The challenges of quantifying the effects of housing on health using observational data

ABSTRACT
Housing is an often overlooked yet fundamental social determinant of health. Like other social epidemiology exposures, housing faces a tension between the promise of modern causal inference methods and the messy reality of complex social processes and reliance on observational data. We use examples from over a decade of research to illustrate some of the key challenges in undertaking causally focused healthy housing research and demonstrate approaches that have been applied to address these challenges. We reflect on the improved understanding these approaches have delivered, and the key gaps and next steps in generating the evidence required to act on housing as a social determinant of health. 




The Lancet recently identified housing as an overlooked social determinant of health and called to make housing a priority for public health intervention 1. Effective interventions require the backing of robust causal evidence. Arguably more than any other social determinant of health, housing exposures face a tension between the promise of modern causal inference methods and the messy reality of reliance on observational data often collected for other purposes and the challenges of disentangling complex social processes 2,3. We use examples from over a decade of research to illustrate some of the key challenges in undertaking causally focused healthy housing research. We then reflect on the improved understanding these approaches have delivered, and the key gaps and next steps in generating the evidence required to act on housing as a social determinant of health.

Housing plays a fundamental role in providing shelter and security 4. It represents a major cost in most household budgets. It is the place where we spend much of our lives. In many settings it can also be a major asset and source of wealth for homeowners. As such, housing represents a collection of important, ubiquitous, and dynamic exposures with potential health effects over the life course. These housing-related exposures are usually and usefully classified into three domains: affordability, suitability (including housing condition), and security 4-6. Following from this, epidemiologically focused housing and health research has identified several important pathways relevant to developing prevention and remediation strategies to improve population health including that:
· Housing affordability negatively affects mental health and wellbeing 7-10. It also shapes population access to secure and suitable housing 5,11. 
· Eviction, the threat of eviction, and other forms of housing insecurity are detrimental to physical and mental health 12-15.
· Poor indoor air quality in homes negatively affects respiratory health and contributes to the transmission of airborne viruses 16-18. 
· Mold and damp in homes negatively affect respiratory health and, in some cases, cause serious infections 18-21. 
· Exposure to pollution indoors negatively affects respiratory health and increases dementia risk 18,22. 
· Cold indoor temperatures negatively affect blood pressure and respiratory health 23-25. High indoor temperatures negatively affect cardiovascular health 18,26. 
· Unwanted indoor noise negatively affects sleep and mental health and wellbeing 27,28.

Despite this progress, the field of healthy housing research has been and remains challenging with a lack of more detailed quantification on dose-response relationships, standardization of measurements of indoor environments, critical periods of exposure in the life course, and the establishment of threshold above or below which harms to health are likely. To fully tackle the complexity of housing as an ‘exposure’, a range of methodological approaches is needed. In the broader literature, others have written eloquently about the need for a pluralistic approach in social epidemiology and environmental epidemiology, in which evidence from a variety of methods is triangulated and integrated in order to better understand complex processes 29,30. Over the years researchers have used various study designs to gain a better understanding of the health and health equity effects of housing-related exposures. While much of the evidence base has been associational, causally focused methods including intervention studies have also featured 31. For example, trials of community based interventions in New Zealand to examine the effect of home heating improvements on asthma, school attendance, and service use 24,32, and the Moving to Opportunity study in the United States to examine the relationship between housing quality, neighborhood environment, and health 33. Such large-scale studies are expensive and take a long time to establish, and therefore need to be complemented by causally focused observational studies. This includes carefully designed analyses of already existing datasets – often collected for other purposes and potentially affected by data quality issues. Success with this approach to understanding the effects of housing on health requires adoption of counterfactual frameworks and scrutiny of assumptions with tools such as Directed Acyclic Graphs. Below we detail three of the key challenges to causal inference that healthy housing research using observational data faces and describe possible data, analytical, and validation strategies with examples from the corpus of research literature.  
 
Challenge 1: Confounding
Like many exposures in social epidemiology, housing-related interventions are hard to randomize, to a greater degree for housing affordability and security and to a lesser degree for housing conditions 34,35. We therefore rely heavily on observational data, with the attendant risk that important confounders are not fully observed. In researching the health effects of housing, residual confounding, which is a violation of the exchangeability assumption to epidemiologists 36 or the exogeneity assumption to econometricians 37, can arise through unmeasured time-invariant or time-varying confounders, incomplete control of measured confounders, and inappropriate handling of observed time-varying confounders. Unmeasured time-invariant variables such as childhood socioeconomic position and personality traits as well as unmeasured time-variant factors such as social and environmental determinants of health can affect both housing and health outcomes, and thereby bias estimates of the relationship between housing and health and wellbeing in the absence of control.

Fixed effects models can be employed to reduce time-invariant confounding bias by removing the effect of individual specific variation – unobserved heterogeneity. This reduction in bias comes at the expense of power and the ability to examine time-invariant exposure 38. In studying the health impact of housing tenure and housing payment arrears, childhood socioeconomic position of residents may be associated with the housing tenure they reside in (e.g., owner occupied, private rental, or social housing), financial capability, and their current health status 39-41. Similarly, in understanding the impact of housing conditions (such as residential noise and cold housing) on mental health, especially when both the exposure and outcome are self-reported, residents with higher sensitivity to the exposure are likely to report a higher level of exposure and a lower level of psychological wellbeing 27,42. 

Instrumental variables (IVs) can provide an alternative approach to deal with unmeasured time invariant or time varying confounding, along with reverse causality and measurement error. The challenge with this approach often comes down to the identification of such variables that meet the relevance condition (i.e., IVs strongly correlated with exposures) and validity condition (i.e., no direct effects of IVs on outcomes) required for IVs 37. In the case of healthy housing research, suitable IVs can be derived from external data sources, using determinants of the exposure not related to health (e.g., using distance to nearest train lines or major roads as IVs for self-reported residential noise) 27,43, exposure at higher geographic levels 27,44, or natural or quasi experiments, such as public policies, social programs, or macroeconomic shocks 45-49.

Natural or quasi experiments, where the exposure is exogenously assigned, are also valuable in evaluation studies on the impact of housing-related interventions on health. Under these research designs, pretest-posttest, difference-in-difference, interrupted time series, synthetic control, and regression discontinuity techniques can be used to address unobserved time invariant or time varying confounding. These techniques have been used to study the health impact of access to housing 48,50, housing and social security measures 51-54, interventions on indoor air quality 55-57, and improvements in housing quality and standards 58-60.

In the presence of observed time-varying confounding and mediation, we can turn to g-methods. In housing research, confounders such as income, employment and household composition are often observed and vary over time, and these covariates may also lie on the causal pathway between housing exposures (e.g., living in rental housing or experiencing insecure housing) and health. Using traditional regression adjustment methods to deal with these time-varying confounding and mediating scenarios can introduce bias. G-methods such as marginal structural models with inverse probability of treatment weighting (IPTW) can be applied to appropriately adjust for time-varying confounding and derive the causal effect of time-dependent housing exposures such as housing security and housing affordability 12,15.

In testing the violations of assumptions and robustness of results, sensitivity analyses are critical. In healthy housing research, testing alternative model specifications, such as variations in functional form, sample restriction, and alternative exposure or outcome measures, is often needed to ascertain the reliability of the causal effect estimates of housing on health. To identify potential residual confounding, negative controls and external adjustment are powerful tools for bias detection 61. For instance, in examining the health effects of cold housing 42 and residential insecurity 15, cancer diagnosis can be used as a valid negative control outcome.  

Challenge 2: The positivity assumption
The positivity assumption requires a non-zero probability of being exposed given covariates for every individual in a study 62. Violations of this assumption arise when certain combinations of covariates do not occur within the sample. This leads to situations where some combination of confounder values exists that is either never (in the sample or in the target population) exposed or never unexposed. A well-known issue in the field of neighborhood effects research, positivity violations potentially arise whenever residential segregation occurs (e.g. along socioeconomic and racial lines) or where there is strong self-selection into areas. These processes can also apply at the level of housing, with segregation and selection into housing types, tenures, and quality, as well as locations. This can lead to the dataset containing exposed individuals for whom there is no equivalent unexposed individual, and models therefore relying on extrapolation and “off-support” inference. 

In healthy housing research, this issue becomes most apparent when seeking to compare effects of tenure as, in some settings, the populations occupying different tenures are markedly different. For example, if the sample covers the full spectrum of household income and the analysis conditions on income, a positivity violation will arise if there are no study participants living in social housing who also have a high income. It is therefore important that analytical samples are determined appropriately with the positivity assumption in mind, such as by applying restrictions (e.g., based on income 7) to inclusion in the sample being analyzed.

Other solutions include the use of matching and weighting methods to generate weights for comparison. To some extent, although most often thought of in terms of confounder adjustment, propensity score matching ensures the positivity assumption is not violated by excluding unmatched individuals from the analysis. Studies of the impacts of eviction on various health outcomes including maternal mental health 13, child obesity 14, and healthcare access and spending 63, have used propensity score matching or IPTW methods explicitly to avoid positivity violations. In an investigation into the health effects of climate-related disasters, to approximate what would have occurred in the absence of the disaster for exposed cohorts, exposed cohorts were matched to control cohorts, which were drawn from respondents who had never been exposed to a climate-related disaster but shared similar sociodemographic, health, neighborhood, and climate characteristics before disasters 64.  

Challenge 3: Consistency, exposure definition, and measurement
The consistency assumption in causal inference posits that an individual’s potential outcome under their observed exposure is the same as the outcome that will be observed. This assumption requires that the treatment or exposure is well-defined and consistently applied across individuals, meaning that different variants of the exposure do not lead to different effects on the outcome 65. In housing and health research, however, the complex, dynamic, and intersectional nature of housing can challenge the consistency assumption in several ways.

Exposure to unsuitable housing conditions, unaffordable housing, and insecure tenure can arise through different processes within study populations. For example, a change in exposure to high housing costs relative to income (a common measure of housing affordability stress) can be due to a rent increase, a decrease in income, a change in household composition, or a combination of these. However, these different processes may not have equivalent health effects. This inconsistency in definition can lead to variations in the estimated health impacts of “housing affordability”, violating the assumption that the same exposure should lead to consistent outcomes. Similarly, changes in individuals’ wider residential contexts can arise through either place-based changes or relocation, highlighting the importance of considering residential mobility (e.g. by restricting analyses to movers or non-movers, depending on the exposure of interest). Coarse measurement of exposure to certain housing conditions, such as a binary definition of exposure to poor quality housing or mold in the home, can obscure important variation in the true level of exposure. And relatedly, differences across jurisdictions and changes over time in terms of legal protections for renters or quality of housing stock may give rise to heterogeneity in what it means (for health) to be housed in a particular tenure type such as private rental.

Housing is also not a static exposure and its effects on health can change over time; short-term snapshots may miss these dynamics. For instance, it has been shown that the health effects of rental stability, energy security and housing affordability become more evident when taking into account cumulative exposure 12,42,66. Single time-point measures of housing quality often fail to capture the cumulative nature of these exposures, violating the consistency assumption. 

Research on healthy housing is often challenged by issues related to data quality, the lack of robust measurements, and the limitations of self-reported health measures. Housing research often relies on secondary and self-reported measures of housing conditions. Individuals may perceive and report the same housing condition differently based on their expectations, health status, or awareness of housing standards. For instance, some residents may underreport issues like mold or dampness due to normalization of poor conditions, while others may overreport due to heightened health concerns. Inconsistent reporting can violate the assumption that the exposure is consistently measured across individuals. 

To address these challenges, refining exposure definitions and measurements and applying sensitivity analyses to test whether results hold across different exposure definitions can strengthen the consistency assumption. For example, in studying the health effects of energy poverty and cold housing, using reporting from other members in the household can help validate the exposure 42. Similarly, aggregating self-reported measures, such as noise levels across small geographic areas, can provide a more robust estimate of neighbourhood-level exposure and reduce individual-level measurement bias 27. In addition, longitudinal studies that track housing conditions and health outcomes over time can help account for the dynamic nature of housing and provide a more accurate assessment of cumulative exposure, while linking external administrative data 19,67 and triangulating self-reported data with objective measures — such as building inspections 68,69 and environmental sensors 70— can improve the reliability of measurement and reduce bias.

Next steps
As causal inference in social epidemiology continues to evolve, the field is increasingly adopting data-adaptive models capable of handling high-dimensional data and integrating systems-based approaches 71. To enhance the transitional causal models, machine learning methods such as tree-based, lasso, and ensemble modelling have been increasingly used in housing and health research  to maximize accuracy and precision of the weights that are created to achieve balance of confounding covariates across exposure groups 72,73, to facilitate variable selection in situations of high dimensionality 74, and to identify heterogeneous treatment effects 75.

The integration of comprehensive datasets with expert knowledge allows researchers to simulate population-level outcomes, providing a forward-thinking and powerful approach to understanding the health impacts of housing interventions, such as using proportional multistate lifetable models to simulate the health and economic impacts of housing interventions aimed at improving home environments (e.g., increasing indoor temperatures in cold homes and eradicating indoor mold) 23. This methodology enables simulation of multiple interventions for comparison, providing a structured and predictive framework that enhances decision-making in public health interventions 23.

However, as the field progresses, it is crucial that these models remain robust and reflective of real-world conditions. The accuracy of simulation models depends on the quality of the data and the validity of the assumptions underlying them. Continuous refinement of these models is necessary, including sensitivity analyses that test their assumptions under a range of scenarios to ensure their applicability across diverse populations and housing contexts. Leveraging new data sources — such as administrative records, sensor technologies, and geospatial data — can improve the precision of exposure measurements and enhance the accuracy of predictive models.

To ensure that sophisticated models are accessible to policymakers and public health practitioners, researchers need to translate these models into actionable insights and develop tools tailored to non-technical audiences. This involves creating user-friendly interfaces, concise policy briefs, and decision-support systems that allow for multifactorial decision-making, enabling policymakers to consider not only health outcomes but also factors such as cost, feasibility, and social impact. Additionally, clear communication of uncertainty is essential to ensure informed, risk-aware decisions. By making causal evidence both interpretable and accessible, we can better support the development of public health policies that holistically address housing as a key social determinant of health.

Conclusion
Quantifying the effects of housing on health using observational data presents significant challenges, from data quality and measurements to analytical strategies and result interpretation. By leveraging a causal inference framework, healthy housing researchers have attempted to undertake rigorous research within a social epidemiological paradigm. Looking back, this has delivered a better understanding of the health impacts of housing affordability 9,76 and security 12,15, demonstrating the potential for well-defined research strategies to elucidate critical relationships – even complex ones – that can guide public health interventions and policy reforms. As the field of housing and health research matures, the importance of the positivity and consistency assumptions must not be overlooked 65,77. Healthy housing research should prioritize the collection of robust data, improve the consistency of exposure definitions, refine and innovate methodologies to account for confounding and non-positivity, test the robustness of results, and acknowledge interpretive limitations where needed. By addressing these challenges and seizing opportunities for improvement and innovation, healthy housing researchers can generate robust, causally focused findings and contribute to the development and discussion of effective housing and health policies that promote population health and wellbeing.
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