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Abstract

Even though medical intervention measures against HIV transmission are
available, the epidemic continues to spread in several sub-Saharan African
countries. Empirical studies indicate that many people are unable to im-
plement prevention strategies because of individual factors, such as extreme
poverty or lack of education, but also because or relational factors, such
as gender-based violence or transactional sex. This phenomenon, known as
choice disability, may be such a large obstacle in the effectiveness of medical
interventions that several field trials of structural (non-medical) interventions
are underway that address these issues. While dynamical-systems models are
frequently used to advise management and policy around infectious diseases,
they typically assume that individuals are free to make optimal choices. We
derive and analyze a novel model where individuals have a certain choice
status, based on which they are more or less likely to transmit or receive the
infection. Choice status is affected by social interactions. When studying
the model in the absence of an infectious disease, we find that structural in-
terventions aimed at raising the status of one group can have the unintended
side effect of lowering the status of another group. When combined with an
epidemic model, we find that the same structural interventions can even in-
crease the total prevalence of a disease in the population. Our model provides
a framework to evaluate the possible effectiveness of structural intervention
in an epidemic.

Keywords

HIV epidemic model; multigroup model; choice-disability; structural inter-
vention; dynamical system

1 Introduction

Choice disability is a term mostly found in the literature on HIV and HIV
prevention measures [2]. Research shows that in spite of the availability of
medical interventions (e.g. condoms), some people are unable to make the
choice to protect themselves from HIV. This inability may be due to indi-
vidual factors (e.g. level of education) but more often than not is relational.
For example, power gradients in personal relationships may prevent the ne-
gotiation of condom use. Several different factors have been described as
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so-called choice-disability risk-factors for HIV prevention [2]. These include:
educational and economic disparities within relationships, food insecurity,
intimate partner- and gender-based violence [3, 25] along with coerced [4],
inter-generational [14, 27], and transactional sex [23]. There is a strong
positive correlation between the number of choice-disability factors that an
individual has accumulated and the risk of HIV infection [2]. All these stud-
ies indicate that knowledge and consideration of these factors can be crucial
to the success of medical interventions. Even more, addressing these non-
medical aspects of HIV with social programs and other interventions could
be an important step in its own right towards ending the HIV crises in large
parts of Africa. Field trials are now underway to test the effectiveness of non-
medical interventions that target various choice-disability factors in lowering
HIV infection risk [5, 13].

Dynamical systems models have a long and distinguished history in de-
scribing, understanding, and treating the HIV epidemic, including within-
host dynamics [31], between-host epidemics [1], multigroup models [30], and
estimation of unreported cases [16]. The inclusion of choice-disability factors
to structure the population is novel. Recently, we presented and analyzed
a model that focused on non-relational factors of choice disability, such as
extreme poverty [17]. We found that substantial declines in HIV prevalence
are possible with carefully designed, non-medical interventions that focus on
giving people choices with respect to HIV prevention. In that work, we did
not address the relational aspect inherent in many aspects of choice disabil-
ity, yet, many choice-disability factors arise only in the interaction between
two individuals (as discussed previously). Here, we develop a mathemati-
cal model of HIV transmission in the context of relational choice disability
and use it to consider the potential effects of non-medical HIV-prevention
interventions targeting choice disability.

The disease transmission portion of the model is a multigroup SI model
[12, 19] that structures the population by gender and multiple choice classes.
For example, a choice class can correspond to the number of choice-disability
risk-factors that an individual has accumulated. Individuals change choice
class depending on individual and relational factors, as described above.
While transition between choice classes due to individual factors is repre-
sented by simple linear rates, modelling choice disability due to relational
factors involves contact terms that are superficially similar to those used for
the disease transmission process. However, since choice disability can be ac-
quired through contact with partners who are not themselves choice disabled,
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these transitions behave differently from a disease transmission model.
Section 2 provides a mathematical description of the complete model

including both HIV and choice-disability elements. Section 3 provides some
mathematical analysis, focusing on the choice-disability portion of the model.
The simulation results in Section 4 focus on relational sources of choice dis-
ability and begin by considering only the choice-disability portion of the
model. To evaluate the potential impact of non-medical interventions that
target the choice-disability status of individuals, we turn to numerical simu-
lations. In contrast to our previous model, where choice disability was based
on individual factors and non-medical interventions were always positive, we
here find that in the case of relational factors, the outcome of non-medical
interventions depends subtly on the structure and relative strength of these
relationships.

2 Model

To model HIV transmission in the context of choice disability, we structure
the population by gender, HIV status, and choice status. Whereas gender
and HIV status are binary properties, we formulate the model for any finite
number of choice classes. For example, in our context, these choice classes
could correspond to the number of choice-disability risk-factors that an indi-
vidual has experienced in their life (see Introduction). It is known that the
number of choice-disability risk-factors is positively correlated with HIV risk
[2]. We denote these classes with index i ∈ {1, . . . , n}, where higher numbers
correspond to more factors. The model is summarized in the flow diagram
in Figure 1. The equations for the ith choice disability level are
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where Ψ•i , Γ•i and B•i are functions of the populations with gender •.
Parameters Λ•i and dS

•
i , d

I•
i are the rates of recruitment into the system

(i.e. the incoming cohort of sexually active people) and removal from the sys-
tem (i.e. through ceasing sexual activity or death), respectively. Individuals
move between different compartments either due to a change in choice class
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Figure 1: Flow diagram for model (1). The female population (left dot-
ted box) and male population (right dotted box) are each subdivided into
choice classes (vertical) and infection state (horizontal) with infectious com-
partments combined in dashed boxes. Horizontal arrows indicate infection
(modeled by functions B•i ) depending on contact with the infectious individ-
uals from the other sex (dashed arrows). Vertical arrows indicate acquisition
of (down, Γ•i ) and recovery from (up, Ψ•i ) choice disability that can result
from contact with individuals from any compartment of the other sex (dotted
arrows).
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or through infection. Functions Γ•i and Ψ•i describe the per-capita rates of
choice disability acquisition (i.e. moving from level i to i + 1) and recovery
(i.e. moving from level i to i− 1), respectively. Disease transmission is cap-
tured by functions B•i . We describe the functional forms of these three aspects
of our model in detail below. All parameters are non-negative. Notation and
interpretation are summarized in Table 1.

The rates of moving between choice classes incorporate individual factors
as linear rates and relational aspects as bilinear terms. These rates depend
on the number of individuals in each choice class and are given by

Γ•i = λ•i +
n∑
j=1

γ•ijN
•
j

Ψ•i = µ•i +
n∑
j=1

ψ•ijN
•
j

(2)

where N•j = S•j + I•j . Parameters λ•i and µ•i stand for the rates due to
individual factors whereas γ•ij and ψ•ij encode the contact structure between
individuals from various choice classes. For example, γijNj is the rate at
which an individual in choice class i acquires an additional choice disability
factor through interactions with individuals of choice class j. Our exploration
of effects and side-effects of non-medical interventions in Section 4 will focus
on the parameters γij.

There are only finitely many possible choice levels in our model, and
individuals cannot leave the population via changes in choice status. Since
one cannot move up from level 1 nor down from level n, we impose the
conditions Ψ•1 = 0 and Γ•n = 0.

Functions B•i describe the rate of disease transmission via bilinear trans-
mission terms. They depend on the number of infected individuals in each
choice class and are given by

B•i =
n∑
j=1

β•ijI
•
j . (3)

This formulation satisfies all the balance requirements for multigroup models
[12].

Formally, the summations in (2) and (3) look similar. However, the infec-
tion process can only move an individual to an infectious class if the contact
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is with an infectious person. The choice-disability process can move indi-
viduals up or down in choice-disability level independent of the state of the
person with whom the contact is. This difference, as simple and obvious as
it may seem, has major ramifications for the analysis of the model. In par-
ticular, a ‘disease-free’ state is not necessarily ‘simple’ in that the population
can still be distributed across all choice-disability levels. Several of the clas-
sical analytical approaches to analyze model behavior fail, in particular, the
application of standard Liapunov functions [29] is impossible. Nonetheless,
we can gain some insights into the analytical properties of our model in the
next section.

As a word of caution, we want to point out a few difficulties that we will
elaborate further in the discussion. Different choice-disability factors have
different causes and effects. For example, a certain level of income might be
considered low, but whether this leads to income disparity between partners
depends on the partner. And what might be a relatively higher income with
one could be a relatively lower income with another. The same is true for
education. However, while a relationship with an extremely poor person can
hurt a relatively richer partner financially long after the relationship is over,
the same is probably not true for education levels. It is, however, certainly
true that a person who experienced sexual violence in one partnership will
carry this experience forward to future relationships. All this is to say that
our model, while already quite complex, may still be too coarse to pick up
all details. However, we believe that it is a useful model to examine various
effects (as we will see in Section 4) and that it would probably impossible to
write down and parametrize a model in which each choice-disability factor is
considered separately.

3 Analysis

Equations (1) define a system of ordinary differential equations on R4n. In
this generality, specific analytical results are difficult to come by. We prove
that the system has globally existing, bounded solutions. Then we specialize
to the simplest possible interesting case of two choice classes, and we prove
uniqueness and global stability of the steady state.

Lemma 1. All solutions to equations (1) with non-negative initial conditions
remain non-negative, exist for all times, and will eventually enter the feasible
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Parameter Description

Λ•i Recruitment rate for choice level i

dS
•

i , dI
•
i Per capita removal rates for choice level i

λ•i Per capita disability acquisition rate due to individual factors
for choice level i

γ•ij Effective contact rate with choice level j for disability acqui-
sition by individuals in choice level i

µ•i Per capita disability recovery rate due to individual factors
for choice level i

ψ•ij Effective contact rate with choice level j for disability recovery
by individuals in choice level i

β•ij Effective contact rate with choice level j for disease transmis-
sion to individuals in choice level i

Table 1: Summary and descriptions of parameters for the model in (1)
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D =

{
(SF1 , I

F
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M
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M
n ) ∈ R4n

+

∣∣∣∣ NF
Tot ≤

ΛF

dF
, NM

Tot ≤
ΛM

dM

}
,

where N•Tot =
∑n

i=1 S
•
i + I•i .

Proof. The vector field is smooth, and therefore local existence and unique-
ness of solutions is guaranteed by standard theory [21]. If one of the sus-
ceptible populations is zero, i.e. S•i = 0, then Ṡ•i ≥ 0. Similarly, if one of
the infectious populations is zero, i.e. I•i = 0, then İ•i ≥ 0. Hence, solu-
tions to non-negative initial conditions remain non-negative and therefore
the positive orthant, R4n

+ is invariant. Adding all the equations for each sex,
gives

Ṅ•Tot =
n∑
i=1

Λ•i − dS
•

i S
•
i − dI

•

i I
•
i ≤ Λ• − d•N•Tot

where d• = min(dI
•
i , d

S•
i ), Λ• =

∑n
i=1 Λ•i . These inequalities imply that the

region D is invariant and that all non-negative solutions eventually enter this
region. The existence of a bounded, invariant attracting region implies global
existence of solutions [21].

Choice disability acquisition and recovery in model (1) do not depend
on infection status. If any differences in the removal rates dS

•
i and dI

•
i are

neglected and both removal rates are assumed to be equal to d•i , then the
model can be collapsed to consider choice disability separately from HIV
infection. Adding the equations for S•i and I•i , we obtain the model

ṄF
i = ΛF

i + ΨM
i+1N

F
i+1 + ΓMi−1N

F
i−1 −ΨM

i N
F
i − ΓMi N

F
i − dFi NF

i ,

ṄM
i = ΛM

i + ΨF
i+1N

M
i+1 + ΓFi−1N

M
i−1 −ΨF

i N
M
i − ΓFi N

M
i − dMi NM

i ,
(4)

that tracks the changes in choice-disability status only. This ‘choice-disability
model’ has phase space R2n

+ and is, in the simplest, non-trivial case (n = 2),
amenable to some more analysis. Specifically, we will prove that this model
has a unique, globally stable steady state in the feasible region. In the next
section, we will then analyze how this steady state depends on parameters,
and we will find some surprising insights about secondary and tertiary effects
of interventions that aim to raise the status of one sex.
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Theorem 2. Consider the ‘choice-disability model’ in (4) for n = 2. Assume
that all parameter values are positive and that the removal rate is independent
of social status (i.e. d•i = d• > 0). Then the sytem has a unique steady state
in the feasible region, and this state is globally asymptotically stable.

Please note that the theorem holds under weaker conditions, where some
of the parameters are allowed to be zero. Clearly, the removal rates d• and
at least some of the recruitment rates Λ•i must be positive, but, for example,
the theorem still holds if ψ•ij = 0.

Proof. It is convenient to use the total population for each sex rather than
the first social status. That is, we replace equations (4) by the equivalent
system

ṄF
Tot = ΛF − dFNF

Tot,

ṄF
2 = ΛF

2 + ΓM1 (NM)(NF
Tot −NF

2 )− (ΨM
2 (NM) + dF )NF

2 ,

ṄM
Tot = ΛM − dMNM

Tot,

ṄM
2 = ΛM

2 + ΓF1 (NF )(NM
Tot −NM

2 )− (ΨF
2 (NF ) + dM)NM

2 ,

(5)

where Λ• = Λ•1 + Λ•2 as before.
The first and third equation decouple, and the solutions approach the

respective steady states N•Tot → Λ•/d•. Hence, the hyperplane defined by
these steady states is invariant and attractive. We can study the remaining
two equations on this hyperplane.

We write the equations for x = NF
2 and y = NM

2 as ẋ = f(x, y) and
ẏ = g(x, y) with

f(x, y) = ΛF
2 − (A1 + ψy)x+ (A2 + γy)(A3 − x), (6)

where ψ = ψM12 − ψM11 , γ = γM12 − γM11 , and

A1 = µM1 + dF + ψM11

ΛM

dM
,

A2 = λM1 + γM11

ΛM

dM
, A3 = ΛF/dF .

The equation for g has a similar expression; we present details only for f.
Function f is linear in x. For each fixed y ∈ [0,ΛM ], we calculate

f(0, y) > 0 and f(ΛF/dF , y) < 0. (7)
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In particular, for each y there is a unique x = G(y) so that f(G(y), y) = 0.
We calculate

G(y) =
ΛF

2 + A3(A2 + γy)

A1 + A2 + (ψ + γ)y
. (8)

Next, we find the derivative of G as

G′(y) =
C

(A1 + A2 + (ψ + γ)y)2
, (9)

for some constant C. In particular, depending on the sign of C, we see that
either, G′ is positive and decreasing or negative and increasing. Accordingly,
G is either increasing and concave down or decreasing and concave up. In
either case, G is invertible, and the inverse, y = G−1(x), defines the x-
nullcline in the (x, y)-plane.

The results for the y-nullcline are even simpler. For each x ∈ [0,ΛF ],
we have g(x, 0) > 0 and g(x,ΛM/dM) < 0. Since g is linear in y, there is a

unique y = G̃(x) with g(x, G̃(x)) = 0. Function G̃ has the same general form

as G above, and the set y = G̃(x) denotes the y-nullcline in the (x, y)-plane.
In the (x, y)-plane, the vectorfield (f, g) points inwards along the bound-

ary of the rectangle [0,ΛF/dF ]× [0,ΛM/dM ], which is therefore positively in-
variant. The x-nullcline is a curve that connects the line segment [0,ΛF/dF ]×
{0} with the segment [0,ΛF/dF ] × {ΛM/dM} inside the rectangle. The y-
nullcline is a curve that connects the line segment {0}× [0,ΛM/dM ] with the
segment {ΛM/dM}×[0,ΛM/dM ] inside the rectangle [0,ΛF/dF ]×[0,ΛM/dM ].
Because these curves are continuous, they have to intersect at least once, and
the number of intersection points has to be odd. If we substitute the expres-
sion for x = G(y) into the function g, we obtain a quadratic equation for y.
Hence, there can be at most two intersection points. Therefore, there must
be exactly one in the feasible rectangle.

Finally, we use the Bendixon–Dulac criterion to exclude a periodic orbit.
We multiply the vectorfield by (xy)−1. We calculate

f(x, y)

xy
=

ΛF
2 + A2A3

xy
− A1 + A2

y
− (ψ − γ) +

A3γ

x

and
∂

∂x

(
f(x, y)

xy

)
= − 1

x2y

(
ΛF

2 + A3 (A2 + γy)
)
. (10)
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Substituting the expression for A2 and γ, we find

A2 + γy = λM1 + γM11

ΛM

dM
+ (γM12 − γM11 )y.

Since 0 < y < ΛM/dM , this expression is positive. Hence the expression in
(10) is negative. Similar calculations show that the derivative of g(x, y)/(xy)
with respect to y is negative inside the feasible rectangle. Hence, by the
Bendixon–Dulac criterion, there cannot be a periodic orbit inside the rect-
angle.

For later reference, we give the explicit expressions for the steady state
that we will study in subsequent chapters. In addition to the assumptions in
the theorem, we assume that there is no recruitment directly into the second
social status (i.e. Λ•2 = 0) and that one of the following conditions holds:

γM11 > 0 or λM1 > 0, (11)

i.e., that (female) individuals have a positive probability to acquire choice
disability. The calculations are tedious but not complicated. We find the
steady state values as

NM
Tot

∗
=

ΛM
1

dM
, NM

2

∗
=

ΛM
1

dM
ΓF1 (NF ∗)

ΓF1 (NF ∗) + ΨF
2 (NF ∗) + dM

,

NF
Tot

∗
=

ΛF
1

dF
, NF

2

∗
=
−b±

√
b2 − 4ac

2a
,

(12)

with coefficients

a =

(
ΛM

1

dM
(γM12 + ψM22 ) + λM1 + µM2 + dF

)(
γF11 − γF12

)
+

(
ΛM

1

dM
(γM11 + ψM21 ) + λM1 + µM2 + dF

)(
ψF21 − ψF22

)
,

b =− ΛF
1

dF
a− dF

ΛF
1

c− h,

c =
ΛF

1

dF

[(
γM11

ΛM
1

dM
+ λM1

)(
ψF21

ΛF
1

dF
+ µF2 + dM

)
+

(
γM12

ΛM
1

dM
+ λM1

)(
γF11

ΛF
1

dF
+ λF1

)]
,

(13)
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where

h =

(
ψM21

ΛM
1

dM
+ µM2 + dF

)(
ψF22

ΛF
1

dF
+ µF2 + dM

)
+

(
ψM22

ΛM
1

dM
+ µM2 + dF

)(
γF12

ΛF
1

dF
+ λF1

)
.

It is possible, but again tedious, to show directly from these expressions that
exactly one of the expressions for NF

2
∗

in (12) is in the feasible region.

4 Qualitative effects of intervention

We now investigate the qualitative behaviour of the model. We focus on the
question of what effects a non-medical intervention, aimed at reducing choice
disability, can have for HIV incidence and prevalence.

In the best possible scenario, the reproductive number, R0, of HIV in
a population of completely choice-enabled individuals would be less than
unity and the disease could be eliminated. Then we would calculate R0 in a
population with choice-disability classes and estimate the required strength of
intervention to push it below unity. We can use the next-generation method
[34] to write a formula for R0 but the expression is not particularly helpful
since we need to evaluate it numerically.

Unfortunately, this best possible scenario seems too far out of reach at the
moment in countries of southern Africa where HIV prevalence ranges from
9.1% in Malawi to 28.8% in Swaziland [32]. For that reason, we focus on the
question of how much of a difference non-medical interventions, targeting the
choice status of individuals, can make in the fight against HIV. Specifically,
we look at the absolute or relative changes in HIV prevalence in relation to
contact patterns and intervention strength of choice disability.

We limit our investigation of these questions to several, strategically cho-
sen scenarios. We consider only the two levels of choice enabled (‘high sta-
tus’) and choice disabled (‘low status’) without further subdividing levels of
choice disability. We are particularly interested in relational aspects of choice
disability and hence assume that transition to disability is caused solely by
contacts such as sexual assault or inter-partner violence. We set λ•i = 0 and
use

Γ•i =
n∑
j=1

γ•ijN
•
j .
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We recently considered the opposite scenario, where the transition to choice
disability was entirely based on individual factors (i.e. λ•i > 0 and γ•ij = 0)
[17].

Finally, we consider the case that choice-disabled individuals can only
return to choice-enabled status though an intervention that does not depend
on social contact. Hence, we set ψ•ij = 0 and use Ψ•i = µ•i , where µM2 ≥ 0
denotes the strength of the intervention for choice-disabled women and µF2 ≥
0 denotes the strength of the intervention for choice-disabled men.

We use numerical simulations of the model to investigate how the possible
outcomes of interventions depend on parameter values. Data are available
for some aspects of the model, in particular for the population dynamics and
for disease transmission rates [17], but parameter estimates for other aspects
are quite uncertain (e.g. the disease-related contact rates). Data needed
to estimate parameter values related to acquisition and recovery of choice
disability are not yet available but are starting to be collected in controlled,
randomized field trials [5]. For that reason, we choose parameter values
to illustrate certain strategic scenarios and mechanisms and not with the
intention of being directly applicable. Using the model, we identify cases and
mechanisms in which well-meant interventions can have unintended negative
consequences and we describe the scope of those consequences.

4.1 Intervention and choice disability

We begin by concentrating on the ‘choice-disability model’ (see Section 3),
i.e. we neglect HIV infection for the moment.

We consider an intervention that targets choice-disabled women only, for
example through education, and acts to enable them to make choices, for
example regarding HIV prevention. This intervention is modelled by setting
µM2 > 0 and µF2 = 0. While such an intervention has no direct effects on men,
it will have an indirect impact on men through their contacts with women.
There are two possible cases:

1. If choice-enabled men are more likely to become choice-disabled by
contact with a choice-disabled woman than a choice-enabled woman
(that is, if γF11 < γF12), then the intervention for women will also benefit
men allowing more of them to remain choice enabled. Therefore, we
will call this case ‘positive feedback’. This scenario could arise in the
case of great disparity of education and/or income where the lack of
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Figure 2: Changes in high status (i.e., choice enabled) men and women over
time since implementation of an intervention to raise the choice status of
women (µM2 > 0). In (a) γF11 < γF12 and the number of high-status men in-
creases as the number of high-status women increases. This simulation uses
contact parameters γF11 = 0.25, γF12 = 0.75, γM11 = 0.3, and γM12 = 0.7. In
(b) γF11 > γF12 and the number of high-status men decreases as the number
of high-status women increases. This simulation uses contact parameters
γF11 = 0.75, γF12 = 0.25, γM11 = 0.15, and γM12 = 0.85. For both cases, inter-
vention parameter µM2 takes values 0, 0.25, 0.5, 0.75, 1, with thicker lines
corresponding to stronger interventions. The remaining parameters here and
for all simulation results, unless otherwise noted, are ΛF

1 = ΛM
1 = 1 and

dF1 = dF2 = dM1 = dM2 = 1. All parameters that are not explicitly listed are
set to zero.
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resources in one partner (here the woman) limits the choices of the
other (here the man).

2. If choice-enabled men are more likely to become choice-disabled by
contact with a choice-enabled woman than a choice-disabled woman
(that is, if γF11 > γF12), then the intervention will be detrimental to men
and more of them will become choice disabled. Accordingly, we will call
this case ‘negative feedback’. This scenario could arise in the context
of transactional sex and/or income and education disparity, where the
abundance of resources of one partner (here the woman) limits the
choices of the other partner (here the man).

The effects and side effects from these two possibilities are illustrated
in Figure 2. This figure shows how the fractions of men and women with
high status (i.e. those who are choice enabled) evolve over time after an
intervention measure is put in place. We choose initial conditions at the
steady-state value in the absence of intervention and run simulations for
several values of intervention strength µM2 . The thin constant line indicates
the steady state in the absence of intervention, thicker lines indicate larger
values of µM2 .

Parameters are chosen so that the results from Section 3 apply, i.e., we
know that there is a unique, globally stable steady state for any level of in-
tervention. In all cases, the fractions start at the state without intervention
and monotonically approach the steady state with intervention. While the
fraction of high-status women increases for any strength of intervention, the
fraction of high-status men increases in the first case (top row of plots) and
decreases in the second (bottom row).

Next, we illustrate how the outcome of an intervention depends on the
contact parameters. We consider the equilibria N•1

∗
I and N•1

∗ corresponding
to the situation with and without intervention, respectively. We calculate
the relative change in the number of high status individuals, as measured by

RN•
1

=
N•1
∗
I −N•1

∗

N•1
∗ . (14)

In particular, if RN•
1
> 0 then the intervention has the (desired) outcome of

increasing the number of high-status individuals in compartment N•1 .
We choose contact rates γF11 and γM11 in the range [0, 3] and keep the

total contact rate per gender constant by setting γF,M12 = 3 − γF,M11 . The
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relative changes for women, men, and the whole choice-enabled population
(NF

1 +NM
1 ) are displayed in the contour plots in Figure 3. The dashed cross

in each plot indicates the lines γ•11 = 1.5 = γ•12 where the rate of status
change is independent of the state of the relating partner.

The first plot in Figure 3 reveals that women always benefit from an
intervention aimed at only women, in the sense that RNF

1
> 0. It is also clear

that the size of the beneficial effect depends on the contact parameters. It is
particularly strong when γ•11 are small, i.e. when the lowest risk of becoming
choice enabled results from contacts with choice-enabled partners.

To explain this observation, we look at the numbers for men (second plot
in Figure 3). When γF11 = 1.5 = γF12 the intervention has no impact on men
because interactions with high- and low-status women have the same effect
on men. Therefore, men do not benefit when the status of women is raised.
For values γF11 > 1.5 > γF12, the intervention has a negative impact on men,
reducing the number of high-status men in comparison to the no-intervention
case. This reduction occurs because, with these contact parameters, high-
status women are more likely to harm the status of men than their low-
status counterparts and the intervention increases the number of high-status
women. Conversely, when γF11 < 1.5 < γF12 the intervention benefits both,
men and women.

With this information, we look again at the first plot for women where we
observe additional feedback effects that were difficult or impossible to see in
Figure 2. We consider the point in the center where γ•ij = 1.5 as a reference
point where contact structure does not affect the rate of status change. Then
the effect on women’s status is increased in the direction of the first and third
quadrants where either γ•11 are both low or both high and decreased in the
other two directions where one of γ•11 is high and one is low.

When both γM,F
11 are low, the benefit to men increases the impact of the

original intervention on women. However when γM11 < 1.5, and γF11 > 1.5 the
harm to men also has a feedback effect, in this case weakening the original
intervention on women. Similar strengthening and weakening effects are
seen when γM11 > 1.5. Despite the fact that an intervention benefiting women
may harm men for some parameter combinations, the overall effect in the
population is always positive in these simulations, as indicated in the final
panel in Figure 3. In the next section, we explore how interventions for
choice disability affect HIV incidence and prevalence. In particular, we are
interested in whether the negative side effects that are possible from choice-
disability interventions can lead to negative side effects for HIV as well.
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Figure 3: Contour plots showing the relative increase or decrease in the
number of high-status women (top left), men (top right) and total popula-
tion (bottom panel) when an intervention (µM2 = 1) is implemented to raise
the status of women. The fraction of high-status men decreases from the
intervention if γF11 > γF12, which happens when γF11 > 1.5 since the total con-
tact rates are held constant at γF,M12 = 3 − γF,M11 . The combined fraction of
high-status individuals in the population increases in all cases. Parameters
are as in Figure 2 unless otherwise noted.
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4.2 Intervention and HIV prevalence

We now return to our main goal to study the effect of choice disability and
related interventions on HIV transmission and prevention. We saw that
single-sex choice-disability interventions may have unintended side effects
for the choice status of the opposite sex. Unlike in the previous section, we
do not have an explicit expression for the steady states of the model. We use
numerical simulations to investigate how these side effects may impact HIV
transmission and prevalence. In all our simulations, we consistently found a
unique, globally stable equilibrium, either disease-free or endemic.

In our numerical experiments, we focus on the effect that choice disability
has on disease transmission. With respect to choice status, we fix choice-
disability related parameters to represent the two scenarios from the previous
section:

S1 Positive choice-disability feedback, where men benefit from an interven-
tion for women: γF11 = 0.75 and γF12 = 2.25.

S2 Negative choice-disability feedback, where men are worse off from an
intervention for women: γF11 = 2.25 and γF12 = 0.75.

In both cases, γM11 = 0.75 and γM12 = 2.25.
In our previous study, we reviewed several aspects of how choice disability

interacts with HIV transmission and increases infection risk, for example
condom use (or not), anal sex, or dry sex [17]. We found that risk can
increase by a factor of 10 when at least one partner is choice disabled (please
see the section parameter estimation in [17] and references therein). Here,
we introduce a susceptibility parameter C > 1 that measures the increase in
transmission risk to a choice disabled partner. To simplify matters for our
strategic exploration, we choose the relative increase independent of sex and

choice class of the infectious partner, i.e., we set C =
β•
2j

β•
1j

for j = 1, 2 and

• = M,F.
We still have two cases to consider. In the first, we make the neutral

assumption that choice disability increases HIV transmission for men and
women in a similar way. According to the above explanation, we choose
transmission parameters βM,F

ij as

βM =

[
1.5
C

1.5
1.5 1.5C

]
, βF =

[
0.5
C

0.5
0.5 0.5C

]
. (15)
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We chose the values in βF smaller than in βM since HIV transmission from
women to men is less likely than in the reverse direction [11].

In Figure 4, we plot the changes in HIV prevalence in the different com-
partments before and after a choice-disability intervention for women only,
as described in the previous section. The difference for women

IFi
NF
i

− IFi I
NF
i I

(and similarly defined for men and for the total population) is positive if
the intervention (indexed with I) reduces prevalence, i.e., has the desired
outcome. We observe three effects in this scenario.

First, most compartments benefit from an intervention (aimed at women
only) in the sense that their HIV prevalence decreases. The only exception to
this rule are the compartments of choice-enabled women (top left panel) and
choice-enabled people (top right). Intervention increases prevalence in these
compartments not because more choice-enabled women become HIV positive
but because more HIV-positive women become choice enabled. When we look
at the numbers for all women (bottom left panel), we see that HIV prevalence
decreases overall.

Secondly, when men indirectly benefit from the intervention (scenario
S1), the overall positive effect of the intervention is stronger (diamonds in
Figure 4) than when the choice status of men is harmed by the intervention
(scenario S2, circles in Figure 4).

Thirdly, the effect is not monotone in C. When C is small, the disease
transmission rates chosen are so small that the disease-free equilibrium is
stable. When the prevalence is zero, the intervention does not make a differ-
ence. As C increases, disease transmission is strong enough for the disease
to become endemic. Accordingly, prevalence without intervention increases,
this initially higher prevalence allows more significant the reductions upon
intervention. When C is very high, disease transmission is particularly high
in the choice-disabled class so that we observe a saturation effect. The inter-
vention cannot keep up with the rate at which new infections occur in the
choice-disable class, and its relative effect decreases.

As we saw in the model for only choice-disability, an interventions to
raise women’s choice status can have unintended side effects of lowering
men’s choice status (Section 4.1). In the preceding example of the model
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Figure 4: Difference in HIV prevalence (at steady state) after women-only
intervention with an equal choice disability effect on transmission for men
and women. Diamonds indicate the case where both men and women benefit
from the intervention (scenario S1). Circles indicate the case where men
are harmed by the intervention (scenario S2). Other parameters are as in
previous figures, with transmission rates given by (15).
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for disease and choice-disability, HIV prevalence in men and in the over-
all population decreased from the intervention, even when the choice status
of men decreased. Will intervention always be beneficial or are there cases
where the decrease in choice status of men can jeopardize the overall success
of the intervention in terms of HIV prevalence?

We construct an example where overall HIV prevalence actually increases
from an intervention for women only. We consider the worst case scenario
that choice disability has a larger impact on HIV transmission to and from
men than for women. In other words, men are more strongly affected by
choice disability than women. Correspondingly, we choose transmission pa-
rameters as

βM =

[
0.6
C

(0.6)(10)
0.6 (0.6)(10)C

]
, βF =

[
0.2
C

0.2
(0.2)(10) (0.2)(10)C

]
. (16)

The transmission rates from choice-disabled men to all women (second col-
umn of the matrix βM) and the rates from all women to choice-disabled men
(second row of the matrix βF ) are multiplied by a factor of 10. Parameter
C has the same meaning as before; it measures the increase in susceptibility
of choice-disabled women to transmission from choice-enabled men and the
increase in transmission from choice-disabled women to choice-enabled men.
However, the transmission to and from choice disabled men is increased by
an additional factor of 10.

In this case, we vary parameter C only between 1 (where choice disability
only affects men) and 2 (where men experience a large choice-disability effect
for men but women only a small one). In Figure 5, we see that an intervention
aimed at increasing the choice status of women could have a negative effect
on HIV prevalence in the total population. As in the previous figure, we
observe that prevalence increases among choice-enabled women and people;
the reason is the same as before. Contrary to the previous figure, prevalence
now also increases (i.e., the difference in prevalence is negative) in all men
and all people in the S2 scenario (circles) where men’s status is indirectly
harmed by the intervention for women through the interaction patterns given
by γ•ij. Hence, unintended side effects can happen at the population level if
the intervention has the side effect of reducing the choice status of men and if
choice disability in men has a greater impact on HIV transmission than choice
disability in women. We discuss the validity and likelihood of occurrence of
this effect in the next section.
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Figure 5: Difference in HIV prevalence (at steady state) after women-only
intervention with a greater choice-disability effect on transmission for men
than women. Diamonds indicate the case where both men and women benefit
from the intervention (scenario S1). Circles indicate the case where men
are harmed by the intervention (scenario S2). Other parameters are as in
previous figures with transmission rates given by (16).
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5 Discussion and Conclusions

Despite enormous financial efforts to intervene against HIV transmission
with medical programs, the prevalence of the disease seems to not decline as
quickly as desired or even not decline at all in some countries of sub-Saharan
Africa [2, 33], please see [32] for an interactive web resource. It has been sug-
gested that the effectiveness of medical intervention is limited by individual
“choice disability,” the inability of people to implement available protective
measures [2, 3]. Most modeling studies of interventions against infectious
diseases consider medical interventions, e.g. condom use against STDs [28]
or vaccination programs [15]. Some include aspects of individual choice in
the form of compliance or non-compliance with mandatory or optional pro-
grams [15]; others consider compliance in a game-theoretic framework [8].
None of these models capture the aspect of choice disability where people
are unable – for individual or relational reasons – to implement prevention
measures for themselves. In our previous work, we considered individual rea-
sons [17]; here, we propose a novel model framework to capture individual
and relational aspects of choice disability and their effects on intervention
programs. Our analysis focuses on the relational aspects.

The choice-structure of our model is related to the model of social dy-
namics developed in [9, 10]. However, their model assumed that social in-
teractions are conservative, for example in economic transactions, which is
not the case here. Their and our models are a subclass of generalized kinetic
models that describe changes in a (continuous) state variable due to inter-
actions between members of a population [6, 7, 22]. As our model jointly
generalizes basic infectious disease models and multi-species Lotka-Volterra
models, we expect that a general qualitative theory will be quite complicated,
as one can expect oscillatory solutions in general. For carefully constrained
bilinear contact terms, we would hope that some of the techniques developed
and summarized in [21] can be extended. Our result about the uniqueness
and global asymptotic stability of the steady state in the ‘choice-disability
model’ is a first step in this direction, but many open questions remain on the
qualitative analysis of the model. Our model applies to contacts of the sexu-
ally active portion of the population before they enter stable (monogamous)
relationships, and our results are about steady states and their dependence
on parameters. In other situations, disease transmission terms other than
bilinear mass-action could be more appropriate.

The distinction between individual and relational factors of choice disabil-
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ity is not always clear nor easy. Risk factors such as income or education are
individual/absolute factors that determine various options and behaviors of a
person, e.g. whether they can afford and properly use condoms. But income
and education are also relative factors in that income/education disparity
within a relation may lead to choice disability [2]. For example, a woman
who knows about infection and protection may not be able to negotiate con-
dom use in a relationship with an uneducated partner, in particular when
social norms of male dominance are prevalent. Obviously, intimate partner
violence, rape or sexual assault all occur in relationships between at least
two people and can severely limit people’s choices [3]. Clearly, experiences
of rape or sexual assault remain with the person who experienced them and
get carried into potential future relationships. In particular, if such violence
occurs in the relationship between two choice-enabled partners, at least one
of them will carry a choice-disability factor from then on. But even factors
such as extreme poverty and food insufficiency, which are typically considered
individual factors, can have relational roots and consequences. For example,
if one person suffers from extreme poverty and falls severely ill as a conse-
quence, their partner might slide into poverty while caring for them, and even
lose their job and thereby end up in poverty and choice disabled as well. Our
model can incorporate individual and relational aspects via individual rates
λ•i > 0 and contact rates γ•ij. Our previous work was on individual factors
[17]; our main focus here is on relational factors and their potential to incur
indirect side effects of intervention (see more details below).

Many observations and empirical studies show that women bear a much
larger share of choice disability and its negative consequences, such as the
inability of HIV prevention [2, 3]. Consequently, women are often the fo-
cus group for structural (i.e., non-medical) intervention [5, 13, 18], and most
rightly so. When resources are focused on one group, other groups in need
(e.g. choice-disabled men) may suffer in that they may not receive the re-
sources needed, so that resource allocation can pose serious moral and prac-
tical dilemmas [26]. What our model shows in addition is that indirect side
effects could prevent the focus group from optimally benefiting from the in-
tervention and negatively affect other groups. In the worst case, indirect side
effects could make the entire population worse off. We do not believe that
such indirect negative effects are common or unavoidable. In particular, we
do not want our results to be construed as justification for not implementing
support programs for women. But we can think of examples where indirect
negative effects may arise, and we want to point out the mechanisms behind.
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We give an example scenario in the next paragraph.
We saw that the overall effect of a choice-disability intervention depends

greatly on the contact coefficients that encode the culture around relation-
ships and the ways in which power gradients may form within them. Social
norms in many cultures see men as the stronger partner who make decisions
for the couple. Fortunately, as women obtain equal and higher levels of edu-
cation, these norms are being challenged. Parameters γM11 and γF11 indicate the
extent to which choice-enabled men and women deny their partners choices.
This denial may occur through exploitative behaviors, such as transactional
sex or intimate partner violence, but may also manifest in other ways such
as resisting condom use. Men may benefit from an intervention targeting
women if choice-enabled women are less likely to restrict their parters’ choices
than choice-disabled women. This scenario could arise when choice-disabled
women reduce the choices of their male partners through the use of economic
resources, intimate partner violence or others. Men are harmed by the in-
tervention if choice-enabled women are more likely to restrict their partners’
choices than choice disabled women. This scenario can arise when choice-
enabled women engage in exploitative behavior such as transactional sex.
For example, women with higher income than their partners are more likely
to have multiple sexual partners than women with less income than their
partners [20]. As mentioned above, we have currently no way to estimate
the impact of so-called ‘sugar mommies’ and ‘rent boys’ on the transitions
between choice enabled and choice disabled compartments. But we know
that the effects are visible, and our model says that if they are strong, they
can limit the success of well-meant programs.

So far, we focused on acquiring choice-disability. Recovering from it,
through intervention programs, was modeled as a linear term. Any interven-
tion program has to trade-off the number of people that it can reach with
the amount of time and money it can sped on each person. The single-sex
intervention used in the simulations in Section 4 would require raising the
status of approximately 6.7% of the low-status women each year. As the
low-status population is only a fraction of the total population of women,
the actual size of the intervention could be even smaller, provided it could be
targeted effectively. Whether one should target all choice-disabled women or
only those who are HIV positive is an open question that will be important to
answer once sufficiently reliable values for other parameters have been found.

Probably more exciting is the prospect that not only the acquisition but
also the recovery from choice disability could have a relational component.
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Our model allows for such intervention effects through parameters ψ•ij. Not
much in known about the relational acquisition parameters γ•ij, but even less
about the recovery parameters, which is why we did not explore the effects of
these parameters in our analysis. However, this knowledge gap could be filled
soon. Recent and ongoing trials aim to reduce HIV infections by targeting
choice disability [5, 13]. They use multiple interventions: a universal inter-
vention, targeting men and women to become choice enabled; a single-sex
intervention, targeting young, choice-disabled women; and an institutional
intervention that aims to raise awareness of choice disability in existing HIV
prevention programs. Another intervention, the Stepping Stones program,
targets young men and women and uses a participatory learning approach
to teach about a variety of topics related to sexual health [24]. Several of
the topics included in the program such as gender violence are also factors in
choice disability. Many of the areas in which this intervention saw improve-
ment, such as perpetration of intimate partner violence and participation in
transactional sex by men, are also related to choice disability. We are looking
forward to incorporating these results into our model.

Despite all empirical studies, contact coefficients for choice-disability ac-
quisition and HIV transmission are difficult to measure, and without these
parameters it is difficult to know in advance how a single-sex intervention will
impact the opposite sex. However, in most scenarios we observed substan-
tial reductions in overall HIV prevalence. Furthermore, the cases in which
we observe a negative outcome for HIV prevalence due to interventions are
probably unrealistic. Negative outcomes occurred when men lost status due
to the intervention targeting women and were more heavily impacted by
choice disability than women. In reality the opposite is thought to be the
case as HIV prevalence increases drastically for women with even low levels
of choice disability [2]. While single-sex interventions have the potential for
unintended side effects, these seem unlikely to include an increase in HIV
prevalence.

Overall, further work should be done to determine realistic parameter
values for the particular contexts in which choice disability interventions are
to be implemented since these types of interventions could have a significant
impact on HIV prevalence. In any given scenario, the binary structure in
our application may need to be extended to include more (choice-) status
classes as in the general model (1). Choice disability should be considered
as a important factor in a comprehensive HIV prevention strategy.
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