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Abstract

Unhealthy food choice is an important driver of obesity, but research examining the relationship 

of food choices and social influence has been limited. We sought to assess associations in the 

healthfulness of workplace food choices among a large population of diverse employees whose 

food-related social connections were identified using passively-collected data in a validated model. 

Data were drawn from 3 million encounters where pairs of employees made purchases together 

in 2015–2016. The healthfulness of food items was defined by “traffic light” labels. Cross­

sectional simultaneously autoregressive models revealed that proportions of both healthy and 

unhealthy items purchased were positively associated between connected employees. Longitudinal 

generalized estimating equation models also found positive associations between an employee’s 
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current food purchase and the most recent prior food purchase a co-worker made together with the 

employee. These data suggest that workplace interventions to promote healthy eating and reduce 

obesity should test peer-based strategies.

Unhealthy eating is a major and preventable risk factor for most chronic diseases. Obesity 

and overweight, which have reached epidemic levels in recent years, are largely attributable 

to dietary behaviours1,2 and are counted among the leading preventable causes of morbidity 

and mortality, both in the United States and worldwide3–6. Diets high in sugar, sodium, and 

saturated fats lead to diabetes, hypertension, cardiovascular disease, and cancer. The rapid 

rise in prevalence of obesity and obesity-related diseases is contributing to a slow-down 

in improvements to U.S. life expectancy7. While it is well-established that the quality and 

quantity of food choices are affected by social and physical environments8–12, there is little 

understanding of how interpersonal dynamics affect both individual and population food 

choices over extended periods of time.

Recent research has suggested that obesity spreads through social networks, but it is still not 

well-understood how this might occur13–15. Humans influence one another’s food choices in 

systematic ways16–18 and it is likely that food choices contributing to obesity and chronic 

disease could be transferred among socially connected individuals when a person imitates 

behaviours modelled by others. This might occur through descriptive norms which illustrate 

possible or prevalent behaviours, or through injunctive norms, which explicitly or implicitly 

convey expected behaviour18. The choices that one makes about food are partially based on 

physical need, yet also reflect some degree of elective choice. What humans eat is at least 

partially situationally and culturally patterned, and these eating patterns both shape, and are 

shaped by, one’s social networks19,20.

Most existing studies of social influence and food choice have been conducted in small­

group experimental settings, often among young adults and college students, making it 

difficult to generalize findings to other age groups and to real-world environments. In 

addition, most studies focus on social influence during a single meal occasion21. Outside of 

these narrow settings, there has been limited research on food choice and social influence in 

observational studies from population samples of friends and family22,23, but there is little if 

any research evaluating how an individual’s food choices may be affected by the cumulative 

social influence of one or more non-intimate peers, such as in a workplace, over time.

Workplaces are artificially bounded communities (networks) in which employees may spend 

up to half their waking hours24. Workplace relationships are often distinct from other 

forms of personal affiliation, as social ties are primarily derived from common work tasks 

and goals. Employees often cannot choose their co-workers, and workplace relationships 

may be less intimate with different reciprocal obligations. There are also varying levels 

of hierarchy and power differentials25. Co-workers usually do not share genetics or home 

environments and may come from different cultural backgrounds. These factors, related 

to food choice, distinguish workplace relationships from more intimate relationships with 

family and friends. While studies of workplace relationships have focused on their role in 

productivity and friendships in these settings26, this research has not investigated the role of 
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workplace relationships in shaping health behaviours, including food choices, all of which 

can be quite personal.

The goal of the present study was to investigate whether there was evidence supporting 

social influence in the healthfulness of food choices among a diverse group of employees in 

a real-world workplace setting – 7 on-site cafeterias of a large hospital with approximately 

26,000 employees – over a two-year period. Using a relational data analysis approach 

grounded in computational social science27,28, we examined complicated pathways of 

influence by including data on employees (“egos” in the terminology of social network 

analysis), their co-workers (“alters”), and information on the pairings themselves (dyads). 

We used electronic food purchase data obtained from the hospital’s cafeterias to examine 

71,611,372 paired purchases, ultimately identifying 3,771,714 unique purchasing encounters 

during a two-year period between pairs of employees who were likely to be socially 

connected. Social connections were inferred based on a model examining patterns in the 

time and location of food purchases, as well as employee characteristics, that was validated 

using participant observation and a survey of employee eating behaviours. The healthfulness 

of purchases was determined using the hospital cafeteria’s “traffic light” labelling system 

designating all food and beverages as green (healthy, “eat often”), yellow (less healthy, “eat 

less often”), or red (unhealthy, “there is a better choice in green or yellow”). The traffic light 

labelling system, informed largely by foods’ calories, saturated fat, and healthy ingredients 

(fruit and vegetable, whole grain, and lean protein), was based on USDA dietary guidelines 

and has been in place in these cafeterias since 201012. Prior research established that traffic 

light labels in the food environment were associated with population-level improvements 

in the healthfulness of food choices and that employees improved the healthfulness of 

their food choices when they were shown a comparison of the healthfulness of their own 

purchases relative to other employees’ purchases12,29,30. In the present study, we conducted 

cross-sectional and longitudinal assessments of the degree to which the healthfulness of 

employees’ purchases was associated with and potentially influenced by purchases among 

co-workers with (inferred) social connections to the employees. We hypothesized that the 

healthfulness of items purchased, based on the simple traffic light labelling system, would be 

correlated among socially connected employees.

We found that the healthfulness of individual employees’ purchases was positively 

associated with the healthfulness of their co-workers’ purchases in both the cross-sectional 

and longitudinal regression analyses. This was true for healthy and unhealthy food and 

beverage purchases, though point estimates for the associations were largest and most 

consistent for healthy foods. The robustness of these findings was bolstered by a range 

of sensitivity analyses. We acknowledge that our analyses cannot generally rule out the 

influence of latent homophily (e.g., co-workers with similar lifestyle and food preferences 

may be more likely to become friends and to eat with each other) that likely contributed 

at least partially to these associations or even detracted from the true associations (in the 

case of latent heterophily). However, several factors support the premise that social influence 

may have been an important contributor to the observed associations, including the strength 

of our research design, evidence from sensitivity analyses (including instrumental variables 

analyses), and consistency with prior research assessing social influence on food choices 

among narrower samples and in lab-based settings.
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Our findings are important for several reasons. First, the results establish a specific, plausible 

behavioural mechanism (un/healthy food choice) through which social influence may affect 

obesity risk. Second, the study assessed interpersonal associations in food choice in a real­

world setting among individuals across a range of ages and diverse socioeconomic positions, 

from unskilled service workers through highly educated physicians and scientists. Third, 

our focus on workplace social ties was notable given that these ties largely fall outside the 

boundaries of what scientists consider to be “social intimates”, such as family members and 

close friends. Fourth, behaviour was assessed using objectively-collected continuous time 

secondary administrative data, thus avoiding the risk of a Hawthorne effect and the social 

desirability bias that may arise in experimental settings. And fifth, by examining purchases 

over a two-year period, we found that associations in food choice were not limited to a 

single interaction but existed across the span of multiple interactions.

To the extent that the associations we measured reflect social influence, this research has 

implications for the design of public health and policy interventions to prevent obesity 

that may be realized using ubiquitous and readily-available data linking individuals to 

one another. Social influence could be leveraged to target particular individuals or social 

connections to promote healthy eating or disrupt unhealthy eating. Furthermore, the physical 

environments where social interactions occur could be designed to target pairs of people 

(or larger groups of purchasers) making food choices. For example, healthfulness could be 

encouraged by offering two-for-one sales on salads (or other healthy foods) for pairs of 

purchasers. Lastly, quantifying the social transmission of food choice behaviour could allow 

policy-makers and researchers to develop interventions and policies that efficiently target 

specific groups of people for increased population effect31,32. Eating together is an example 

of a public health scenario that likely involves a large “network multiplier” effect33. If food 

choice is “socially contagious” and an intervention improves healthy eating in a particular 

group, the benefit of that intervention will accrue not only to that group, but to individuals 

socially connected to group members, as well. This more complete capture of benefits 

will provide greater incentives for stakeholders to adopt health-promoting interventions. 

Though our findings do not prove the existence of social influence in food choice, they are 

consistent with such an explanation and together with these implications highlight the value 

of additional work to test peer-based strategies for promoting healthy eating.

Results

Estimating tie probabilities in transaction data

For our analyses, we considered a social connection present when we could infer that 

two employees knew one another, met at a cafeteria, and made a purchase at the same 

time. In the cafeteria transaction data, we were only able to observe purchasing behaviour 

recorded by computerized cash register records, including the purchase time and location. 

Following similar strategies utilized in other settings, we hypothesized that if we observed 

two employees making purchases at the same cafeteria within +/− 2 minutes of one another, 

they might know one another34–38. Further, if two employees made purchases within +/− 2 

minutes on multiple occasions and/or at multiple locations, that would be stronger evidence 

of a real social connection. To test this hypothesis, we surveyed employees who used the 
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hospital cafeterias regularly and presented each with an individualized list containing the 

names of co-workers who we thought they might have eaten with based on purchasing 

times and locations, as well as the names of co-workers who did not meet those criteria. 

We asked the employees to confirm whether or not they ate with the co-workers listed. Of 

1,946 employees surveyed, 1,054 (54%) responded. We used respondent-confirmed social 

connections as a “gold standard” and generated a predictive model of “true social ties” 

using cash register data on the time and location of purchases, as well as linked information 

on the demographic and work characteristics of the employees from human resources data 

as predictors. Using split-sample validation, we identified a model with an area under the 

receiver operating characteristic curve of 0.85 when the model was applied to the validation 

data set (the portion of the sample not used to train the model). The strongest predictors of 

“true” matches were being from the same department, having made ≥5 purchases together 

within an 8-week period, and having met at 3 or more different cafeterias over 8 weeks. 

Additional important predictors were having the same job type, same gender, and similar 

age (difference <10 years) (see Supplementary Table 1). The model was highly specific 

even at low probability thresholds (Figure 1, panel A), and had a positive predictive value 

above 75% for thresholds above 0.6 (Figure 1, panel B). As expected, when applied to our 

2015–2016 purchasing data, most employee-co-worker dyads had low probability of being 

“true” (Figure 1, panel C).

Cross-sectional associations in healthful purchasing

Figure 2 presents results from our cross-sectional analyses examining the associations 

between the percent of all items an employee purchased during 2015 that were labeled 

green (or red) and all their co-workers’ green (or red) purchases over that same time 

period. Associations were estimated using simultaneously autoregressive (SAR) models 

which were adapted from spatial regression techniques. These models allow an employee’s 

purchases to appear as both an outcome (where the person is the “ego”) and as an 

independent variable (where the person is an “alter” to another employee), reflecting the 

potential bidirectional nature of social influence. SAR models also allow the inclusion 

of data on purchases employees and co-workers made at the same time and place39,40. 

Ties between employees and co-workers were incorporated into the models through an 

“adjacency matrix” that not only accounted for the presence and frequency of a social 

tie but also incorporated tie probabilities estimated from our predictive model, thus more 

heavily weighting alters most likely to be involved in true social interactions with egos in 

the computation of average alter food purchasing variables. Models adjusted for employee 

characteristics. We estimated models for 2015 and 2016 separately to assess our hypothesis 

that the associations were consistent over time. In SAR models, our parameter of interest 

was a covariance coefficient termed rho (ρ), interpreted similarly to a regression coefficient. 

We found that employees whose co-workers purchased a larger proportion of green-labeled 

items themselves purchased a higher proportion of green-labeled items than is typical for 

an otherwise similar employee (Figure 2). For example, in 2015, compared to employees 

whose co-workers made average purchases of green-labeled items, those whose co-workers 

purchased a 10 percentage point higher proportion of green-labeled food items would be 

expected to themselves purchase 4.0 percentage points (99% CI 3.5 to 4.6, p<0.0001; 

Supplementary Table 2) more green-labeled food items. We observed positive, statistically 
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significant associations for all four types of purchases assessed (green-/red-labeled foods/

beverages), though there was variation in their magnitude, with point estimates for green­

labeled items at least 85% higher than those for red-labeled items (non-overlapping 99% 

confidence intervals indicate these differences are at minimum statistically significant at the 

p<0.01 level; Supplementary Tables 2 and 3). For context, labels on food items purchased 

by members of the study cohort in 2015 were on average 34% green and 28% red, and for 

beverages were 35% green and 20% red (Supplementary Table 4). These associations and 

overall purchasing patterns were stable over time; models estimated using 2016 data yielded 

very similar results.

Longitudinal associations in healthful purchases

We then used generalized estimating equations (GEEs) to examine transactions over time 

at the pairwise employee (dyadic) level. This allowed for assessment of how the proportion 

of an employee’s purchases that was labeled green (or red) at transaction t related to 

the proportion of items labeled green (or red) purchased by a co-worker at the previous 

transaction the two made together (t-1), adjusting for both employee and co-worker 

characteristics41–43, dyad characteristics, as well as the food environment (purchase time, 

location). Dyads were defined based on networks estimated using 8-week intervals of data, 

mirroring the window in the employee survey that we used to validate tie definitions, while 

the time interval between t and t-1 varied by dyad/encounter. We conjectured that controlling 

for dyad characteristics and time of purchase may have helped minimize unmeasured 

homophily, as these elements may reflect shared characteristics involved in tie formation. 

To assess the extent to which our models might be unduly influenced by poorly measured 

or weak ties, we estimated a series of models (Figure 3). The first included all ties (based 

on coincident purchasing), despite our strong assumption that many were not, in reality, 

social ties (Supplementary Table 5). Subsequently, we estimated models using increasing tie 

probability thresholds, beginning at ≥0.1 and increasing to ≥0.6. The latter was the preferred 

model as this cut-off yielded a high positive predictive value for true ties based on the 

employee survey – Figure 1b). It is clear in Figure 3 that including all ties provided narrow 

confidence intervals, but with potentially misleading results. Restricting models to dyads 

more likely to represent strong or accurately measured ties showed much larger associations 

at the cost of some reduction in precision. In sensitivity analyses explicitly measuring the 

relationship between the association and tie probability, we found a statistically significant 

positive relationship (Supplementary Table 5a).

Focusing on the strictest definition of a social tie (tie probability ≥0.6; n=1,441 foods, 

n=1,138 beverages), we estimated that when the proportion of green-labeled items in co­

workers’ purchases increased by 10 percentage points, there was an associated 4.5 (99% CI 

3.2 to 5.8, p<0.001) percentage point increase in the expected proportion of green-labeled 

items in employees’ subsequent purchases (Figure 3, Green-labeled Foods; Supplementary 

Table 6a). A statistically significant association was also observed for red-labeled food 

items: if the proportion of red-labeled items in co-workers’ purchases increased by 10 

percentage points, there was an associated 2.9 (99% CI 1.8 to 4.0, p<0.001) percentage point 

increase in the expected proportion of red-labeled items in employees’ subsequent purchases 

(Figure 3, Red-labeled Foods; Supplementary Table 6a). Co-workers’ green- and red-labeled 
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beverage purchases also had positive associations with employees’ purchases, but they were 

not statistically significant at the (Bonferroni-corrected) p<0.05 level for the strictest tie 

probability thresholds (Supplementary Table 6b).

To evaluate an alternative tie definition that did not rely on demographic data, we estimated 

models restricted to dyads that made purchases at the same location and time on at least 5 

occasions over the course of a given 8-week time interval (Supplementary Table 7). This 

threshold was chosen because of the sharply right-skewed distribution of repeated dyads 

(Supplementary Figure 3b). In addition, this inferred tie definition based on purely repeated 

co-location data may be easier to replicate in other settings. Both this threshold and the 

strictest social tie definition (including demographic data) comport with an approximately 

2% sample of the all-ties dyad definition. Estimated associations from this model were 

generally in between those estimated when the tie probability was restricted to ≥0.6 and 

those estimated with no restrictions on tie probabilities (Supplementary Figure 7).

We conducted further sensitivity analyses to investigate the properties of the observed 

associations and to evaluate evidence regarding potential homophily. We explored whether 

there was evidence to suggest that the magnitude of associations differed depending on 

shared characteristics of dyads, for example whether dyads consisted of male-male, male­

female, or female-female pairs (Supplementary Table 8a); same-race pairs (Supplementary 

Table 8b); same-department pairs (Supplementary Table 8c); or same-job type pairs 

(Supplementary Table 8d). Although there was some evidence of variation by same­

department and same-gender dyads, results of these analyses were not consistent across 

outcomes, and sample sizes for some groups may have been too small to detect an effect. 

We also tested whether the strength of the associations diminished with elapsed time since 

the prior joint purchase (i.e., the elapsed time between t and t-1, which varied by dyad 

purchase encounter), and we found no difference in any of the four food or beverage 

models at the corrected p<0.05 significance level (Supplementary Table 6c). The presence 

of an interaction would have provided evidence against homophily in the sense that latent 

homophily effects are assumed to be unrelated to elapsed time, though the absence of an 

interaction does not imply there was homophily. We performed a similar test to adjudicate 

whether time of day moderated associations and found no evidence for such an interaction 

(Supplementary Table 6d). We also evaluated whether removing race (one of the covariates 

with the largest coefficients in our models and one associated with both the healthfulness 

of food purchases and social tie formation) affected the estimated associations in our 

models (Supplementary Table 9)44,45. Large changes in the estimated associations would 

have indicated that the associations reported in Figure 3 (we focus on the model with tie 

probability ≥0.6, Supplementary Tables 6a and 6b) would be likely to absorb the effects 

of homophily. We did not find that to be the case, suggesting our association estimates 

may be minimally biased by homophily. In another analysis, we estimated “e-values”46 to 

assess how great confounding due to homophily would need to be to render our estimates 

statistically insignificant. We found the effect of an omitted confounder would need to 

have a combined relationship with the outcome (employees’ purchases at transaction t) and 

predictor (co-workers’ purchase with the employee at t-1) larger than any measured for 

the observed covariates in our models before our statistically significant measures were 

rendered non-significant (Supplementary Table 10). Finally, we conducted an instrumental 
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variables (IV) analysis using purchases by a second degree coworker (the coworker’s 

coworker) as a putatively exogenous source of variation in the coworker’s purchasing, 

thus eliminating concerns of homophily to the extent that it manifests as unmeasured 

confounding (Supplementary Figure 9)47. For these analyses, we began with the same subset 

of data used above in Figure 3 involving the strictest definition of a social tie (tie probability 

≥0.6), but to justify the IV exclusion restriction, we excluded any 2nd-degree alters of a 

given ego that were also 1st-degree alters of that same ego during the study period, as well 

2nd-degree alters that were egos in the analysis themselves. Because of this, the sample 

size of egos in the IV models is approximately half that in the models reported in Figure 

3. These IV analyses estimated significant and positive, though imprecisely-measured, peer 

effects for purchases of green-labeled foods (coefficient 0.40; 95% CI 0.06 to 0.73, p=0.02; 

Supplementary Table 11), and the magnitude of the effect was similar to that estimated 

in the GEE analysis. There was insufficient evidence for or against peer effects among 

red-labeled foods due to the inherent loss of precision in instrumental variables analyses 

(Supplementary Table 12). It is important to note that the validity of effects estimated 

using these instrumental variables models rests on the strong assumption that the 2nd-degree 

coworker’s purchase was unrelated to the employee’s purchase through any causal pathways 

other than through the coworker. These findings, while consistent with the SAR and 

GEE findings, should be interpreted with caution as violations of instrumental variables 

assumptions can lead to significant bias.

Discussion

Results of this research indicate that the healthfulness of food choices is correlated in a large 

workplace social network and reinforce the plausibility of food choice as an interpersonal 

mechanism for the transmission of obesity in a non-intimate social network. We observed 

interpersonal associations in food choice for both healthy and unhealthy foods. Because 

there is a middle ground in yellow-labeled purchases (we do not present analyses of 

yellow-labeled items here), green- and red-labeled purchases are largely independent of 

one another. Associations with beverage purchases were less robust, appearing in year-long 

cross-sectional analyses, but not in the strictest longitudinal analyses assessing associations 

from one transaction to the next. Weaker interpersonal associations for beverage purchases 

may reflect that beverage preferences are more routinized and fixed, and therefore less 

susceptible to social influence. Alternatively, these associations may be related to the 

smaller choice set available for beverages, including choosing freely available tap water. Our 

consistent findings for food purchases, which form the vast majority of calories purchased29, 

are particularly important to the broader argument that socially transmitted food choice may 

be a mechanism by which obesity spreads through a social network13,22,48.

We found that associations tended to be larger for green-labeled foods than for red-labeled 

foods. This was similar to findings from most one-time interventions tested in university­

based naturalistic settings and in lab-based experimental settings, where it has been observed 

that healthy social norms have a positive effect on healthy food choice49–52. One study 

observed greater social influence on food choice for unhealthy foods than for healthier 

foods53.
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Our data and methods extend prior research investigating social influence and food choice 

behaviour that has typically been conducted in small experimental settings. Earlier studies 

have focused on young study subjects, generally under the age of 25 (for reviews, 

see10,17,54). The mean age of our study subjects was 45, ranging from 19 to 83. In addition, 

prior studies were usually lab-based or conducted in otherwise tightly controlled settings 

that were restricted in the number of interactions, the nature of social contacts, or the range 

of food choices available to participants. Thus, existing studies were not generalizable to 

more diverse populations in real-world settings. In contrast, we investigated social influence 

on food choice in the workplace, where most people spend a great deal of their day in the 

company of consistent, but non-intimate, acquaintances. This social setting has been given 

far less scrutiny, particularly with respect to health behaviours, than ties among close social 

intimates. Our study included a multi-ethnic sample of 6,665 socioeconomically diverse 

men and women engaging in nearly 3 million dyadic interactions overall and who had 

a median of two interactions with one another over a two-year period (first quartile=2, 

third quartile=3, maximum=262, see Supplementary Figure 2). We observed behaviour in 

a food environment spanning 7 cafeterias that offered a wide range of food items; over 

2,300 unique items are available, including entrees, snacks, desserts, soft drinks, and coffee 

drinks. This real-world setting allowed us to observe social and behavioural dynamics as 

they occurred naturally.

A number of additional elements of this work increased the robustness of the findings. 

The SAR models yielded near identical results from one year to the next, demonstrating 

the consistency of our findings in the context of evolving employee populations, pairings, 

and food choices. In addition, for food purchases, we saw qualitatively similar results in 

both cross-sectional SAR analyses, which have the advantage of including contemporaneous 

purchases and a pattern of behaviour exhibited over a year, and in longitudinal GEE 

analyses that accounted for the temporal relationship between one person’s food choices 

and another’s, and also accounted for individuals’ personal attributes and their shared dyad 

characteristics.

Robustness was also strengthened by our data sources. Though the study was observational 

in nature, we were able to capture objective data on food purchases rather than relying on 

subjective self-reports of consumption. By analysing secondary administrative data captured 

over the span of two years, our assessments reflected changes of behaviour over time rather 

than at a single point in time under experimental circumstances. Furthermore, we identified 

social connections using passively-collected purchasing data rather than directly observed or 

self-reported information. This allowed inference of social connections on a large scale and 

in an objective fashion that was not influenced by social desirability or other reporting biases 

that may arise in primary data collection. While the practice of inferring social connections 

based on objectively-assessed temporal and spatial proximity is not new, it has not generally 

been applied to study food-related behaviours, in a relational context, using a validated 

measure of tie strength derived from participant observation and survey data. The stronger 

associations observed when the longitudinal models were restricted to dyads with a higher 

probability of being “true” helps to support the validity of both our conclusion that we 

are observing prospective associations consistent with a social influence process and our 

evidence that ties are “true.” Our estimated tie probability may reflect the probability that an 
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observed tie is present in reality, or alternatively, it may be a measure of the strength of the 

tie between two people. In either event, we would expect higher values to be associated with 

stronger estimated associations in purchasing behaviour. Similarly, if associations are real, 

we would expect that they would be attenuated in situations where social ties are weaker or 

poorly measured, which is what we found.

Prior network research has used GEEs to estimate marginal behavioural associations in 

network settings that exploited tie directionality to identify a peer effect13,41. Due to the 

non-independence of network data, using a GEE framework to separately account for 

homophily, confounding, and simultaneity mechanisms has proven to be challenging13,55,56, 

though these models have been shown to be fairly robust43,57. By using alter data 

from a prior time period to predict ego purchase behaviour at a current time period, 

our longitudinal GEE models avoid violating temporal dependence assumptions that 

have complicated earlier work. We sought to reduce the extent to which the measured 

associations captured homophily by controlling for dyad characteristics and for time of 

day when the ego’s purchases were made. Additional sensitivity analyses suggested that 

unmeasured confounding due to homophily was not likely to be a major source of bias 

(see Supplementary Tables 9, 10, and 13). Nevertheless, we cannot rule out the likelihood 

that at least some portion of the measured association in this observational study reflects 

homophily. The exception to that caveat comes from our instrumental variables analysis 

which, if its assumptions hold, would remove all bias due to homophily, confounding, or 

simultaneity. We reiterate our caution in accepting that our available instrument satisfies 

the exclusion restriction in the presence of homophily, confounding, or simultaneity and 

the independence assumption required for valid instrumental variables estimation47. Future 

work could consider using different instrumental variables (including the special case 

of randomized assignment to peers/networks) in a completely identified, closed network, 

though these are challenging methods to execute in real-world scenarios.

Along with the strengths noted above, our study has certain limitations. While based on 

objective data and a validated model, information on social ties was inferred and contains 

some degree of error. Approximately 5% of the hospital’s 26,000 employees had observed 

connections with a 60% or greater probability of being true social ties according to the tie 

prediction model. This could limit the reach of interventions that rely on contacting known 

employee/co-worker dyads. Another limitation is the fact that the objectively inferred ties 

did not reveal whether ties or influence were one-sided or bidirectional. While we were able 

to objectively determine what food individuals purchased, the information in these purchases 

was incomplete. We could not observe what employees actually consumed, nor could we 

know about foods purchased by or for others, foods purchased with cash, or foods acquired 

outside of the cafeteria system. Lastly, our analyses focused on pair-wise relationships 

only, and did not assess whether peer influence is amplified when groups collectively exert 

behavioural influence on individuals.

While the present research relies on specialized, site-specific data sources, its insights can be 

constructively applied more broadly. Society has experienced a rapid expansion of systems 

gathering data to track human activity, whether it be in the context of consumer behaviour 

(for example, customer loyalty programs), online social networks (both general and those 
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focused on health and wellbeing58), “smart” devices such as phones, watches, and fitness 

trackers, and individually identifiable cards and keys (e.g. RFID technology). As a result, 

tools to explore and apply insights on social interactions and human health are ubiquitous 

and still evolving. Given the high proportion of time many adults spend at work, many 

eating decisions are made in the presence of co-workers59. Our findings highlight the 

potential for using food purchasing data to test targeted messages or incentives to effect 

positive changes in health behaviours, particularly in a workplace environment. Furthermore, 

recent work in this same employee population has shown that the healthfulness of workplace 

food purchases is associated with employees’ overall diet quality, and with their risk of 

obesity, prediabetes, and hypertension60. It is reasonable to assume that social correlations in 

food choice may influence a range of chronic conditions. Insights on social connections and 

food choice have the potential to yield new tools for improving public health.

Materials and Methods

Ethics and human subjects’ approval

This research was approved by the Institutional Review Board (IRB) of Partners HealthCare 

(parent institution of Massachusetts General Hospital) on April 14, 2016. Analyses of these 

deidentified secondary (administrative) data conducted at the University of Massachusetts, 

Amherst relied on Partners’ IRB via inter-institutional agreement. This was an observational 

study of deidentified secondary administrative data so the IRB determined that the need 

for explicit subject consent could be waived for our main analyses examining associations 

in cafeteria purchases across inferred employee dyads. It is worth stating explicitly that 

although this study was determined to be “low-risk” to subjects, these secondary data were 

aggregated for the purposes of this study in ways that cafeteria patrons likely did not 

envision when they used their employee IDs to purchase items61. However, small cell sizes 

in covariate descriptions are not reported, socio-demographic covariates are reported using 

common generic categories, and informationally risky network visualizations based upon 

inferred network data are not included here62. Separately, participants in the tie-validation 

study did provide explicit consent for their participation in the survey and for linking their 

survey responses to cafeteria purchasing data. As is common in low-risk survey studies, 

completion of the survey constituted implied consent, and no signature was solicited. Linked 

survey/purchasing data were used to construct the subsequently deidentified data file used 

in the tie validation analyses. Our analyses of purchasing associations across dyads used 

deidentified data exclusively.

Setting and Participants

The research took place at Massachusetts General Hospital (MGH), a large teaching hospital 

with over 26,000 employees. MGH is the largest non-government employer in eastern 

Massachusetts. Study data were collected from cash registers in the 7 cafeterias located on 

the MGH main campus that were in business during the study period. Though hours varied 

from one venue to another, the cafeterias were open for breakfast lunch, and dinner (one 

cafeteria is also open late for the night shift) and served hot meals, salad bar options, grab­

and-go sandwiches and similar items, snacks, and beverages, including prepared-to-order 
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coffee drinks. The cash register purchasing database included information on the time, 

location, and items purchased for all transactions.

Employees at the hospital have the option of using their ID cards to make purchases that are 

debited directly from their pay checks. This allowed us to link transactions to individuals 

and their demographic characteristics using human resources data. Approximately 7,000 

employees are enrolled in the program at any point in time. The cafeterias conduct 

approximately 71,000 transactions in an average week; 19,800 of those transactions are 

conducted by employees using their ID cards. Our study population consisted of 6,665 MGH 

employees who used their IDs at least once to make either a food or beverage purchase 

at the same time and place as a co-worker at MGH cafeterias during the period January 

1, 2015-December 31, 2016. A description of employee characteristics can be found in 

the Supplementary Information Appendix (Supplementary Table 4); these employees were 

closely representative of MGH employees overall.

Food Labelling

In 2010, members of our research team (DEL and ANT) worked with the MGH Nutrition 

and Food Services to implement the “Choose Well, Eat Well” program in the main MGH 

cafeteria, where all foods and beverages were given traffic light labels – green (healthy), 

yellow (less healthy), or red (unhealthy); the program was designed to provide patrons 

with simple information regarding the healthfulness of food items sold in the cafeteria. 

Since 2014, the labelling system has been implemented in all MGH cafeterias, and it is 

well-known and understood by most employees12,63,64. The labelling system was originally 

based on 2005 USDA dietary guidelines65 and has been updated with the 2010 and 2015 

revisions66,67. Green-labeled items have a main ingredient of whole grains, lean protein, 

and/or fruits/vegetables, and are low in calories. Red-labeled items are high in calories 

and/or saturated fat and have little nutritional value. Prominent messaging in the cafeterias 

explains the labelling system. These color designations are included for all items in the 

cash register database and were used in our analyses to differentiate healthy (green) versus 

unhealthy (red) choices. We do not separately analyse purchases of yellow-labeled items 

because it is difficult to interpret whether changes in these purchases reflect shifts towards or 

away from healthy foods. We also note that, consistent with prior research on this employee 

sample and the availability of data, we made the decision to only analyse cold beverage 

purchases (simply termed “beverages” throughout the manuscript) from all 7 cafeterias on 

campus12,64. These cold beverages consist of items such as bottles, cans, and cartons of 

soft drinks, juices, milk, and water. It was not possible to assign traffic light labels to hot 

beverages (coffee, tea) prepared by customers because information on milk, cream, and 

sugar additions was not available. In the Supplementary Information, we explicitly label 

cold and hot beverages as necessary, and in Supplementary Table 14, we offer a sensitivity 

analysis of staff-prepared hot beverages from data at the 2 eating locations that were coffee 

shops. This sensitivity analysis reveals only a modest association between ego and alter 

green hot beverage purchases, consistent with longitudinal analysis of cold beverages.
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Estimating Social Tie Probabilities

Based on ethnographic observation over 3 weeks in the MGH cafeterias and a separate 

validation survey of employees to discern the frequency and likelihood of eating with 

particular types of co-workers, we limited potentially legitimate social ties to purchases 

made within +/− 2 minutes of one another. We linked the survey data containing the 

self-reported information on social ties with demographic and purchasing data to calculate 

a logistic regression and subsequently the predicted probability that a social tie was likely 

to be real as a function of similarity in age (within a 5-year age difference), same gender, 

same race, same workplace department, same job type, number of joint purchasing events 

observed within discrete 8-week periods within a year, and number of separate cafeterias 

at which dyads were observed making purchases together. Additional details of the tie 

prediction survey and validation methods are described in the Supplementary Information 

Appendix (Part 2. Employee survey of commensal purchasing behaviours, Supplementary 

Figure 4, Supplementary Table 1).

Procedure and Design.

We first sought to test cross-sectional associations between employee food purchases during 

each calendar year by estimating simultaneously autoregressive (SAR) models. Because we 

found significant associations between ego and alter food purchases, we then sought to test 

for longitudinal associations between an ego’s purchases and an alter’s purchases during 

their most recent prior transaction together using marginal regression models estimated 

using generalized estimating equations (GEE).

Supplementary Figures 1 and 2 describe the data processing workflow for SAR and 

GEE models, and Supplementary Figure 5 illustrates conceptual models. All analyses 

relied upon the same initial number of dyads, but within-year cross-sectional SAR 

and longitudinal purchase event-lagged GEE models diverged due to different model 

specification requirements. Stata 15/MP68 and R 3.5.2-4.069 were used for data processing 

and analyses. SAR models extended previously-published R code70, GEE models were 

estimated using the geepack package v.1.2.1 in R71. Instrumental variables models used the 

ivreg package v0.5 in R72 and fracivp in Stata73. Stata 15.1 was used for receiver operation 

characteristic (ROC) curve analyses to test specificity and sensitivity of tie prediction. All 

statistical tests are Wald tests for coefficients (null hypothesis: coefficient is equal to 0) and 

are reported with two-sided p-values.

Simultaneously Autoregressive (SAR) Models.

We estimated two yearly cross-sectional SAR models as a first step towards understanding 

whether employees’ food purchases were, over the course of a year, associated with one 

another. These models account for the direct effect of the adjusted weighted average of 

all alters’ yearly purchases on the average of an ego’s yearly purchases, while taking into 

consideration that people may have had repeated meals with a variety of different people 

(i.e. autocorrelation among a network of employees). This family of spatial models was 

originally developed to understand geographic dependence between adjacent areas, but has 

been adopted for use in network research39,40,70.
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PctPurcℎasei, color = β0 + β1ECi + εi where ε 0, σ2 I − ρW T I − ρW −1
Eq. 1.

Our model is described in Equation 1, where the dependent variable is the percent of 

items purchased over a 12-month period that are labeled green (or red) for employee i. 
SAR models employ an adjacency matrix, W, to incorporate information on the frequency 

of ties between subjects. To this matrix we applied weights defined using the predicted 

tie probabilities from our tie validation model to increase the numeric importance of 

relationships with a high probability of being real and reduce the impact of ties that were 

potentially spurious. Because the tie probability model was based on survey responses which 

asked participants using an 8-week recall frame, tie probabilities applied in the adjacency 

matrices are based on 8-week blocks of time. In the adjacency matrix, any repeated tie 

observations were collapsed into a single tie that had a weight equal to the sum of the 

repeated observations. A conceptual illustration of this model is given in the Supplementary 

Figure 5, Panel B.

The measure of association estimated in SAR models is a parameter, ρ, which is based 

on the model’s residuals, and therefore captures the influences of co-workers’ purchases 

on egos’ purchases based on how different employees’ purchases are from the expected 

(average), conditional on employee characteristics. Specifically, ρ measures the conditional 

association between a 1-unit increase in the ego’s alters’ weighted residual (their observed 

purchases less their predicted purchases based on their covariates) and the ego’s purchases. 

This quantity allowed us to evaluate whether the combined impact of exposure to alters’ 

purchases (weighting alters according to how frequently and strongly they were connected 

to the ego) was associated with a change in ego’s purchases. The term ECi contains a 

vector of ego-level covariates including indicators for female sex, age categories (17–29, 

30–39, 40–49, 50–60+), race/ethnicity (White, Black, Asian, Hispanic, other – categories 

as listed in our human resources data source), job type (administrative support, management/

clinician, professionals, service, technicians), and educational attainment (high school or 

less, some college, college, advanced degree, missing). For context, employees included in 

these analyses had a mean (sd) age of 42 (12) and 78% were female. Full model results are 

reported in the Supplementary Information Appendix (Supplementary Tables 2–3)

Generalized Estimating Equations.

Population-average (or marginal) regression models are useful for estimating outcomes 

of interest under circumstances where it is assumed that an individual’s behaviours are 

correlated with one another42,74. As these models are also appropriate to model dyadic 

influence41,55, we estimated GEE regression models that clustered on ego-level observations 

over time. To crudely control for time trends and seasonality and to match employees’ 

8-week retrospective survey recall when establishing employee/co-worker dyads, we divided 

each calendar year into roughly 8-week periods (because of an uneven number of weeks, 

the last period of the year had 10 weeks). We excluded purchases during the last two 

weeks in December because of the significant drop-off in workplace attendance inducing 

aberrant purchasing patterns, and then pooled dyadic data from each period for analysis 
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(see Supplementary Figure 5, Panel C). The longitudinal models estimated in this study are 

described by Equation 2.

f E PropPurcℎasei, t = β0t + β1 Ai, t − 1 + β2ECi + β3ACi + β4Si + β5Ni Eq. 2.

In the GEE model described in Equation 2, PctPurchasei,t is the proportion of the ego’s 

purchase at time t that is labeled green (or, in a separate model, red) as a function of the 

proportion of food or beverages labeled green (or red) purchased by the alter at the prior 

occasion where the ego and alter made a purchase together (Ai,t-1). (Note that here t-1 does 

not refer to a fixed time interval, but rather refers to the occasion of the prior purchase 

the dyad made together, regardless of the elapsed time.) The peer association was captured 

in coefficient b1. The proportion is specified using a logistic link function because the 

data-generating process constrains the outcome to be between 0.0 and 1.0 and is heavily 

skewed towards the tails. The term ECi represents a vector of ego socio-demographic 

characteristics (gender, age, race/ethnicity, job type, educational attainment). For context, the 

mean age (sd) of employees included in the food models was 42 (13) and 78% were female. 

The term ACi represents the alter’s same socio-demographic characteristics (omitting alter 

gender because of a dyadic gender covariate described below). The term Si represents a 

vector of dyadic similarity measures (including ego and alter having the same race, job 

type, department, and one of three gender combinations (MF, FF, MM); and the term Ni 

represents an ego’s number of unique alters during the entire 24-month period, the time of 

day purchases were made (before lunch vs. during/after lunch – see Supplementary Figure 

3c), a set of indicators for twelve 8-week periods during the 2015–16 period (omitting 

two-week end-of-year holiday periods in each year), and the estimated tie probability for 

the dyads. All models were estimated using robust standard errors and were specified with 

an independent correlation structure. Sample characteristics (Supplementary Table 15) and 

fully adjusted estimates for GEE models (Supplementary Tables 5–10, 14) are reported in 

the Supplementary Information Appendix.

We conducted several sensitivity analyses for the GEE models. Our initial model simply 

included tie probability, estimated from the predictive model, as a covariate (this is the 

“all-tie” model in Fig. 3; model estimates are in Supplementary Table 5). In a subsequent 

model, we tested the interaction between alter’s purchases (Ai,t-1) and the tie probability to 

assess whether the association was stronger when the estimated tie probability was higher 

(Supplementary Table 5a). Upon determining that the interaction was strong, we defined our 

preferred analyses as models limited to dyads with inferred tie probabilities ≥0.6 (based on a 

cut-off where the positive predictive value was above 75%, Figure 1c), while also presenting 

intermediate models restricted to tie probabilities ≥0.1 - ≥0.6 for illustration (Figure 3). 

We also estimated an alternative model where ties were inferred to exist when dyads 

made coincident purchases ≥5 times during the 24-month study period (Supplementary 

Table 7). This co-location threshold-based tie definition was estimated with purchasing data 

only and no demographic information. Lastly, we conducted a series of analyses described 

in the Supplementary Information Appendix that helped minimize concerns of bias due 

to homophily. We reassigned purchasing data randomly across the alters (Supplementary 

Table 13). We assessed whether the association diminished in magnitude as the duration 
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between t and t-1 increased by testing the interaction between this duration and the alter’s 

purchases (Ai,t-1) (Supplementary Table 6c). We removed race from the models, as it was 

the confounder with the largest coefficient and is known to be related to food choice and 

tie formation (Supplementary Table 9). And we calculated “e-values” to determine how 

sensitive our findings might have been to omitted variables, including those related to tie 

formation (Supplementary Table 10).

For all models, we adjusted p-values for multiple hypothesis tests using a Bonferroni 

correction when reporting separate models for ego’s green food/beverage purchases and 

red food/beverage purchases.

Instrumental Variables Analysis

In the sensitivity analyses employing instrumental variables methods, we used two-stage 

least squares estimation including only dyads meeting the ≥0.6 tie probability threshold. 

The data setup for each stage (i.e., the timing of purchases included as dependent and 

independent variables) was identical to that used in the GEE analyses. In the first stage 

regression, purchases by 2nd-degree alters (the primary alters’ alters – see Supplementary 

Figure 9) were used as an instrument for primary alters’ purchases47. To strengthen 

the plausibility of the exclusion restriction, only purchases by secondary alters who did 

not appear elsewhere in the data as either first-degree alters or egos were included as 

instruments. This reduced the number of unique egos in the data by approximately half, 

when compared to models reported in Figure 3 and Supplementary Tables 6a and 6b. It 

also required a more parsimonious regression model, so the instrumental variables models 

controlled for ego and dyad characteristics, but not alter characteristics. Standard errors in 

all analyses were adjusted for clustering by ego, and p-values adjust for multiple hypothesis 

tests as in the GEE analyses above.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Figure 1. Properties of the predictive model for identifying social ties using cafeteria transaction 
and human resources data.
(a) Sensitivity/specificity trade-off; (b) Positive predictive value by probability cut-off; (c) 

Distribution of estimated tie probabilities. n = 1,054 for panels a and b. n = 2,974,388 dyads 

for panel c.
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Figure 2. Yearly associations between employee and co-worker purchases.
Coefficients (ρ) and 99% confidence intervals from simultaneously autoregressive models 

assessing associations between the healthfulness of employee and co-workers’ purchases of 

healthy and unhealthy foods and beverages over one-year cross-sections of time, adjusting 

for employee characteristics. Green- and red-labeled foods, 2015, n=5,934; green- and 

red-labeled foods, 2016, n=5,929; green- and red-labeled beverages, 2015, n=5,550; green- 

and red-labeled beverages, 2016, n=5,492 (Supplementary Tables 2 and 3).
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Figure 3. Prospective associations between employee’ current and co-worker’s prior purchase.
Coefficients and 99% confidence intervals of generalized estimating equations assessing the 

relationship between the healthfulness of co-workers’ purchases and employees’ subsequent 

purchases over 2015–2016, adjusting for employee, co-worker, and dyad characteristics, 

stratified by tie probability thresholds defining dyads. Higher tie probabilities indicate 

greater confidence in inferred social ties. Sample sizes decreased with increasingly 

restrictive tie probability thresholds (all-tie model through ≥0.6). They were n=6,382 and 

n=1,441 for foods and n=5,642 and n=1,138 for beverages, respectively (Supplementary 

Tables 5 and 6).
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