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Abstract  
Social risk factors impact health outcomes. Understanding these risk factors requires increased 

collection and better maintenance of data on social determinants of health. Despite recent 

efforts to improve collection and organization of such data, there still are considerable hurdles 

to collecting these data in the clinical setting. To fill this gap, we propose extracting social 

determinants of health-relevant data from commercial consumer data as a source of additional 

individual-level, social risk factor-related data. We present early results of our efforts toward 

developing a social risk factor ontology and using an ontology-based approach to integrating 

commercial consumer data items with electronic health record data.  
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1. Introduction 

It is widely recognized that social conditions influence health outcomes in many ways. These factors 

are called social determinants of health (SDOH). Due to the growing awareness of the importance of 

SDOH, efforts have been made to gather and organize data about them [1-6]. For example, there are 

SDOH-focused screening instruments such as the Protocol for Responding to and Assessing Patients’ 

Assets, Risks, and Experiences (PRAPARE); Kaiser Permanente’s Structural Vulnerability Assessment 

Tool; and Epic’s Healthy Planet module [7-9]. Additionally, there are codes for recording SDOH in 

coding systems such as SNOMED-CT and ICD-10 CM, and the Fast Healthcare Interoperability 

Resources (FHIR) data exchange standard includes SDOH condition categories [10]. 

However, studies have found that SDOH-relevant information is documented in clinical notes more 

often than through medical codes, that clinicians’ lack training in gathering information about social 

risk factors as well as difficulties discussing sensitive subjects are obstacles to gathering SDOH data, 

and that some clinicians have concerns regarding the increase in administrative burden that comes with 

gathering social risk factor information [11, 12]. While there are area-level data that are relevant to 

SDOH, there are limits on the extent to which we can infer facts about an individual from these [13]. 

Greer, Zayas, and Bhattacharyya (2022) propose the use of commercial consumer data as an additional 

source of SDOH data as a solution to these problems [14]. 

In this paper we report early results on integrating commercial consumer data with electronic health 

record (EHR) data to address gaps in the availability of SDOH data for clinical and clinical research 

purposes. Our immediate goal is to create a pipeline from SDOH-relevant consumer data elements to 

EHR systems, thereby allowing health care providers to consider a more robust picture of a patient’s 

social situation in a way that does not require gathering the data via additions to the workflow such as 
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using questionnaires. More broadly, we aim to identify SDOH-relevant consumer data and to enable 

the integration of SDOH data from disparate sources and of different types. 

2. Background 

To enable the pipeline from consumer data to EHR systems we aim to use an ontology-driven 

approach. By transforming relevant data items about a person into an ontology-enhanced form to 

represent phenomena the data items are about, as well as modeling FHIR-compatible medical codes in 

our ontology, we can make inferences about which of these codes characterize the person.  

As the ontological basis for our project we are developing the Social Risk Factor Ontology 

(SRFON). SRFON is intended not only to represent types of entities and relations that are relevant to 

SDOH, but also to represent SDOH-related medical codes and link them to representations of the types 

of situations that they characterize. In these ways SRFON can enable the integration of SDOH-related 

data from disparate sources and inferences from data about an individual to medical codes that 

characterize that individual. 

The above application of consumer data and SRFON requires ontologically modeling SDOH-

relevant consumer data elements and medical codes, but does not require modelling EHR data because 

it is only intended to input information into EHR systems in the form of medical codes. This is 

advantageous for the purpose of providing information to health care providers in familiar formats, and 

saves time since fewer data elements need to be modeled and transformed. But we are also interested 

in the prospect of integrating SDOH-related data from consumer data sources with EHR data by 

ontologically modeling and transforming data of both types. 

3. Materials and methods 

Our methods are applied to two major components: a) developing an ontology covering SDOH, and 

b) identifying and selecting SDOH-relevant consumer data elements. 

3.1. Developing SRFON 

SDOH are not limited to direct influences on health, but instead include phenomena that influence 

health indirectly. In some cases the same phenomena have the potential to affect health through more 

than one pathway of influence, so that instead of only forming discrete causal pathways, SDOH can 

form interconnected webs of causes and effects. This web can include self-perpetuating cycles, such as 

when a person’s inadequate income is a barrier to transportation accessibility while the person’s lack 

of access to transportation is a barrier to employment opportunities that could lead to higher income. In 

order to develop an ontology to represent the relevant entities in the interconnected web of SDOH-

related phenomena, we sought out academic literature that reports findings on how two or more SDOH 

are either correlated or causally related with one another or with effects on health. The starting point 

was a set of nineteen literature summaries from health.gov, each of which addresses a different SDOH 

area [15]. 

From these we extracted each assertion about pairs of social conditions and health effects that stand 

in a causal relation or are in some way correlated with each other. Many of the members of these pairs 

appeared in multiple assertions but denoted with different phrases, and so we identified such cases and 

made the phrasing uniform. In this initial list of terms for a number of interconnected phenomena, many 

terms did not name a single type of entity, but instead denoted a state of affairs involving multiple 

entities of certain types that are related in certain ways, and so each was analyzed in order to populate 

a list of terms for the relevant sorts of entities and relations. For example, household overcrowding is a 

matter of how several entities relate to one another, such as the members of some household and the 

rooms within their shared home.  

Next, these terms were searched in three ontology repositories—Ontobee, BioPortal, and the 

Ontology Lookup Service—in order to find, when possible, preexisting ontology terms that represent 

the same types of entities [16-18]. Preference was given to terms from ontologies for which the Basic 
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Formal Ontology (BFO) is the upper ontology, as it is for SRFON [19]. Selected terms were imported, 

and new SRFON terms were created for types of entities or relations without matches. Terms in SRFON 

were arranged into a BFO-based hierarchy. Several SDOH-related clinical codes were included as well. 

These are represented as individual instances of clinical code and as members of their code sets.  

3.2. Commercial consumer data and SDOH 

Commercial consumer data include a wide range of types of information about an individual, the 

individual’s household, and the area in which the individual resides. Commercial consumer data is 

gathered for the purpose of predicting a person’s spending habits and it includes a vast amount of 

information about various aspects of the person’s life.  

In our project we use consumer data from a commercial database marketing company. Their 

database contains 6,260 distinct data elements that might each be populated with values for a given 

individual. We were provided with data dictionaries that include the value sets and written descriptions 

of each data element. We are manually reviewing these in order to find SDOH-related data elements. 

Additionally, to aid with finding and organizing relevant data elements, we have used keyword searches 

for SDOH-relevant terms, including but not limited to SRFON term labels and synonyms for them.  

4. Results 
4.1. SRFON 

From the aforementioned literature summaries, we extracted 809 assertions about causal relations 

or correlations between pairs of phenomena including various social risk factors and health outcomes. 

Following the process of making the phrasing uniform and of replacing several terms that describe 

complex situations with corresponding collections of terms for the salient types of entities in those 

situations, there were 718 distinct class terms. After importing suitable terms from other ontologies—

and in many cases importing superclasses of them as well—SRFON currently contains 677 new class 

terms and imports 255. 

4.2. SDOH-relevant consumer data 

While our review process is ongoing, we have thus far identified over 80 consumer data elements 

that are relevant to SDOH, either on their own or in combination. The consumer data include 

information about the employment status and education level of the person, each of which are important 

in relation to SDOH. In addition to the education level of the person the data is primarily about, there 

are also data elements about the education levels of up to four other individuals in the person’s 

household. Additionally there are data elements about the occupation of the person and up to four other 

members of their household. Other information about the person’s household can be derived from data 

elements about the total number of people in the household, the number of adults and the number of 

children in the household, whether there is a smoker in the household, and whether there is a single 

parent in the household. Relevant data about the person’s home include the type of dwelling, whether 

the home has a source of heating or cooling, how many bedrooms and how many total rooms are in the 

home, and whether the home is owned or instead rented by the person. There are also data elements 

about the person’s primary language and English proficiency, about the person’s ethnicity at two levels 

of granularity, and how many vehicles are owned by members of the person’s household. The consumer 

data also include area-level elements that are relevant to SDOH and specific to the area in which the 

person resides. These include for example seven cost of living indices at the county level, six of which 

concern the cost of specific types of products or services such as groceries, housing, and transportation. 

The data elements described above are not an exhaustive list of SDOH-relevant consumer data 

elements, but suffice to reflect that information related to social risk factors can be derived at the 

individual level from commercial consumer data. Next, we take a closer look at some of these examples 

and how we ontologically represent what they are about. 

168



4.3. Overcrowding 

Household overcrowding occurs when too many people live together in the same residence, and it 

is a social risk factor [20-21]. The consumer data set we are utilizing does not contain any data elements 

that are explicitly about overcrowding nor any single value that indicates overcrowding on its own. 

However it includes data items about the person’s household and residence that are relevant to 

measuring overcrowding. 

Ways of measuring overcrowding tend to take as inputs both some measure of the household size 

and some measure of the home’s capacity to house them [22]. For example, one standard that has been 

used is whether there are more than two persons per bedroom in the residence. In Figure 1, we represent 

a scenario in which some person P1’s household consists of six members living in a residence with two 

bedrooms. In this figure, white nodes represent values of data items; blue nodes represent individual 

entities, including data items whose values are derived from consumer data; and green nodes represent 

individual entities whose values or relations to the other entities are inferred. 

 

 

  
Figure 1: Person P1’s household overcrowding 

 

If we implement the aforementioned standard for assessing overcrowding, then from the 

combination of that standard and the inferred three persons per bedroom we can further infer that P1’s 

household is experiencing overcrowding and thus that P1 is characterized by appropriate medical codes. 

For example, within the value set for the FHIR SDOH condition category ‘inadequate-housing’ are 

codes from both SNOMED-CT and ICD-10 CM. The SNOMED-CT codes include one that is 

specifically about overcrowding: 105532006, “Overcrowded in house.” ICD-10 CM includes another 

that is applicable: Z59.1, “Inadequate housing.” In Figure 1 we represent P1 as standing in the 

characterized by relation to each of these codes.  

In addition to bedroom count and number of household members, the commercial consumer data 

also include the number of adults in the household and the number of children in the household, as well 

as the residence’s number of rooms in general and its square footage. These are relevant for measuring 

overcrowding because, in addition to overcrowding standards that use the number of persons per 

bedroom, there are others that make use of the number of persons per room or the number of square 

feet per person, and some require a distinction between adult and child members of the household [22-

23]. The consumer data is thus a potential source of information relevant to a number of ways that 

overcrowding has been measured. One advantage of this is that when the data required for one measure 

is not available for an individual, it might be possible to use a different measure. Another is the ability 

to compare and contrast different measures of overcrowding, for example by examining how often they 

evaluate the same households as overcrowded, or analyzing cases in which they evaluate the same 
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households differently in order to investigate how other variables correlate with overcrowding as 

measured in different ways. 

4.4. Language use and health care 

Language barriers and limited English proficiency (LEP) can be detrimental to health in a number 

of ways. For example they can be obstacles to understanding health-related information from public 

sources [24]. Furthermore, language barriers between patients and providers are associated with lower 

quality of health care [25-26]. They can do so by inhibiting the patient’s abilities to understand the 

provider’s questions and to clearly convey problems and concerns to the provider, thus inhibiting the 

provider’s ability to reach an accurate diagnosis. Additionally, language barriers can make it difficult 

for the patient to properly understand the provider’s instructions once a diagnosis is made. 

A terminological clarification will allow us to clearly distinguish two important concepts related to 

language use. By “primary language” we mean the language that a person is most adept at, or is most 

comfortable with, using. This is often the person’s first language. In contrast, we use “preferred 

language” for the language a person selects to use in a given situation, for example during a health care 

encounter. These are often but not always the same, for preferred language can vary from situation to 

situation even while primary language stays the same. For example, a bilingual Spanish and English 

speaker might select English as their preferred language at a hospital in the U.S., while preferring 

Spanish when visiting a hospital in Mexico, so as to increase their chance of successful communication 

in each setting. 

A preferred language field is found in EHR systems that meet Federal guidelines for stage 1 

Meaningful Use Requirements [27]. But to know whether the preferred language is the patient’s primary 

language and whether the choice of language might be cause for concern about a language barrier, we 

need more information. The commercial consumer data we are using can help with this because they 

include data about the person’s primary language and about the person’s ability to speak English. In 

Figure 2 we depict a scenario in which consumer data reflect that some person P2’s primary language 

is Spanish and that P2 has LEP, while EHR data indicates P2 selected English as the preferred language 

for some particular health care encounter. The representation of this scenario in Figure 2 is based in 

part upon the way that languages, linguistic competences, and primary and preferred language data are 

represented in the Ontology of Medically Related Social Entities (OMRSE) [28]. 

 

 

 
Figure 2: Data about P2’s language use and capabilities 

 

We can see that during the health care encounter, P2 was at risk for facing language-related barriers 

to the benefits of health care. Of course, not everyone whose primary language differs from their 

preferred language in a given encounter will face a language barrier during that encounter, since a 
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person can be highly proficient in multiple languages. But having LEP and a primary language other 

than English indicates P2 faces a potentially detrimental language barrier when communicating with 

health care providers in English. 

5. Conclusion 

We have described a number of consumer data elements that are relevant to SDOH, and in more 

detail have discussed two sets of examples, how we represent what the data are about, and examples of 

what can be inferred from them. SRFON can aid in integrating such data with EHR or other SDOH-

related data, as well as with enabling inferences from consumer data items to medical codes that 

characterize the person. 

We will continue developing SRFON as well as identifying and ontologically modeling SDOH-

related consumer data elements. Other future work includes using SRFON as the base for an additional 

ontological representation of SDOH-related correlations and causal relations that are reported as 

findings in academic literature—starting with those that informed the initial development of SRFON—

thereby integrating findings from a number of sources. One possible use of this is to aid in identifying 

potential problem areas for individuals. For example, several variables in a person’s life might each be 

of types that can cause or otherwise increase the risk of the same type of problem. Future work also 

includes looking into the potential utility of integrating individual-level consumer data with relevant 

area-level data from additional sources, such as from the US Census Bureau. 
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