyit) — wy sin(w;it) )
~Pj Li=1 p]g T szi

n;j(&) =

with p; > 0,a;; € (—1,1), and Zf=1|aﬁ| < 1. Here, p; represents the average duration of infection in
the absence of periodic effects and a;; is the amplitude of variation in recovery with frequency 2m/wj;,

where the subscript j is used to denote either asymptomatic (A) infection or symptomatic (S) infection [33].

Given the hazard rate and its defined relation to the mean residual waiting-time, namely n; =
(m;’ + 1)/m; [33] with m;(0) = p;, we have that

(o] = wi) cos(wyt) = 2pywysin(wyt)
(0} +w)’

. — p? YK ajl-(pj cos(wjit) — Wj; sin(wﬁt))
] J i=1 p]g i szi

2 VK
1—-pjliz1a

2.3. Intervention scenarios and health metrics

To inform on the benefit of awareness campaigns for mitigating chlamydia transmission, we
consider the effects of increasing STI screening rates. We assume that the proportion of people that
get screened within one year [26] follows the distribution

Mathematical Biosciences and Engineering Volume 20, Issue 9, 16131-16147.
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F(x)=1-¢e7%,
Thus, the average time a person has between screenings is i years, which yields the screening rate [26]

7x

c= 365 per week.

Imposing a baseline annual screening rate of 35% [34] of the population, it follows that ¢} 4seiine =
0.0083 per week. Alternatively, if we consider intervention scenarios that increase the annual
proportion of the population screened to 40%, 50% and 70%, we have that c,, = 0.0098 per week,
cso = 0.0133 per week and c;, = 0.0231 per week respectively.

For these screening rate scenarios, we evaluate our model over 5 years. We estimate incidence
under each mean residual waiting-time by subtracting predictions from 40%, 50% and 70% screening
rates from the baseline. The same approach was also taken to estimate annual DALY's saved, which
were discounted at the standard rate of 5% per year (see Supplementary Materials for further details).

2.4. Goodness of fit

To evaluate the quality of model fit to incidence data, we calculate the AIC [35]. For ease of
presentation, we define the list of variables as X: = (S, E, 4,1, R, m,, mg)T and the list of parameters as

OExponential: = (BN, k6, 14,8, g, .uS)T
when the duration of infection is exponentially distributed and
Operiodic: = (B N, K, 11, &, Pas Qats -+, Qares Wats - - s Waks Py Gsts -+ Qs W1, -+ W)

when the duration of infection follows the distribution with a periodic hazard rate. Thus, defining ¥ =

(50, €0, ag, io,ro,mA(O),mS(O))T, we can represent the ODE system as
ax = f(t,X(t;¥);0
dt._f(, (' )' )
The new symptomatic infections are defined by

gt X(t¥);0) = (1= HuX,.
For these models the residual sum of squares (RSS) is

M
RSS = Z(yl- — g(t, X (t;; ¥); 0))?

where y; is the observed incidence on the i*" week [14,36] and M = 175 is the number of data points.
Optimal parameters sets, ®;, and initial conditions @ for the j* distribution types were then

determined by minimizing RSS (Figure 4) through a combination of Matlab’s ode45 and fmincon
algorithms. Thus, given the optimal parameters, it follows that

RSS

AIC =M In (7) + 2K,
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where K represents the number of model parameters to be estimated from observed data. The model
with minimum AIC is deemed the best fit.

From the AIC, we approximate the probability that the i*"* model is the best candidate among all
models (in the sense of combining accurate predictions while limiting the possible number of
parameters [37]) by calculating AIC weights. First defining AAIC; = AIC; — min(AIC), the Akaike
weights [38] for each scenario are

1
o ~ZAAIC
wW; =
9
j:

1

AAIC-'
J
0€ 2

3. Results

We assessed the effectiveness of the gSEAIR model by estimating the health burden of chlamydia
in the US and informing on the potential health benefits of increasing STI screening rates from the
current annual coverage of 35% to 40%, 50% and 70%, respectively. For these scenarios, we estimated
the annual incidence averted and DALYs averted per year relative to the baseline for both the
traditional SEAIR and gSEAIR models. The gSEAIR models considered feature mean residual
waiting-times for the duration of asymptomatic and symptomatic infection with up to 9 cosine terms
(K =1to K =9). To identify the most appropriate SEAIR and gSEAIR models, we used AIC in
addition to AIC weights to identify the optimal model and estimate the probability it was optimal
among all considered scenarios.

Our results show that increasing the number of cosine terms in gSEAIR decreases the square error
of model predictions relative to the data (Figure 3). Additionally, the gSEAIR model based on a hazard
rate with six cosine terms is optimal compared to the other candidate models (Figure 3) since it had
the lowest AIC score (Table 2). Conversely, the SEAIR model (i.e., the gSEAIR model with K = 0)
had the highest AIC score, with a AAIC of 300.6 (Table 2), which indicates it is the least effective of
the modeling scenarios considered. This result is supported by the AIC weights, which indicate that
the K = 6 scenario of the gSEAIR model is optimal with a probability of 0.54 (Table 2), where most
other scenarios had AAIC scores of at least 4.5 and AIC weights below 0.05. The exception to this is
K = 7, where the AAIC was 0.81 and the AIC weight was 0.36 (Table 2), suggesting this scenario is
a viable alternative to the K = 6.

At a baseline screening rate of 35%, the SEAIR and gSEAIR models predicted 55.5-56.1 annual
incidences of chlamydia per 1000 people. Increasing the screening rate to 40%, 50% or 70% averted
6.1-8.3, 17.5-22.3 and 35.2-40.3 annual incidences per 1000 people respectively, depending on the
number of cosine terms included in the mean residual waiting-times (Table 2). Of these findings, the
gSEAIR model generally predicted a greater benefit when increasing the screening rate to 40%-70%,
with an additional 1.8-4.2 annual incidence averted per 1000 people when compared to the gSEAIR
model (K = 6) to the SEAIR model.

Regarding the health burden of chlamydia, we predict increasing the screening rate to screening
rate 40%, 50% or 70% will annually avert 1.68-2.29, 4.83-6.19 and 9.74-11.14 DALYSs per 1000
people (Table 3), respectively. Typically, the gSEAIR models predicted a greater quantity of DALY
averted relative to the SEAIR model, except for the K = 1 case (Table 2). When comparing the optimal
gSEAIR model (K = 6) to the SEAIR model, predictions illustrate an additional annual 0.51 DALY
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averted per 1000 people (Table 2). Averaging across all scenarios, annual DALY's averted per 1000
people were 2.06, 5.7 and 10.6 for screening rates of 40%, 50% and 70%, respectively (Table 2).

3400

3300

3200

AIC score
Square error

3100

3000 1 Il 1 1 | Il 1
0

Figure 3. Akaike information criterion score and square error. The AIC score (solid blue
curve, left axis) and square error (dotted orange curve, right axes) for SEAIR (K = 0) and
gSEAIR (K = 1 to K = 9) models relative to incidence data.

Table 2. Chlamydia incidence averted and DALY saved for screening rates that achieve 35%, 40%,
50% and 70% coverage of the population per year.

K
0 1 2 3 4 5 6 7 8 9
AIC Score (1000s) 3.333 3319 3318 3157 3.131 3124 3.033 3.034 3.037 3.03
AAIC Score 300.6 2857 1546 1239 980 910 O 0.8 4.6 4.8
AIC weights 0 0 0 0 0 0 054 036 005 0.05
Annual incidence/1000 ppl
Baseline (c3) 555 559 560 559 556 559 559 559 559 561

Annual incidence averted (1000 ppl)
40% screened (cy9) 6.3 6.1 7.2 6.8 7.9 7.9 8.1 8.2 8.3 8.2
50% screened (c5o) 17.9 175 198 191 218 215 221 223 225 224
70% screened (c,o) 358 352 376 368 394 393 398 401 402 403
DALYs saved per year (1000 ppl)
40% screened (c,0) 1.73 168 197 189 217 218 224 224 229 224
50% screened (c5o) 4.94 483 546 528 6.01 593 6.07 615 6.19 6.18
70% screened (c,o) 9.89 9.74 1040 10.18 10.90 10.86 11.01 11.09 11.10 11.14

Averaging all gSEAIR modeling scenarios illustrates the duration of asymptomatic infection
peaked at 32.2 weeks around the 85" week of the outbreak. The symptomatic infection peaked much
earlier, specifically around week 22, with an average duration of 1.9 weeks (Figure 4). Interestingly,
the only mean residual waiting-time (with t > 0) that was strictly greater than the constant average
duration of asymptomatic infection for the SEAIR model was the gSEAIR with K = 1. In contrast,
mean residual waiting-times were typically less than the average duration of symptomatic infection for

Mathematical Biosciences and Engineering Volume 20, Issue 9, 16131-16147.
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the SEAIR model, although several cases briefly surpass this value near the end of the outbreak (Figure
4). Towards this regard, when K = 5, the mean residual waiting-time for symptomatic infection was
at a minimum (Figure 4), although this may be a result of the associated probability density function
decay rate (Figure 5). For asymptomatic infection, there is not a clear scenario where one of the mean
residual waiting-times is consistently the minimum, as the majority of scenarios appear to converge to
common functions (Figure 4, Figure 5).
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Figure 4. Mean residual waiting-times of the duration of infection of chlamydia. The
average duration of infection over 175 weeks given a) symptomatic infection and b)
asymptomatic infection. The value of K corresponds to the number of cosine terms in the
Fourier cosine series in the probability density function, with K = 0 corresponding to an
exponential density function.
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Figure 5. Probability density functions. The log of probability density functions for hazard
rates with K = 0 to K = 9 cosine terms for a) the duration of symptomatic infection and
b) the duration of asymptomatic infection.
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For the optimal gSEAIR model (K = 6) the cosine terms of the mean residual waiting-times that
are most influential correspond to a period of 82.4 days with an amplitude of 0.22 for symptomatic
infection and 817 days with an amplitude of 0.45 for asymptomatic infection (Table 3). For
symptomatic infection, there were other cosine terms nearly as influential, specifically all amplitudes
from ag; to ag,where close to 0.2. For asymptomatic infection, the a,,term was dominant, with
amplitudes ay,, a,4 and ayq all about one-third of its value (Table 3).

Table 3. Duration of infection distribution parameters with periodic hazard rate (K = 6).

Symptomatic parameters Asymptomatic parameters

Amplitude Period (days) Amplitude Period (days)

asq 0.19 2w/wgy  198.7 sy 0.45 2m/wy,  817.0

A, 0.22 2n/ws, 824 a2 0.18 2m/wy,  97.0

ags3 0.19 2w /wsz  57.3 sz -0.04 2m/wysz  56.1

Agy 0.21 2m/wg, 440 Ay 0.15 2m/wy,  45.0

Ags 0.02 2n/wgs  36.4 Ays 0.01 2w /wys 365

Ase 0.10 2m/wge  30.2 Aug 0.17 2m/wye  30.5

4. Discussion

The analysis of our gSEAIR model illustrates it is an effective approach for evaluating the health
burden of chlamydia in the U.S. and in assessing the potential benefits of increasing STI screening
rates. The optimal gSEAIR model, according to measures such as AIC and AIC weights, was the K =
6 scenario. This scenario predicted a greater reduction in chlamydia incidence and DALYs when
increasing the annual screening rate from 35% to 40%, 50% or 70%, at least in comparison to the
traditional SEAIR model. Also, our gSEAIR models illustrated that the inclusion of time-varying
average durations of infection (i.e., the mean residual waiting-times) into model dynamics typically
correlated to a greater predicted health benefit from these interventions, at least in comparison to the
classical SEAIR model.

As expected, the scale-up of STI screening causes a reduction in incidence and DALYs. Our
findings illustrate that this reduction is comparable with other STI interventions [39], with the free
distribution of condoms and diaphragms serving as a notable example [40,41]. Our predictions on this
reduction are most likely conservative, as we only account for the effects of STI screening and do not
account for complementary interventions that would be deployed by health authorities including
contact tracing, partner notification [42] and the administration of suppressive therapy [43].

A particular area where the work presented here could be informative is in the rollout of periodic
presumptive treatment [44,45]. To elaborate, the basis of periodic presumptive treatment is the
systematic treatment of at-risk groups periodically with a combination of drugs targeting prevalent
(and curable) STIs, the results of which can cause reductions in STI prevalence up to 50% [45]. Thus,
since our gSEAIR model provides details on multiple periods associated with transmission (i.e., the
periods of the cosine terms in the mean residual waiting-times), it could help to inform on how frequent
periodic presumptive treatment should be deployed to maximize the health benefit of the intervention.

In addition to its potential for informing on public health issues such as periodic presumptive
treatment, our work also opens avenues of mathematical investigation. For instance, most traditional
compartmental models are autonomous systems of nonlinear differential equations whose solutions
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feature a rich history of investigation through Jacobian, next-generation or Routh Hurwitz stability
analysis techniques [46—-48], the application of evolutionary invasion analysis to infer the direction of
evolution [25,49,50] or the utilization of optimal control theory to inform on the ideal construction of
public health policies and interventions [51]. In contrast, our model is potentially nonautonomous,
which necessitates the use of Floquet theory [52] or Poincare maps [19] to understand its stability
properties and implications for evolution, which are utilized far less in the realm of mathematical
epidemiology.

Another realm for mathematical investigation is the conversion or comparison of gSEAIR to the
framework of stochastic dynamics [50,53]. For instance, an advantage of many Markov chain models
is the estimation of major and minor outbreak probabilities and their associated durations [54]. Thus,
in theory, a stochastic analog of gSEAIR could inform on the role that the duration of infection
distribution plays in shaping these outcomes. Stochastic differential equations also represent a
potentially fruitful area for future work, as it may be possible to recast their more robust ability to
inform on the evolutionary dynamics of pathogens [55] into a generalized differential equation
compartmental model similar to the ones presented in this work.

Although our model focuses on chlamydia transmission in the U.S., it could easily be adapted to
study other STD outbreaks such as syphilis [56], gonorrhea [19,57], hepatitis [46] and even HIV and
malaria co-infection [58] in other population demographics. Further potential generalizations and
refinements include the addition of disease states such as super-spreaders and individuals receiving
treatment, the subdivision of compartments to reflect levels of at-risk behavior or age demographics
and even the generalization of the transmission rate to a pair formulation [59].

As with the majority of compartmental models, our work has several limitations. To highlight
several, first, our model assumes a well-mixed (homogenous) population, which thereby disregards
the potential impact that heterogeneity may have on the transmission cycle and intervention. Naturally,
it follows that incorporating more realistic individual-level characteristics and mixing patterns would
enhance the accuracy of the predictions provided. Second, the calibration of our model relies on
reported chlamydia incidence from health authorities and estimates on the proportion of asymptomatic
cases. Implicit in this requirement are potential biases that may arise due to myriad treatment-seeking
behaviors among population groups such as those that mistrust medical personnel or age demographics
who experience greater social stigma from disease. Finally, the model formulation imposed a
parametric form of the duration of infection distribution. While the proposed distribution is flexible,
as it essentially can represent any function whose Fourier cosine series converges, further empirical
work is needed truly to determine the shape of the distribution.

5. Conclusions

In summary, our study evaluates a novel form of a compartmental model of chlamydia
transmission based on the quantity person-days of infection. Through our model, we better reflect
recent trends in chlamydia incidence in the U.S. based on the AIC score, relative to traditional
differential equation compartmental models. Given this outcome, our model projects a greater health
benefit from the upscaling of STI screening interventions than would be expected from traditional
approaches. By informing on the evaluation of STI screening interventions, in addition to the time
periods critical to the durations of chlamydia infection, our model has the capacity to uniquely
contribute to the wealth of knowledge needed to make informed decisions and thereby may aid health
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officials in the construction of interventions to reverse increasing rates of STIs in the U.S.
Use of Al tools declaration
The authors declare they have not used Artificial Intelligence (Al) tools in the creation of this article.

Acknowledgments

The authors wish to thank Dr. Emelie Kenny for constructive feedback that greatly improved the
clarity of the work. SG was partially supported by the National Science Foundation Grant DMS-2052592.

Conflict of interest
All authors declare no conflict of interest in this paper.
References

1. Reported STDs Reach All-time High for 6th Consecutive Year, CDC. (2021). Available from:
https://www.cdc.gov/media/releases/2021/p0413-stds.html

2. Impact of COVID-19 on STDs, (2022). Available from:
https://www.cdc.gov/std/statistics/2020/2020-SR-4-10-2023.pdf#page=12

3. E.R.Haut, I. L. Leeds, D. H. Livingston, The effect on trauma care secondary to the COVID-19
Pandemic, Ann. Surg., 272 (2020), e204—e207. https://doi.org/10.1097/SLA.0000000000004105

4. Reported STDs in the United States, 2019, Centers Dis. Control Prev., (2020). Available from:
https://www.cdc.gov/nchhstp/newsroom/docs/factsheets/std-trends-508.pdf

5. Chlamydia—CDC Basic Fact Sheet, (2022). Available from:
https://www.cdc.gov/std/chlamydia/stdfact-chlamydia.htm

6. L. G. Passos, P. Terraciano, N. Wolf, F. dos S. de Oliveira, I. de Almeida, E. P. Passos, The
correlation between chlamydia trachomatis and female infertility: A systematic review, Rev. Bras.
Ginecol. e Obs. / RBGO Gynecol. Obstet., 44 (2022), 614—620. https://doi.org/10.1055/s-0042-
1748023

7. Y. Hughes, M. Y. Chen, C. K. Fairley, J. S. Hocking, D. Williamson, J. J. Ong, et al., Universal
lymphogranuloma venereum (LGV) testing of rectal chlamydia in men who have sex with men
and detection of asymptomatic LGV, Sex. Transm. Infect., 98 (2022), 582-585.
https://doi.org/10.1136/sextrans-2021-055368

8. S. M. Garland, A. Malatt, S. Tabrizi, D. Grando, M. I. Lees, J. H. Andrew, et al., Chlamydia
trachomatis conjunctivitis, Prevalence and association with genital tract infection., Med. J. Aust.,
162 (1995), 363-366. Available from: http://www.ncbi.nlm.nih.gov/pubmed/7715517

9. D. T. Fleming, J. N. Wasserheit, From epidemiological synergy to public health policy and
practice: the contribution of other sexually transmitted diseases to sexual transmission of HIV
infection, Sex. Transm. Infect., 75 (1999), 3-17. https://doi.org/10.1136/sti.75.1.3

10. K. A. T. M. Theunissen, A. E. R. Bos, C. J. P. A. Hoebe, G. Kok, S. Vluggen, R. Crutzen, et al.,
Chlamydia trachomatis testing among young people: what is the role of stigma?, BMC Public
Health., 15 (2015), 651. https://doi.org/10.1186/s12889-015-2020-y

11. CDC, About STD Awareness Week, Centers Dis. Control Prev., (2022). Available from:

Mathematical Biosciences and Engineering Volume 20, Issue 9, 16131-16147.



16145

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

217.

28

https://www.cdc.gov/std/saw/about.htm.

F. Y.,S. Kong, J. S. Hocking, Treatment challenges for urogenital and anorectal Chlamydia
trachomatis, BMC Infect. Dis., 15 (2015), 293. https://doi.org/10.1186/s12879-015-1030-9
F.Y.S.Kong, S. N. Tabrizi, M. Law, L. A. Vodstrcil, M. Chen, C. K. Fairley, et al., Azithromycin
versus doxycycline for the treatment of genital chlamydia infection: A meta-analysis of
randomized controlled trials, Clin. Infect. Dis., 59 (2014), 193-205.
https://doi.org/10.1093/cid/ciu220

Sexually Transmitted Infections Treatment Guidelines, 2021, (2022). Awvailable from:
https://www.cdc.gov/std/treatment-guidelines/chlamydia.htm

H. R. Thieme, Z. Feng, Endemic models with arbitrarily distributed periods of infection I:
Fundamental properties of the model, SIAM J. Appl. Math.,, 61 (2000), 803-833.
https://doi.org/10.1137/S0036139998347834

Z. Feng, D. Xu, H. Zhao, Epidemiological models with non-exponentially distributed disease
stages and applications to disease control., Bull. Math. Biol., 69 (2007), 1511-1536.
https://doi.org/10.1007/s11538-006-9174-9

M. Roberts, V. Andreasen, A. Lloyd, L. Pellis, Nine challenges for deterministic epidemic
models., Epidemics, 10 (2015), 49-53. https://doi.org/10.1016/j.epidem.2014.09.006

S. Greenhalgh, C. Rozins, A generalized differential equation compartmental model of infectious
disease transmission, Infect. Dis. Model., 6 (2021). https://doi.org/10.1016/j.idm.2021.08.007

S. Greenhalgh, A. Dumas, A generalized ODE susceptible-infectious-susceptible compartmental
model with potentially periodic behavior, BioRxiv, (2022).
https://doi.org/2022.06.10.22276255v1.full

L. Basnarkov, SEAIR Epidemic spreading model of COVID-19, Chaos Solit. Fract., 142 (2021),
110394. https://doi.org/10.1016/j.chaos.2020.110394

H. S. Bakouch, C. Chesneau, J. Leao, A new lifetime model with a periodic hazard rate and an
application, J. Stat. Comput. Simul., 88 (2018), 2048-2065.

J. C. M. Heijne, S. A. Herzog, C. L. Althaus, N. Low, M. Kretzschmar, Case and partnership
reproduction numbers for a curable sexually transmitted infection, J. Theor. Biol., 331 (2013), 38—
47. https://doi.org/10.1016/j.jtbi.2013.04.010

M. J. Price, A. Ades, K. Soldan, N. J. Welton, J. Macleod, I. Simmes, et al., The natural history of
Chlamydia trachomatis infection in women: A multi-parameter evidence synthesis, Health
Technol. Assess. (Rockv)., 20 (2016), 1-250. https://doi.org/10.3310/hta20220

M. J. Price, A. E. Ades, K. Soldan, N. J. Welton, J. Macleod, I. Simms, et al., Duration of
asymptomatic Chlamydia trachomatis infection, in: Nat. Hist. Chlamydia Trach. Infect. Women a
Multi-Param. Evid. Synth., NIHR Journals Library, 2016.

S. Greenhalgh, R. Schmidt, T. Day, Fighting the public health burden of AIDS with the human
pegivirus, Am. J. Epidemiol., 188 (2019). https://doi.org/10.1093/aje/kwz139

C. L. Althaus, J. C. M. Heijne, A. Roellin, N. Low, Transmission dynamics of Chlamydia
trachomatis affect the impact of screening programmes, Epidemics, 2 (2010), 123-131.
https://doi.org/10.1016/j.epidem.2010.04.002

T. A. Farley, D. A. Cohen, W. Elkins, Asymptomatic sexually transmitted diseases: The case for
screening, Prev. Med. (Baltim)., 36 (2003), 502-509. https://doi.org/10.1016/S0091-
7435(02)00058-0

. K. Hsu, Clinical manifestations and diagnosis of Chlamydia trachomatis infections, UpToDate.

Mathematical Biosciences and Engineering Volume 20, Issue 9, 16131-16147.



16146

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44,

(2022).  Available from: https://www.uptodate.com/contents/clinical-manifestations-and-
diagnosis-of-chlamydia-trachomatis-infections/print

M. Bonner, J. M. Sheele, S. Cantillo-Campos, J. M. Elkins, A descriptive analysis of men
diagnosed with epididymitis, orchitis, or both in the emergency department, Cureus, 13 (2021).
Global Burden of Disease Collaborative Network, Global Burden of Disease Study 2019
Disability Weights, Glob. Heal. Data Exch., (2022). https://doi.org/10.6069/1W19-VX76
Sexually  transmitted  disease  surveillance, 2019, (2022). Available  from:
https://www.cdc.gov/std/statistics/2019/std-surveillance-2019.pdf.

S. Greenhalgh, T. Day, Time-varying and state-dependent recovery rates in epidemiological
models, Infect. Dis. Model., 2 (2017). https://doi.org/10.1016/j.idm.2017.09.002

R. C. Gupta, D. M. Bradley, Representing the mean residual life in terms of the failure rate, Math.
Comput. Model., 37 (2003), 1271-1280. https://doi.org/10.1016/S0895-7177(03)90038-0

K. M. M. Islam, O. M. Araz, Evaluating the Effectiveness of targeted public health control
strategies for chlamydia transmission in Omaha, Nebraska: A mathematical modeling approach,
Adv. Infect. Dis., 04 (2014), 142-151. https://doi.org/10.4236/aid.2014.43021

S. Portet, A primer on model selection using the Akaike Information Criterion, Infect Dis Model.,
5 (2020), 111-128.

Weekly statistics from the National Notifiable Diseases Surveillance System (NNDSS), 2019.
Available from:
https://wonder.cdc.gov/nndss/nndss_weekly_tables_menu.asp?comingfrom=202220&savedmod
e=&mmwr_year=2019&mmwr_week=01

J. O. Lloyd-Smith, S. J. Schreiber, P. E. Kopp, W. M. Getz, Superspreading and the effect of
individual  variation on disease emergence, Nature, 438 (2005), 355-359.
https://doi.org/10.1038/nature04153

E.-J. Wagenmakers, S. Farrell, AIC model selection using Akaike weights, Psychon. Bull. Rev.,
11 (2004), 192-196. https://doi.org/10.3758/BF03206482

Y. Zheng, Q. Yu, Y. Lin, Y. Zhou, L. Lan, S. Yang, et al., Global burden and trends of sexually
transmitted infections from 1990 to 2019: An observational trend study, Lancet Infect. Dis., 22
(2022), 541-551. https://doi.org/10.1016/S1473-3099(21)00448-5

R. J. M. Bom, K. van der Linden, A. Matser, N. Poulin, M. F. Schim van der Loeff, B. H. W.
Bakker, et al., The effects of free condom distribution on HIV and other sexually transmitted
infections in men who have sex with men, BMC Infect. Dis.,, 19 (2019), 222.
https://doi.org/10.1186/s12879-019-3839-0

G. Ramjee, A. van der Straten, T. Chipato, G. de Bruyn, K. Blanchard, S. Shiboski, et al., The
diaphragm and lubricant gel for prevention of cervical sexually transmitted infections: Results of
a randomized controlled trial, PLoS One, 3 (2008), e3488.
https://doi.org/10.1371/journal.pone.0003488

J. C. M. Heijne, C. L. Althaus, S. A. Herzog, M. Kretzschmar, N. Low, The role of reinfection
and partner notification in the efficacy of chlamydia screening programs, J. Infect. Dis., 203
(2011), 372-377. https://doi.org/10.1093/infdis/jiq050

L. Corey, A. Wald, R. Patel, S. L. Sacks, S. K. Tyring, T. Warren, et al., Once-daily valacyclovir
to reduce the risk of transmission of genital herpes, N. Engl. J. Med., 350 (2004), 11-20.
https://doi.org/10.1056/NEJM0a035144

H. W. Chesson, P. Mayaud, S. O. Aral, Sexually transmitted infections: Impact and Cost-

Mathematical Biosciences and Engineering Volume 20, Issue 9, 16131-16147.



16147

45.

46.

47.

48.

49.

50.

5l.

52.

53.

54.

55.

56.

S7.

58.

59.

effectiveness of prevention, in: Dis. Control Priorities, Third Ed. (Volume 6) Major Infect. Dis.,
The World Bank, 2017: pp. 203-232. https://doi.org/10.1596/978-1-4648-0524-0_ch10

R. Steen, M. Chersich, S. J. de Vlas, Periodic presumptive treatment of curable sexually
transmitted infections among sex workers, Curr. Opin. Infect. Dis., 25 (2012), 100-106.
https://doi.org/10.1097/QC0O.0b013e32834e9ad1

S. Greenhalgh, A. Klug, Hepatitis B and D: A forecast on actions needed to reduce incidence and
achieve elimination, SPORA A J. Biomath., (2022).
https://doi.org/10.30707/SPORA8.1.1652717156.650087

G. S. Kumari, A. Reece, E. Tosun, On the origin of zombies: A modeling approach, ball state
undergrad, Math. Exch., 16 (2022), 36-49. Available from:
https://digitalresearch.bsu.edu/mathexchange/wp-content/uploads/2022/11/2022-3-KRTG.pdf

H. W. Hethcote, Qualitative analyses of communicable disease models, Math. Biosci., 28 (1976),
335-356. https://doi.org/10.1016/0025-5564(76)90132-2

A. Hurford, D. Cownden, T. Day, Next-generation tools for evolutionary invasion analyses, J. R.
Soc. Interface., 7 (2010), 561-571. https://doi.org/10.1098/rsif.2009.0448

J. Ripoll, J. Font, A discrete model for the evolution of infection prior to symptom onset,
Mathematics, 11 (2023), 1092. https://doi.org/10.3390/math11051092

E. Bonyah, M. A. Khan, K. O. Okosun, J. F. Gomez-Aguilar, On the co-infection of dengue fever
and Zika virus, Optim. Control Appl. Methods., 40 (2019), 394-421.
https://doi.org/10.1002/0ca.2483

C. A. Klausmeier, Floquet theory: A useful tool for understanding nonequilibrium dynamics,
Theor. Ecol., 1 (2008), 153-161. https://doi.org/10.1007/s12080-008-0016-2

L. J. S. Allen, A primer on stochastic epidemic models: Formulation, numerical simulation, and
analysis, Infect. Dis. Model., 2 (2017), 128-142. https://doi.org/10.1016/j.idm.2017.03.001

0. A. van Herwaarden, J. Grasman, Stochastic epidemics: Major outbreaks and the duration of the
endemic period, J. Math. Biol., 33 (1995), 581-601. https://doi.org/10.1007/BF00298644

T. L. Parsons, A. Lambert, T. Day, S. Gandon, Pathogen evolution in finite populations: Slow and
steady spreads the best, J. R. Soc. Interface., 15 (2018), 20180135.
https://doi.org/10.1098/rsif.2018.0135

J. Feldman, S. Mishra, What could re-infection tell us about RO? A modeling case-study of syphilis
transmission, Infect. Dis. Model., 4 (2019), 257-264. https://doi.org/10.1016/j.idm.2019.09.002
E. Bonyah, M. A. Khan, K. O. Okosun, J. F. Gomez-Aguilar, Modelling the effects of heavy
alcohol consumption on the transmission dynamics of gonorrhea with optimal control, Math.
Biosci., 309 (2019), 1-11. https://doi.org/10.1016/j.mbs.2018.12.015

S. Greenhalgh, C. V. C. V. Hobbs, S. Parikh, Brief report: Antimalarial benefit of HIV
antiretroviral therapy in areas of low to moderate malaria transmission intensity, J. Acquir.
Immune Defic. Syndr., 79 (2018), 249-254. https://doi.org/10.1097/QAI1.0000000000001783

M. Kretzschmar, J. C. M. Heijne, Pair formation models for sexually transmitted infections: A
primer, Infect. Dis. Model., 2 (2017), 368-378. https://doi.org/10.1016/j.idm.2017.07.002

ra e ©2023 the Author(s), licensee AIMS Press. This is an open access
&IES AIMS Press article distributed under the terms of the Creative Commons

> Attribution License (http://creativecommons.org/licenses/by/4.0

Mathematical Biosciences and Engineering Volume 20, Issue 9, 16131-16147.



