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Abstract

The concept of a syndemic was proposed more than two decades ago to explain how large-scale 

social forces might give rise to co-occurring epidemics that synergistically interact to undermine 

health in vulnerable populations. This conceptual instrument has the potential to help 

policymakers and program implementers in their endeavors to improve population health. 

Accordingly, it has become an increasingly popular heuristic for advocacy, most notably in the 

field of HIV treatment and prevention. However, most empirical studies purporting to validate the 

theory of syndemics actually do no such thing. Tomori et al. (2018) provide a novel case study 

from India illustrating how the dominant empirical approach fails to promote deeper 

understanding about how hazardous alcohol use, illicit drug use, depression, childhood sexual 

abuse, and intimate partner violence interact to worsen HIV risk among men who have sex with 

men. In this commentary, I relate the theory of syndemics to other established social science and 

public health theories of disease distribution, identify possible sources of conceptual and empirical 

confusion, and provide concrete suggestions for how to validate the theory using a mixed-methods 

approach. The hope is that more evidence can be mobilized -- whether informed by the theory of 

syndemics or not -- to improve health and psychosocial wellbeing among vulnerable populations 

worldwide.
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Introduction

The theory of syndemics was first proposed by Singer (1996) to describe “synergistically 

related” (p.103) epidemics that cluster and arise from harmful social conditions. The 

structural aspect of his theory follows in the vein of what Krieger (2000) describes as 

“theories of disease distribution” (p.160), all of which have highlighted the role of large-
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scale forces in driving concentrated health disadvantage at the population level. This 

influential body of work includes, among others, ecosocial theory (Krieger, 1994), 

fundamental cause theory (Link & Phelan, 1995), and the theory of structural violence now 

prominently associated with Farmer (1996). Similarly, by the time Singer (1996) proposed 

his theory, the disease interaction concept had already become widely accepted among 

health care providers caring for patients with complex constellations of comorbidities, 

described in parallel literatures on multimorbidity (Diederichs, Berger, & Bartels, 2011; van 

den Akker, Buntinx, & Knottnerus, 1996) and dual diagnosis (Drake et al., 1991; Lehman, 

Myers, & Corty, 1989).

In the two decades since Singer (1996) first explicitly named the intertwined epidemics of 

Substance Abuse, Violence, and AIDS (“SAVA”) in Hartford, Conn., the menu of alphabet 

soup offerings has =expanded. We now have: VIDDA (Violence, Immigration and 

associated isolation, Depression, type 2 Diabetes, and Abuse) (Mendenhall, 2012), SUMIC 

(Substance Use, Mental Illness, and familial Conflict non-negotiation) (Robinson et al., 

2016), SAVID (Substance use during condomless intercourse, Adolescent sexual abuse, 

Violence, Internalized Homonegativity, and Depression) (Adeboye et al., 2017), and, most 

recently, PHAMILIS (Physical Health problems, Abuse, Mental Illness, Loss, Instability, 

and Substance use) (Marcus, 2014; Marcus & Singer, 2017). These lexicalized acronyms do 

not feature the same stretch for meaning and association as those used, for example, in the 

field of cardiology (Berkwits, 2000; Orlowski & Christensen, 2002; Pottegård et al., 2014). 

However, this proliferation of acronyms appears to be consistent with the Procrustean efforts 

trending in other fields (Fallowfield & Jenkins, 2002; Pottegård et al., 2014).

While the theory of syndemics marries different aspects of well-known social science and 

medical theories to generate powerful predictions for program implementation and clinical 

intervention, empirical analysis has lagged theorizing in the field. On the one hand, social 

epidemiology has clearly established the role of social determinants in explaining 

differences in disease between and within populations (Berkman, Kawachi, & Glymour, 

2014); and descriptive evidence for the phenomenon of disease clustering is fairly robust, at 

least at the level of the individual (Tsai & Venkataramani, 2016). On the other hand, 

however, with the exception of detailed anthropological studies (Mendenhall, 2012, 2015; 

Mendenhall et al., 2012), the field has so far failed to find convincing empirical evidence to 

support the third pillar of the theory, i.e., disease interaction. Systematic reviews have shown 

that most epidemiological studies in this literature -- all of which are based on individual-

level data -- have attempted to document the existence of syndemics by using the “sum 

score” specification (Tsai & Burns, 2015; Tsai et al., 2017). This dominant modeling 

approach is so named because the omnibus exposure of interest is calculated as the sum total 

of health risks experienced by study participants, and this variable is then included in a 

regression model as either a continuous or a categorical covariate.

Epidemiological studies employing the sum score approach to analyze putative syndemics 

have proliferated in recent years, most notably in the field of HIV treatment and prevention. 

The classic article by Stall et al. (2003) was the first of many studies to adopt the sum score 

approach to explain HIV risk among men who have sex with men. It is the “patient zero” of 

this literature and has received more citations than either of the primary articles elaborating 
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the theory’s conceptual basis (Singer, 1996, 2006). In this burgeoning literature, 

investigators’ claims of having identified synergistically interacting epidemics, based on 

regression analyses adopting the sum score specification, are often accompanied by appeals 

for complex, integrated and/or multicomponent interventions (Ferlatte et al., 2015; Li et al., 

2016; Nehl et al., 2016; Wang et al., 2018).

But these appeals for multicomponent interventions, and the empirical basis for such 

appeals, are not consistent with each other (Fig. 1). It can be shown mathematically that the 

sum score specification conveys no information about the extent to which the candidate 

health risks interact (Tsai & Venkataramani, 2016). This proof was foreshadowed more than 

a decade earlier by Singer and Clair (2003), who reviewed disease count data from three 

New England cities while explicitly noting that “the data do not enable an assessment of 

disease interaction” (p.433). Further, one of the most commonly used specifications of the 

sum score essentially encodes an assumption that there exists a sufficient cause interaction 

(Tsai et al., 2017). Yet no program implementers or policy makers have drawn on the 

findings of this body of literature to argue for single component interventions to prevent or 

treat HIV. On the other hand, the conclusion that multicomponent interventions are 

absolutely essential for optimal outcomes could be drawn from a study documenting 

multiple sufficient pathways to disease (Eisenberg, Scott, & Porco, 2007; Wagner & Lanoix, 

1958). Yet no program implementers or policy makers have used that literature to motivate 

the use of multicomponent interventions to prevent or treat HIV.

How do epidemics “interact”?

Possibly the confusion over how to operationalize syndemics in the empirical literature 

stems from imprecision in how the theory of syndemics has been described (Fig. 2). One 

might anticipate the argument that the word “interaction” could be consistent with several 

different models of relating co-occurring epidemics to each other:

1. Mutually causal epidemics: Singer (1996) initially portrayed the SAVA 

syndemic diagrammatically as a triangle. The discussion in his initial treatise 

focuses on the manifold ways in which the three epidemics are thought to be 

mutually causal: substance abuse is a risk factor for violent victimization and/or 

HIV acquisition, victimization may lead to substance abuse and/or HIV 

acquisition, and people with HIV are at greater risk of victimization and 

substance abuse.

2. Synergistically interacting epidemics: In other elaborations of the theory of 

syndemics, the framing adopts the language of interaction or synergism. Synergy 

implies that the disease burden attributable to joint health risks exceeds the sum 

of the disease burden of the health risks in isolation (Rothman, 1974).

3. Serially causal epidemics: This category represents a somewhat heterogeneous 

group of models that are based on well-known theories about the potential 

adverse consequences of accumulating and/or serially causal health risks. There 

is no shortage of coined phrases here, including “insult accumulation” (Riley, 

1989), “weathering” (Geronimus, 1992), “allostatic load” (McEwen & Stellar, 

Tsai Page 3

Soc Sci Med. Author manuscript; available in PMC 2019 July 08.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



1993), “chains of risk” (Coie et al., 1993), and life course epidemiology (Kuh & 

Ben-Shlomo, 1997; Kuh et al., 2003).

When a set of co-occurring epidemics is labeled a putative “syndemic,” which of these three 

models does the label imply?

In his initial formulation, Singer (1996) emphasized the interdependence and 

interrelatedness of substance abuse, violence, and HIV -- suggesting the model of mutually 

causal epidemics. However, the plain use of the word “interaction” instead suggests the 

model of synergistically interacting epidemics. Moreover, the exemplars provided in Singer 

and Clair (2003), the most highly cited précis of the theory, draw exclusively on the 

language of interaction and synergism. For example, persons with chronic hepatitis C virus 

infection who also engage in heavy alcohol use are at far greater risk of developing 

hepatocellular carcinoma compared with persons who only engage in heavy alcohol use or 

who only have chronic hepatitis C virus infection; persons with HIV who are co-infected 

with mycobacterium tuberculosis experience accelerated progression of HIV disease; and so 

forth. As for the model of serially causal epidemics, it is not explicitly described by Singer 

(1996, 2006) but is frequently cited by Stall and colleagues as being consistent with their 

conceptualization of syndemics (Herrick et al., 2013; Stall et al., 2015; Stall, Friedman, & 

Catania, 2007).

As elaborated further in Tsai et al. (2017), objection to the casual use of statistically distinct 

terms interchangeably cannot be dismissed as mere semantic quibbling. This practice 

contributes to ongoing confusion in the field because the three different models of co-
occurring epidemics generate starkly different predictions about the potential effectiveness 
of treatment or prevention strategies. The model of mutually causal epidemics implies that 

addressing all epidemics or health risks may be necessary to effectively reduce the burden of 

disease (or that, in a single population with multiple epidemics, addressing all epidemics 

would be needed to achieve as much disease burden reduction as addressing the equivalent 

number of single epidemics present in separate populations). The various models of serially 

causal epidemics also imply different intervention strategies. In contrast, the model of 

synergistically interacting epidemics potentially implies that one epidemic or health risk can 

be addressed in isolation while leaving the other intact, and that doing so should be expected 

to result in a greater reduction in disease burden than otherwise would be expected if no 

interactions were present.

The Tomori et al. (2018) study

It is in this context that Tomori et al. (2018) offer a novel investigation into the epidemics of 

hazardous alcohol use, illicit drug use, depression, childhood sexual abuse, and intimate 

partner violence among men who have sex with men. Not all the studied health risks would 

be considered “epidemic,” as the prevalence of illicit drug use during the 6 months prior to 

interview was less than 3 percent. Nor did it appear that many of the health risks were co-

occurring, as fewer than 15 percent of the sample reported two or more health risks. 

However, these health risks are among those most commonly investigated in empirical 

studies attempting to understand putative syndemics (Tsai & Burns, 2015; Tsai et al., 2017). 

The study participants, recruited at several sites in India through respondent-driven 
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sampling, were interviewed as part of the baseline assessment for a cluster-randomized HIV 

prevention trial (Solomon et al., 2013; Solomon et al., 2015). The outcomes of interest in 

this analysis were condomless anal intercourse during the 6 months prior to interview and 

active syphilis infection determined by rapid plasma reagin and treponemal antibody testing.

Tomori et al. (2018) focused their analysis on estimating the associations between the 

exposures and outcomes. First, following most empirical studies in this literature, they 

followed the sum score approach by calculating an omnibus variable equal to the sum total 

of health risks (Tsai & Burns, 2015; Tsai et al., 2017). They found, as have most studies in 

this literature, a statistically significant association between the sum score and the outcome 

of condomless anal intercourse.

In describing those findings throughout the article, Tomori et al. (2018) adopt the regrettable 

terminology of their predecessors, referring to “additive associations” between the exposures 

and outcomes. In this literature, this phrase is often deployed -- on the basis of estimates 

derived from the sum score approach -- to emphasize multimorbidity and interrelatedness 

and, therefore, the need for complex, multicomponent interventions (Ferlatte et al., 2015; Li 

et al., 2016; Nehl et al., 2016; Wang et al., 2018). But the persisting use of the phrase in this 

context is regrettable because it actually does not carry substantive meaning. As emphasized 

in Tsai and Venkataramani (2016), the covariates in a linear regression model are assumed to 

have additive associations with the outcome. Compared with a conventional regression 

model in which the candidate health risks are entered as separate covariates, the sum score 

specification simply enforces the assumptions that the associations are not only additive but 

also equivalent -- while also increasing the probability of a statistically significant finding by 

reducing (from several to one) the number of parameters to be estimated.

In a novel departure from the literature, Tomori et al. (2018) included two- and three-way 

product terms in the regression models to test for the presence of interactions between the 

health risks. Out of 26 two- and three-way interactions tested for the two outcomes, they 

found evidence of synergy only between intimate partner violence and depression for the 

outcome of condomless anal intercourse, and between hazardous alcohol use and illicit drug 

use for the outcome of active syphilis. This pattern of largely null findings, which diverges 

from the estimates obtained in their analysis based on the sum score, provides a concrete, 

real-world illustration of what has been previously demonstrated mathematically (Tsai & 

Venkataramani, 2016): that fitting a regression model using the sum score specification can 

yield a statistically significant estimate consistent with a data-generating process 

characterized by no interactions between the exposures of interest.

Skeptical readers might examine these findings and, generalizing beyond these epidemics in 

this population, conclude -- while recalling the underlying math, which proves that most of 

the studies in this literature claim a finding that they do not (and cannot) demonstrate (Tsai 

& Venkataramani, 2016) -- that the empirical literature on syndemics is largely hokum. 

Tomori et al. (2018), on the other hand, suggest a “broader conceptualization of syndemics.” 

Essentially, they propose redefining syndemics so that regression models adopting the sum 

score approach can be reinterpreted as providing evidence consistent with the theory.
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This proposal raises several concerns. First, retrospectively redefining the concept of a 

syndemic to be consistent with regression analyses that were motivated by a mistaken 

understanding of the theory would be a rather unconventional approach to validate the 

theory. Doing so is tantamount to moving the goal structure after the kick so a football that 

appears to be hooking wide ends up sailing through the uprights straight and true. Second, 

given the conceptual fuzziness described previously, the models of mutually causal, 

synergistically interacting, and serially causal epidemics could all potentially be consistent 

with the theory of syndemics. The foundational work by Singer (1996, 2006) is quite unclear 

on this matter. Irrespective of the model or models that emerge conceptually victorious from 

the scrum when the dust settles, this point is worth emphasizing: the sum score specification 

offers an appropriate test for none of these models. Put differently, the sum score 
specification conveys no information about the extent to which epidemics are mutually 
causal, synergistically interacting, or serially causal. Third, syndemics are theorized to be 

multilevel phenomena in which epidemics interact at both the level of populations and the 

level of individuals (Singer, 2006). Cumulative adversities, on the other hand, are largely 

conceptualized at the level of the individual (Cronholm et al., 2015). Redefining the concept 

of a syndemic strictly on the basis of individual-level analyses would not necessarily support 

expanding such a reconceptualization to the population level. Fourth, while the authors 

suggest that redefining syndemics could spur “greater integration of quantitative and 

qualitative methodologies,” such an outcome does not necessarily follow from the 

suggestion. More qualitative data can be brought to bear on the study of syndemics without 

accommodating the sum score approach (as is described in more detail below).

Need for new approaches in the study of syndemics

Tomori et al. (2018) advance the literature by providing an empirical example that starkly 

exposes the potential discrepancies that can emerge between analyses based on the sum 

score approach vs. those that test for synergistic interactions. But their analysis also 

highlights the need for new study designs that can help the field gain purchase on validating 

the theory of syndemics. Given the complexity of the large-scale social forces shaping how 

multiple epidemics converge to worsen the burden of disease, triangulation of data from 

multiple sources may be required (Patton, 1999). Below I discuss four approaches for 

potentially advancing the literature: extending analyses beyond the level of the individual; 

mapping the temporal cascade of health risks; using agent-based models to understand 

disease and intervention co-dynamics; and incorporating insights from anthropological field 

work. Each of these study designs is complementary to the others, and using them in tandem 

will enable investigators to minimize their limitations and reinforce their strengths.

Extending analyses beyond the level of the individual—To date, the field has 

focused exclusively on investigating how individual-level outcomes can be explained by 

individual-level covariates (Tsai & Burns, 2015; Tsai et al., 2017). This omission of 

population-level studies and contextual effects is conspicuous given that syndemics have 

been explicitly theorized as multilevel phenomena, e.g. as described by Singer (2006): 

“Recently, in our efforts to further delineate the concept of syndemic [sic], we have drawn 

attention to the fact that disease interaction occurs at both the population and individual 

levels” (p.39). Failure to explicitly model the colluding social forces responsible for 
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syndemic health risks leads the field away from political, economic, and cultural 

explanations of concentrated health disadvantage and toward disembodied notions of 

comorbidity.

One would expect empirical studies of syndemics to be natural candidates for the application 

of multilevel models, which bridge analyses of ecological and individual-level data and 

permit simultaneous estimation of associations at different levels (Diez-Roux, 1998; 

Duncan, Jones, & Moon, 1998). Blakely and Woodward (2000) described three principal 

mechanisms through which ecological constructs can affect individual-level outcomes: 

cross-level effect modification (e.g. the association between men’s beliefs about gender roles 

and women’s experience of intimate partner violence is modified by laws disadvantaging 

women relative to men in their access to resources and factors of production), direct cross-

level effects (e.g., laws disadvantaging women in access to resources and factors of 

production directly undermine women’s health by contributing to fear and stress), and 

indirect cross-level effects (e.g., laws disadvantaging women in access to resources and 

factors of production shape men’s beliefs about gender roles, which in turn elevate women’s 

risk for intimate partner violence). Ecological factors can also modify the effects of other 

ecological factors, consistent with ethnographically-informed theories about how the 

interplay between large-scale social forces shapes the HIV risk environment (Rhodes et al., 

2005; Rhodes et al., 1999).

Mapping the temporal cascade of health risks—The models of serially causal 

epidemics used in life course epidemiology (Kuh et al., 2003) may or may not be consistent 

with the concept of a syndemic. If so, path analysis and social network analysis represent 

two methods that can be used to infer the causal relations between psychosocial health risks 

experienced by individuals. Path analysis is a form of structural equation modeling that can 

be used to examine both direct and indirect hypothesized associations between several 

different variables (Wright, 1920, 1921). At the level of the individual, serially causal health 

risks could manifest, for example, as child abuse leading to alcohol abuse, subsequently 

followed by alcohol dependence, major depressive disorder, and HIV transmission risk 

behavior; covariates at multiple levels of analysis could easily be accommodated. The 

estimation of direct and indirect effects has traditionally been undertaken by structural 

equation modelers, but counterfactual-based approaches have gained increasing popularity 

(VanderWeele, 2015).

The social network approach to explaining constellations of health risks might conceptualize 

them as mutually enhancing, reciprocally reinforcing nodes in an association network 

(Cramer et al., 2010). In contrast to path analysis, network analysis does not rely on an a 
priori specified model relating the nodes to each other; rather, the strength of the linkages 

(edges) and the centrality of certain nodes emerges from the analysis. Candidate causal 

structures can be explored using inference algorithms (Spirtes & Glymour, 1991). Such an 

analysis would also be able to identify situations in which low-prevalence health risks are 

highly central to the tangled web of comorbidity, or, conversely, situations in which health 

risks may be of high prevalence but nonetheless lack central importance.
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Social network analysis has been increasingly used to illustrate psychiatric disorders as 

causal systems (McNally et al., 2015) or to clarify the role of symptom overlap in 

characterizing constellations of psychiatric disorders (Bekhuis et al., 2016; Bringmann et al., 

2015). One recent analysis expanded this approach to include other psychosocial variables 

such as stigma, functioning, resilience, and service engagement (Galderisi et al., 2018). In 

the context of a longitudinal study, this type of analysis could be used to elucidate the 

processes through which the nodes interact with each other and exert potentially reinforcing 

effects. Nodes with high levels of correlations with other nodes (out-strength) could 

represent potential targets for intervention, as Tomori et al. (2018) usefully suggest, given 

that they have a greater likelihood of influencing other nodes in the network. McNally et al. 

(2015) have similarly speculated that targeting such nodes for intervention could trigger a 

“therapeutic cascade of downstream benefits” (p.845).

Using agent-based models to understand disease and intervention co-
dynamics—The complex, multifactorial processes that outline the contours of syndemics 

may be well suited to applications of agent-based models. Agent-based models simulate 

heterogeneous, autonomous “agents” who are endowed with pre-programmed behavioral 

rules governing their interactions with each other and with the environment (Bonabeau, 

2002). These interactions, when aggregated, generate system-wide phenomena that cannot 

be intuitively discerned from the behavioral rules alone (Coleman, 1990; Granovetter, 1978; 

Schelling, 1969, 1971). Importantly, the process of model construction would require 

analysts to make concrete their (presumably theory-based) assumptions about how they 

expect syndemics to operate. Analysts can assess the validity of their models by comparing 

the emergent descriptions to epidemiological data (Bearman, Moody, & Stovel, 2004; 

Hedström, 2005; Hedström & Bearman, 2009). Relevant examples of agent-based modeling 

of syndemics are scarce in the literature. Applications of other complex systems methods, 

such as system dynamics models, are similarly scarce (Batchelder et al., 2015). O’Neil and 

Sattenspiel (2010) employed an agent-based model to understand how the spread of 

influenza in North American aboriginal communities was influenced by seasonal settlement 

and mobility patterns (but their model did not incorporate interactions between influenza and 

other infectious diseases, e.g., tuberculosis).

One appealing feature of agent-based models is their ability to simulate the population-level 

effects of complex interventions. Agent-based models have been used, for example, to test 

the effectiveness of stigmatization and social network targeting strategies in addressing the 

obesity epidemic (Zhang et al., 2015), structural interventions to increase consumption of 

fresh produce among low-income households (Widener, Metcalf, & Bar-Yam, 2013), 

enhancing neighborhood collective efficacy to reduce racial and ethnic disparities in violent 

victimization (Cerda et al., 2014), and multicomponent interventions to improve diarrheal 

disease control (Mellor et al., 2012). The treatment effect estimates so obtained are causal, in 

the sense that counterfactual scenarios can be created ad infinitum (Marshall & Galea, 

2015); but they are virtual, in the sense that the “real world” data against which the modeler 

attempts to compare the inferred counterfactual are actually not real -- only calibrated using 

real world data. Unfortunately, use of conventional methods to test models of synergistic 

disease interaction or the effectiveness of multicomponent interventions can encounter 
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intractable difficulties due to the resource demands of full factorial study designs (Tsai & 

Burns, 2015; Tsai & Venkataramani, 2016). Thus, the disadvantages of using simulated data 

are potentially offset by the efficiency and promise of understanding how syndemics unfold 

and how they can be effectively addressed.

Incorporating insights from anthropological field work—Statistical and 

mathematical models must often be simplified to permit their estimation, but doing so can 

run the risk of over-simplifying disease co-dynamics (Rhodes et al., 2005). Anthropological 

approaches, on the other hand, can generate rich data that do not require reductive analyses. 

These range from ethnography to narrative interviews and mixed methods, and can provide 

unique insights into under-researched political, economic, and cultural mechanisms that 

influence disease clustering and amplify disease burden (Maher, 2002). The study of 

syndemics through an anthropological lens is perhaps best exemplified by the work of 

Mendenhall and colleagues (Mendenhall, 2012, 2015; Mendenhall et al., 2012).

Anthropological data can complement epidemiological and simulation studies by providing 

microfoundations for macro-level observations (Agar, 2005; Dean et al., 2000; Geller & 

Moss, 2008; Tubaro & Casilli, 2010; Yang & Gilbert, 2008). Moore et al. (2009), for 

example, describe a study of psychostimulant use and health outcomes among Australian 

youth in which ethnographic work informed some of the behavioral rules that were 

programmed into an agent-based model, and epidemiological data were used to validate the 

model’s emergent descriptions. More generally, anthropologists can develop concepts in the 

field, use the concepts to construct an agent-based model, and then test the consistency of 

their social theories by assessing the extent to which the emergent phenomena match their 

field observations. Some anthropologists are already employing similarly oriented 

workflows -- minus the agent-based modeling -- to good effect (Brown et al., 2009; Kohrt et 

al., 2009). Agent-based models can also suggest new questions for the fieldwork, thereby 

improving ongoing anthropological research.

Conclusion

The theory of syndemics has the potential to help policymakers and program implementers 

in their endeavors to improve population health. As theorized, syndemics are complex, 

multilevel phenomena, and there remain important opportunities to investigate how 

epidemics interact both at the level of populations and at the level of individuals and how 

they evolve across space and time. While the theory of syndemics has become an 

increasingly popular heuristic for advocacy, notably in the field of HIV treatment and 

prevention, most empirical studies purporting to validate the theory actually do no such 

thing. Their vacuousness is neatly illustrated in this novel contribution by Tomori et al. 

(2018). However, rather than broadening the concept of a syndemic, the field needs to 

significantly sharpen the theory’s empirical predictions so that investigators can have 

specific, falsifiable hypotheses to test using actual data. There is a danger that the 

haphazardly expanding concept of a syndemic will generate predictions so diffuse that the 

theory is rendered useless. I have suggested a few promising avenues for advancing the 

empirical literature on syndemics in the hope that evidence can be mobilized to improve the 

health and psychosocial wellbeing of vulnerable populations worldwide.
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Fig 1. 
A simplified framework for understanding the relationship between findings based on the 

sum score approach vs. policy or programmatic recommendations for multicomponent 

interventions. Panel 1 depicts what is commonly observed in the literature on syndemics: 

investigators fit a regression model following the sum score approach (X) and then draw on 

the findings to advocate for complex, integrated, and/or multicomponent interventions (Y). 

The dashed line indicates that a conclusion of Y based on findings from X is incorrect, given 

the underlying math (Tsai & Venkataramani, 2016). Panel 2 recognizes that one of the most 

commonly used specifications of the sum score essentially encodes an assumption that there 

exists a sufficient cause interaction (Tsai et al., 2017). Such an assumption does not, 

however, militate for a multicomponent intervention. The findings of X would instead lead 

directly to the conclusion that a single component intervention (Y’) would be sufficient to 

prevent the outcome, because the mechanism of disease -- which the sufficient cause 
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represents -- requires the presence of all health risks to operate. Panel 3 illustrates that if a 

multicomponent intervention is the desired policy or programmatic outcome, use of the sum 

score approach will not lead to this conclusion. One possibility, however, is to demonstrate 

that there are multiple sufficient pathways to disease (X’), as is often observed in the setting 

of enteric pathogens and diarrheal disease (Eisenberg, Scott, & Porco, 2007; Wagner & 

Lanoix, 1958). In none of these scenarios does X lead to Y.
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Fig. 2. 
A simplified typology of three ways to operationalize how co-occurring epidemics relate to 

each other. A, B, and C can be thought of either as diseases at the individual level or as 

epidemics at the population level. Panel 1 depicts mutually causal epidemics, described by 

Singer (1996): A and B are mutually causal, B and C are mutually causal, and A and C are 

mutually causal. Panel 2 depicts synergistically interacting epidemics, highlighted in Singer 

and Clair (2003): A and B both cause C, and their total effect on C exceeds the sum of their 

individual effects alone. Panel 3 depicts serially causal epidemics: A causes B, which then 

causes C. This model is related to theories of accumulating health risks.
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