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Abstract

This work has already been published; here, we provide a brief overview [1]. Epi-
demic models typically simulate the spread of diseases as functions of behaviors,
e.g., sexual and care behaviors for sexually transmitted diseases. However, mul-
tilevel factors, including poverty, housing or food insecurity, mental health, sub-
stance use disorder, etc., which are called social determinants of health (SDH),
are drivers of those behaviors. There is increasing awareness of the need to incor-
porate SDH into epidemic simulation models to evaluate structural interventions
alongside behavioral interventions. However, the multivariate joint associations
between SDH and behaviors needed for modeling are not available. Data for
SDH are mostly available as county-level marginal distributions, and associations
between SDH and behaviors are mostly bivariate. To address this problem, we
combine copula theory and probabilistic graphical models to estimate multivariate
joint distributions. We estimate bivariate associations between SDH using a novel
copula approach that transitions from continuous to discrete copulas.We then use
these bivariate associations—together with bivariate associations between SDH
and behaviors from the literature—as links in an undirected graphical model to
calculate the multivariate joint distributions. As a case study, we used the joint
distributions to model HIV-risk related behaviors as function of SDH in a national-
level HIV/AIDS (PATH 4.0) model and studied the impact of hypothetical 100%
efficacious SDH interventions on HIV prevention. We found that this intervention
could lead to a cumulative 10-year reduction of 29% in HIV incidence.

1 Background

Although there has been significant progress in treatments for human immunodeficiency virus (HIV)
such as antiretroviral therapy (ART) and pre-exposure prophylaxis (PrEP) that can prevent HIV
transmission or acquisition [2, 3], HIV continues to impose substantial disease and economic bur-
den, with an estimated 1.2 million people living with HIV (PWH) in 2019 and approximately 35,000
new infections in 2019 [4]. The average discounted lifetime HIV-related medical cost per person is
estimated at $420,285 [5]. There is growing evidence highlights social and economic conditions
are key drivers of behaviors that increase HIV risk, e.g., lower adherence to care, higher number
of partners, and higher condomless sex [6, 7, 8, 9]. Surveillance data indicate that among persons
with diagnosed HIV (PWDH), about 44% had a physical, mental, or emotional disability, 14% were
unemployed, 43% lived at or below the federal poverty line, and 10% were homeless [10, 11, 12].
Structural interventions, including programs like comprehensive sex education, universal condom
availability, expanded syringe access, healthcare coverage, subsidized housing, and mental health-
care access [13, 14, 15, 16, 17, 18], are key evidence-based recommendations for HIV prevention
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[19]. While the costs of these interventions can be estimated, their population-level impact on HIV
burden is difficult to assess through controlled trials alone. Mechanistic models, which simulate HIV
projections based on care and sexual behaviors, can be used to evaluate intervention combinations
and inform resource allocation, but typically do not incorporate SDH [20, 21, 22, 23, 24]. The key
challenge is the unavailability of coherent statistical data for social conditions and behaviors, specif-
ically the joint probability distributions that capture the complex associations between various social
determinants and their impact on health behaviors. Data on social conditions are often reported as
marginal distributions (e.g., proportions in poverty or homelessness), but their joint distributions
(e.g., proportion of the population both in poverty and homeless) are largely unavailable. Similarly,
available data between behaviors and social conditions are mostly limited to bivariate associations.
We address this data gap by proposing a novel methodology that combines copula theory with undi-
rected graphical models to first estimate the joint probability distributions and then developing a
framework for incorporating social conditions into dynamic mechanistic simulation models. The
numerical analysis includes care behavior using HIV Viral Load Suppression (VLS) as a proxy to
evaluate the impact on HIV incidence from interventions related to care behaviors.

2 Method

2.1 Problem description

Mechanistic models in epidemiology often simulate disease outcomes as functions of individual
behaviors. However, research has shown that social factors are key drivers of high-risk behaviors.
Taking HIV as an example, structural intervention programs such as housing for HIV infected per-
sons facing housing instability promote HIV “treatment adherence” behavior. Treatment leads to
Viral Load Suppression (VLS)—i.e., suppresses the level of virus in the blood— preventing the
transmission of HIV.

Our objective is to explicitly represent such dependencies in HIV simulations by modeling behaviors
(e.g., VLS) as functions of SDH variables, for decisions analysis related to the need for and impact
of structural interventions. This requires a joint distribution of multiple social and behavioral factors,
which is typically unavailable. Data on the prevalence of social conditions are reported mostly as
marginal distributions, e.g., proportions in poverty, or homeless rates across different jurisdictions
coming from disparate datasets.

We assume that all variables are binary, where 0 represents a good status (e.g., housed) and 1 a
disadvantaged status (e.g., homeless). When pairwise associations, e.g., relative risks or odds ratios
are available or can be estimated by bivariate samples, we can reconstruct the multivariate joint
distribution using undirected graphical modeling, also known as Markov Random Field (MRF) [25],
or directly applying iterative proportional fitting (IPF) [26, 27]. The problem is to thus estimate the
joint associations between all variables and then use them to enhance simulation modeling. Below
we propose a method to estimate pairwise joint distributions from dependent marginal samples that
can then be used to construct the multivariate joint distributions via MRF or IPF.

2.2 Proposed continuous to discrete copula to transform dependent continuous marginals to
discrete joint distributions

This section addresses scenarios where odds ratios are unavailable, but dependent marginal samples,
such as unemployment and poverty rates across counties, are observed. The goal is to estimate the
pairwise joint distributions Pr(X,Y ) for binary random variables X,Y ∈ {0, 1}, where X ∼
Bernoulli(πX) and Y ∼ Bernoulli(πY ).

The dependency structure of bivariate random variables can be represented by a family of odds
ratios [28]. For two binary random variables (X,Y ) with joint probability mass function (pmf)
p =

( p00 p01
p10 p11

)
, the odds ratio is defined by

w =
p00p11
p01p10

. (1)

Extending this to a bivariate discrete vector (X,Y ) where X ∈ SX = {0, 1, . . . , R} and Y ∈ SY =
{0, 1, . . . , S}, with R,S ∈ N and 1 ≤ R,S < ∞, the dependency takes the form of
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wxy =
p00pxy
p0ypx0

, ∀(x, y) ∈ SX \ {0} × SY \ {0}. (2)

Suppose we have n independent copies of a bivariate Bernoulli random variable (X,Y ), forming a
bivariate binomial vector (x, y) = (

∑n
i=1 Xi,

∑n
i=1 Yi) with pmf:

Pr(X = x, Y = y) =

min(x,y)∑
k=max(x+y−n,0)

(
n

k, x− k, y − k, n− x− y + k

)
pn−x−y+k
00 px−k

10 py−k
01 pk11.

Then, as per [28], the odds ratios for the binomial distribution can be estimated as:

wxy =

min(x,y)∑
k=max(x+y−n,0)

(
n

k,x−k,y−k,n−x−y+k

)(
n
x

)(
n
y

) wk, (3)

where w is given by Equation (1). Given the marginals πX , πY , and the odds ratio w, the bivariate
Bernoulli distribution can be recovered as:

p11 =
1

2(w − 1)
{1+(w−1)(πX +πY )−

√
[1 + (w − 1)(πX + πY )]2 − 4w(w − 1)πXπY } (4)

and subsequently, p00 = 1 − πX − πY + p11; p10 = πX − p11; p01 = πY − p11 via equations
introduced in [28]. Suppose that we are missing the odds ratio w for some pair (X,Y ), but do have
aggregate data {(xj , yj)}j∈[1..J], where xj and yj are marginal proportions of people with these
respective social burdens in jurisdiction j. Then we can estimate the odds ratio as follows.

If we assume that each jurisdiction has the same population size n, then {lj = n · xj}j∈[1..J] and
{mj = n·yj}j∈[1..J] can be considered as samples from Bin(n, πX) and Bin(n, πY ), where πX and
πY are the Bernoulli parameters at the national level. By the central limit theorem, for sufficiently
large n, these counts approximately follow a Gaussian distribution:

lj ∼ N (nπX ,
√
nπX(1− πX)), mj ∼ N (nπY ,

√
nπY (1− πY )).

The dependency between Bernoulli X and Y carries over to lj and mj , so the joint distribution
(pljmj ) can be estimated by a continuous copula as described by Sklar’s theorem [29], which ex-
presses the joint CDF and joint pdf as

FLM (lj ,mj) = C
(
FL(lj), FM (mj)

)
and fLM (lj ,mj) = c

(
FL(lj), FM (mj)

)
fL(lj)fM (mj)

for a copula C with density c. Specifically, we apply a Gaussian copula density function fitted to
jurisdiction data to estimate the pljmj

:

c(u, v) =
1√

1− r2
exp

(
− (a2 + b2)r2 − 2abr

2(1− r2)

)
,

where a =
√
2 erf−1(2u − 1), b =

√
2 erf−1(2v − 1), and r is the empirical correlation coefficient

of the (lj ,mj) pairs. We then compute the wljmj
via Equation (2) and solve for the underlying

Bernoulli odds ratio wj via Equation (3). We then calculate the bivariate Bernoulli distribution us-
ing Equation (4). By treating the national-level data as another “jurisdiction”, we also estimate the
national-level bivariate Bernoulli distribution and use that to estimate the multivariate joint distribu-
tion, which we further use in a national-level simulation model as discussed below.

2.3 Validation of copula approach

We validated the proposed continuous to discrete copula method using individual-level American
Community Survey (ACS) data for poverty and employment from IPUMS [30]. We estimated the
joint distribution between these features for each county, and used a chi-squared test, which showed
a good fit for approximately 95% of the samples compared to actual bivariate distributions. We also
applied our method to a synthetic dataset having high inter-feature dependencies, which similarly
indicated a good fit.
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2.4 Numerical application for care behavioral model

We chose VLS as a proxy for overall care behavior as VLS is achieved by linking-to-care at diagnosis
and consistent retention-in-care and treatment. We included the social conditions and intermediary
variable as listed in Figure 1. We applied the proposed copula method to those associations where
we only had the jurisdictional data available to estimate the pairwise joint distributions and used
them along with other associations available from the literature to then estimate the multivariate
joint distribution using an MRF graphical model by solving through maximum entropy. Using the
estimated joint distribution, we can estimate the conditional probabilities Pr(VLS | SDH ) for any
combination of SDH . As expected, estimates indicate that the probability of VLS is lower for
individuals with at least one socially disadvantaged condition compared to those with no social
conditions. We evaluated a hypothetical intervention assuming that the chance of VLS for people
with social needs could be increased to become equal to that among those with no social needs, to
determine the corresponding impact of such an improvement. Two scenarios were simulated in the
PATH 4.0 [31], which is a national simulation model of HIV in the United States; a baseline scenario
using status-quo marginal distributions Pr(VLS ) and an intervention scenario using P̂r(VLS ).

Figure 1: Illustration of associations between social conditions and care behavior. Note: all variables
are binary. The orange links relate to pairwise associations calculated using the proposed method.
All the other associations are calculated using literature data.

3 Results

The estimated joint distribution indicated that 78% of all people with HIV had at least one social
burden. These estimates were higher in people not in HIV care ( 87%) compared those in HIV care
(73%). From the simulation runs, a hypothetical 100% efficacious intervention addressing all social
needs is projected to increase VLS among people with diagnosed HIV (PWDH) from a baseline of
65.5% to 79%, leading to an estimated 29% (20% to 41%) reduction in cumulative national HIV
incidence over a 10-year simulation period.

4 Conclusions

We presented a new method combining copulas with graphical models to estimate joint distributions
from dependent marginal samples. Using this method, we enhanced the prior PATH simulation
framework for analysis of structural interventions alongside behavioral and pharmaceutical inter-
ventions, thereby providing an improved decision analysis tool to inform public policy.
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Iracema Lua, Ronaldo Coelho, Felipe Alves Rubio, Laio Magno, Daiane Machado, Julia Pescarini,
Luis Eugênio Souza, James Macinko, and Inês Dourado. Evaluating the impact of social determi-
nants, conditional cash transfers and primary health care on HIV/AIDS: Study protocol of a retrospec-
tive and forecasting approach based on the data integration with a cohort of 100 million Brazilians.
PLOS ONE, 17(3):e0265253, March 2022. ISSN 1932-6203. doi: 10.1371/journal.pone.0265253. URL
https://dx.plos.org/10.1371/journal.pone.0265253.

6



[25] Kevin P. Murphy. Machine learning: a probabilistic perspective. Adaptive computation and machine
learning series. MIT Press, Cambridge, MA, 2012. ISBN 978-0-262-01802-9.

[26] Stephen E. Fienberg. An Iterative Procedure for Estimation in Contingency Tables. The Annals of Math-
ematical Statistics, 41(3):907–917, June 1970. ISSN 0003-4851. doi: 10.1214/aoms/1177696968. URL
http://projecteuclid.org/euclid.aoms/1177696968.

[27] Yvonne Millicent Mahala Bishop, Stephen E. Fienberg, and Paul W. Holland. Discrete multivariate
analysis: theory and practice. MIT Press, Cambridge, Mass., 6. printing edition, 1980. ISBN 978-0-262-
02113-5 978-0-262-52040-9.

[28] Gery Geenens. Copula modeling for discrete random vectors. Dependence Modeling, 8
(1):417–440, January 2020. ISSN 2300-2298. doi: 10.1515/demo-2020-0022. URL
https://www.degruyter.com/document/doi/10.1515/demo-2020-0022/html.

[29] RB Nelson. An Introduction to Copulas. Springer Series in Statistics. Springer New York,
New York, NY, 2006. ISBN 978-0-387-28659-4. doi: 10.1007/0-387-28678-0. URL
http://link.springer.com/10.1007/0-387-28678-0.

[30] Steven Ruggles, Sarah Flood, Matthew Sobek, Daniel Backman, Annie Chen, Grace Cooper, Stephanie
Richards, Renae Rodgers, and Megan Schouweiler. IPUMS USA: Version 15.0, 2024. URL
https://www.ipums.org/projects/ipums-usa/d010.V15.0.

[31] Sonza Singh, Anne Marie France, Yao-Hsuan Chen, Paul G. Farnham, Alexandra M. Oster, and
Chaitra Gopalappa. Progression and transmission of HIV (PATH 4.0)-A new agent-based evolv-
ing network simulation for modeling HIV transmission clusters. Mathematical Biosciences and
Engineering, 18(3):2150–2181, 2021. ISSN 1551-0018. doi: 10.3934/mbe.2021109. URL
http://www.aimspress.com/article/doi/10.3934/mbe.2021109.

7


