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Quantifying reporting bias in social contact data collected from corporate and nursing home employees in 
the United States 

 
By Trisha Deshmukh 

 
Relevance  
There is a current need to obtain direct estimates of contact behavior involved in the transmission of 
respiratory pathogens. This can be affected by biased estimates of self-assessed behavior or reporting 
bias. This includes the over and under-reporting of social contacts.  
 
Objective 
This study aimed to measure the degree of bias in reporting of contacts from COVID-19 social contact 
surveys by participant demographic characteristics.   
 
Design 
The data used for this study was obtained from the two cross-sectional studies, “Comprehensively 
Profiling Social Mixing Patterns in Workplace Settings to Model Pandemic COVID-19 and Influenza 
Transmission and Control” (Corporate Mix (CM)) and “Comprehensively Profiling Social Mixing Patterns in 
Nursing Homes to Model COVID-19 Transmission” (Nursing Home Mix (NHM)). Data was used from 
Rounds 2 through 4 of data collection, from November 2020 – December 2021.  A logistic regression 
model was used to examine the relationship between reporting type and participant demographic 
characteristics from the Corporate Mix study.  
 
 
Findings  
Participants in the Corporate Mix study were more likely to overreport, while those in the Nursing Home 
Mix study were more likely to have no difference in reporting. The demographic factors – sex, age, 
race/ethnicity, and education were included in the final model as explanatory variables. We determined 
that there was a higher likelihood of overreporting among female, younger (20-29 year old), White, Non-
Hispanic, and higher educated (Bachelors or higher) participants across all Rounds 2-4 of the Corporate 
Mix study. An important limitation to this study was that as researchers, we are unable to determine the 
“true” number of social contacts that a participant has. For this reason, the categorization of over and 
under-reporting of contacts is arbitrary. Despite this, the results from this study allow us to gain a better 
understanding of how to design questionnaires to potentially reduce reporting bias in different 
demographic populations.  
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Introduction 
 

Background  

 Social contact patterns are important for understanding the transmission of airborne and direct-

contact infectious diseases such as COVID-19, influenza, and respiratory syncytial virus (RSV). Empirical 

data can be collected on who mixed with whom, which can be used to model how a disease spreads in a 

population, who is most at-risk, and the impact of interventions.  Models use social contact data to 

provide information on complex networks that influence infectious disease dynamics7.  

Data on social contact patterns are collected through social contact surveys. The data provides 

realism to mathematical models they hope to inform and evaluate relevant policy questions.7 The COVID-

19 pandemic has resulted in a myriad of studies to be published that have focused on collecting empirical 

data on social contact patterns that can help inform mathematical models. Additionally, studies and 

meta-analyses such as Dodd et. al., have helped to inform future surveys for collecting social contact data 

relevant for the spread of respiratory pathogens.4  

 There is a need to obtain direct estimates of contact behavior involved in the transmission of 

respiratory pathogens. This can be difficult as respondents may be subject to inherent biases. A common 

bias observed in surveys is recall bias. A respondent may forget a contact entirely, especially if the 

reporting time window is large. While a respondent remembers in their reporting of contacts that an 

interaction occurred, they may not be able to remember every detail, such as the total duration of their 

interaction. These details are important as they reflect some aspects of behavior associated with patterns 

of infection. Respondents who provide self-reported information may also be subjected to reporting bias. 

It occurs when individuals provide biased estimates of self-assessed behavior.16 There are many reasons 

why this may occur, ranging from misunderstanding the question asked to social-desirability bias. Social-

desirability bias is where the individual wants to be viewed positively by the researchers and may not 
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provide accurate responses about their behavior, such as social distancing or mask wearing. It is also 

influenced by their perceived risk of infection and risk of infecting others.15 Personal relevance of the 

survey topic and perceived benefit of participation have also been shown to influence reporting. 

Reporting also may differ by participant demographic factors such as sex, age, and race and ethnicity. This 

is an important topic of research as the increased burden of COVID-19 has disproportionately affected 

older, lower-income, and minority populations.5 In social contact surveys, reporting bias has the potential 

to result in the over-reporting or under-reporting of contacts. This will provide a “biased” or inaccurate 

estimate of how many susceptible individuals may be contracting the illness, therefore influencing 

disease forecasting and the design of control measures. There has, however, not been an effort in 

establishing a measure to quantify reporting bias in social contact surveys, which can be used to better 

understand participant behavior when reporting.   

Instead, there have been a few studies conducted to evaluate the effect of different types of 

reporting bias, such as leading question and social-desirability bias on estimated compliance with COVID-

19 guidelines.  A study was conducted in Ireland that estimated compliance with COVID-19 guidelines 

based on the way survey questions were framed.18 It was identified that estimated compliance depends 

strongly on how the question is asked. The study also highlighted that social contact surveys tend to pose 

questions in a way that result in estimates of higher compliance than in other approaches to measure 

widespread compliance.  

Objective 

Our study aimed to measure the degree of bias in reporting of contacts from COVID-19 social contact 

surveys by participant demographic characteristics.   
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Methods  

 

The data used for our analysis were obtained from two cross-sectional studies, namely “Comprehensively 

Profiling Social Mixing Patterns in Workplace Settings to Model Pandemic COVID-19 and Influenza 

Transmission and Control” (Corporate Mix (CM)) and “Comprehensively Profiling Social Mixing Patterns in 

Nursing Homes to Model COVID-19 Transmission” (Nursing Home Mix (NHM)).  

 

Ethical approval for human subject research was given by Yale University (IRB #2000026906) and Emory 

University (IRB #00001344), respectively. All participants signed an electronic informed consent form. 

Participants were provided compensation of a $40 gift card upon completion and submission of the 

questionnaire. All data were de-identified before analysis.  

 

Corporate Mix Study  

The study population consisted of employees from five companies primarily based in Atlanta, Georgia. 

These companies include professionals that fall under job categories in the education, management, 

business and financial operations, computer and mathematics, and life, physical, and social sciences 

sectors as defined by the US Bureau of Labor Statistics (2021)19.  

 

Five rounds of data collection were conducted between April 2020 – March 23, 2022.  This analysis 

includes data from Rounds 2 (November 2020 – January 2021, n2=343), 3 (June – August 2021, n3=376), 

and 4 (November – December 2021, n4=433). Round 1 data were not used due to inconsistencies in the 

coding of data while de-identified data for Round 5 were not available at the beginning of this analysis.  
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Participants reported, in an online diary, their social contacts over two consecutive workdays. Access to 

the diary was provided through a personalized email survey link. A contact was defined as either 

proximate (no conversation and no physical contact but within 6 feet of another individual for 20 seconds 

or more), conversational (a two-way conversation with three or more words exchanged in the physical 

presence of another person) or physical (directly touching someone, either skin-to-skin or over the 

clothes).7 Encounters with contacts were recorded in the diaries, broken down by individual encounters 

over only one or both days and total time spent with that person. Participants were requested to first give 

the total number of people they intended to report as contacts (C_t). Then for each unique contact, 

participants were asked to report the age (20-29, 30-39, 40-49, 50-59, 60+ years), sex (female or male), 

race/ethnicity (White, non-Hispanic, Black, non-Hispanic, Asian, non-Hispanic, Mixed, non-Hispanic, 

Other, non-Hispanic, or Hispanic), and education level (Bachelors or higher, Less than Bachelors) of each 

contact. We refer to the sum of contacts actually completed in the diary as reported contacts (C_r).  

 

Analyses were performed using R v.4.1.2. All code and data were made available on GitHub.   

 

The outcome variable in this analysis was reporting type – underreported, no difference in contacts, and 

overreported. Reporting type was classified based on the difference between total contacts (C_t) and 

reported contacts (R_t). While this terminology is used for this study, there is no “gold standard” or 

correct number of contacts. However, for these classifications, we assume reported contacts as the 

standard.  

                  𝑶𝒗𝒆𝒓𝒓𝒆𝒑𝒐𝒓𝒕𝒆𝒅 (𝑪_𝒐): 𝑡𝑜𝑡𝑎𝑙 𝑐𝑜𝑛𝑡𝑎𝑐𝑡𝑠(𝐶_𝑡)  >  𝑟𝑒𝑝𝑜𝑟𝑡𝑒𝑑 𝑐𝑜𝑛𝑡𝑎𝑐𝑡𝑠 (𝐶_𝑟)       

𝑵𝒐 𝒅𝒊𝒇𝒇𝒆𝒓𝒆𝒏𝒄𝒆 𝒊𝒏 𝒄𝒐𝒏𝒕𝒂𝒄𝒕𝒔 (𝑪_𝒏): 𝑡𝑜𝑡𝑎𝑙 𝑐𝑜𝑛𝑡𝑎𝑐𝑡𝑠(𝐶_𝑡) =  𝑟𝑒𝑝𝑜𝑟𝑡𝑒𝑑 𝑐𝑜𝑛𝑡𝑎𝑐𝑡𝑠 (𝐶_𝑟) 

                               𝑼𝒏𝒅𝒆𝒓𝒓𝒆𝒑𝒐𝒓𝒕𝒆𝒅 (𝑪_𝒖):  𝑡𝑜𝑡𝑎𝑙 𝑐𝑜𝑛𝑡𝑎𝑐𝑡𝑠(𝐶_𝑡) <  𝑟𝑒𝑝𝑜𝑟𝑡𝑒𝑑 𝑐𝑜𝑛𝑡𝑎𝑐𝑡𝑠 (𝐶_𝑟) 
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We used a logistic regression model to analyze reporting type for the Corporate Mix study and 

dichotomized to only include those who `overreported` and had `no difference in reporting`. Those who 

`underreported` made up 1% of total participants and were not included in the analysis. A causal 

framework was constructed and the forementioned socio-demographic factors - sex, age, race/ethnicity, 

and education were selected as explanatory variables. Logistic regression models were created to 

perform multivariate assessments across each of the study rounds using the explanatory variables.  

A similar analysis was not conducted on results from the Nursing Mix Home study due to low statistical 

power.   

𝒍𝒐𝒈𝒊𝒕 ൬
𝒑

𝟏 − 𝒑
൰ =   𝐥𝐧(𝐨𝐝𝐝𝐬 𝐨𝐟 𝐎𝐕𝐄𝐑𝐑𝐄𝐏𝐎𝐑𝐓𝐈𝐍𝐆)  

=  𝛂 +  𝜷𝟏 𝐑𝐄 +  𝜷𝟐 𝐄𝐃𝐔 + 𝜸𝟏 𝐒𝐄𝐗 +  𝜸𝟐 𝐀𝐆𝐄 +  𝜹𝟏 𝐑𝐄 𝐱 𝐀𝐆𝐄  +  𝜹𝟐 𝐄𝐃𝐔 𝐱 𝐀𝐆𝐄 

 

As similarly done in previous studies, a confounding assessment was conducted for age and sex. The 

variable age was also tested for interaction with the other predictors for difference in reporting between 

younger and older adults.4, 6-7   

 

Nursing Home Mix Study  

Similar methods for data collection and analysis were used in this study, however, there were a few key 

differences. The study population was long-term care facility (LTCF) staff in four nursing homes in the US. 

A total of 157 LTCF staff completed both days of the contact diary and were included in this analysis.  

Data was collected from December 2020 to June 2021. 
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Results  

Overall, 1,152 participants from the Corporate Mix study and 157 participants from the Nursing 

Mix study were included in this analysis. In the Corporate Mix study, the number of participants between 

each round increased slightly, with 343 in round 2, 376 in round 3, and 433 in round 4.  Of the total 1,152 

participants from the Corporate Mix study, most participants were in the 20-29 (31%) and 30-39 (29%) 

age groups. In the Nursing Mix study, most participants were comprised of 40-49 (52%) and 30-39 (40%) 

year olds. Most participants in the Corporate Mix study self-identified as female (65%) compared to male 

(35%), while in the Nursing Mix study, there was an equal percentage of males and females (50%). 

Participants in the Corporate Mix study identified as White, non-Hispanic (59%), followed by Asian, non-

Hispanic (20%), Black, Non-Hispanic (9%), Hispanic (7%), Other, Non-Hispanic (2%), and Mixed, Non-

Hispanic (2%). In the Nursing Mix study, the largest percentage of participants self-identified as White, 

Non-Hispanic (78%), followed by Black, non-Hispanic (13%), and Hispanic (9%). One participant identified 

as Asian, non-Hispanic (0.6%). Finally, in both the Corporate and Nursing mix studies, most participants 

reported a bachelor’s degree or higher (87% and 82%). A summary of these results can be found in Table 

1.   

The number of participants and percentages who fall under each category of reporting type were 

compared across Rounds 2-4 and Overall in the Corporate Mix study and only Overall in the Nursing Mix 

study. Overall, in the Corporate Mix study, the highest percentage of participants overreported (69%), 

followed by no difference in reporting (30%). In the Nursing Home Mix study, there was equal but low 

percentages of participants who underreported (9%) and overreported (8%). The majority of participants 

had no difference in reporting (83%). There was overall a greater percentage of participants who 

overreported in the Corporate Mix study and who had no difference in reporting in the Nursing Home 

Mix study (Table 2). Additionally, there was a substantially higher number of participants who 

overreported in Round 2 (83%) compared to Rounds 3 (62%) and 4 (64%) of the Corporate Mix study.  
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 The outcome variable (reporting type) was compared by study round and demographic 

characteristics (Table 3) in the Corporate Mix study and just by demographic characteristics in the Nursing 

Home Mix study (Table 4). Starting with comparing the unstratified results by age, there was low 

underreporting in all age groups (1%). No difference in reporting was greatest in 30–39-year-olds (32%), 

followed by 20–29-year-olds (31%) and 40–49-year-olds (30%). When comparing counts, overreporting 

was highest in 20–29-year-olds (n = 239), however, percentagewise overreporting was highest among 

50+ year olds (74%). This was followed by 20-29- and 40–49-year-olds (68%) and 30–39-year-olds (66%). 

There was low underreporting in both males and females (1%). The highest counts of participants in both 

sexes overreported, with 70% females and 66% males overreporting. Among the different participant 

racial/ethnic groups, the highest counts observed were among those who overreported, with 72% being 

White, Non-Hispanic, 70% Black, Non-Hispanic, and 68% Mixed, Non-Hispanic. Finally, among the two 

education levels, there were higher counts of overreporting, with 68% having a Bachelors or higher and 

72% having less than a Bachelors. In the Nursing Mix Home study, across all demographic factors, most 

participants had no difference in reporting. The highest percentages observed were in 30–39-year-olds 

(87%) and 40–49-year-olds (85%). These two age groups also made up 92% of the study participants. No 

difference in reporting varied by sex with 88% being male and 77% being female. White, Non-Hispanic 

(80%) had the highest percentage of participants who reported no difference in reporting compared to 

their counterparts.  

 

Model results  

The demographic factors – sex, age, race/ethnicity, and education were included in the final model as 

explanatory variables. We determined that there was a higher likelihood of overreporting among female, 

younger (20–29-year-old), White, Non-Hispanic, and higher educated (Bachelors or higher) participants 
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across all Rounds 2-4 of the Corporate Mix study. The odds ratios and confidence intervals used to make 

these determinations are provided in Table 5.  

 

Discussion  

 

Key Findings  

Several meaningful associations were observed between participant demographic characteristics 

in the Corporate and Nursing Home Mix studies and reporting type. Overreporting was the most common 

reporting type among CM participants, across all study rounds and participant demographic 

characteristics. In contrast, NHM participants were more likely to report no difference in contacts. 

Participants who were female, 20-29 years old, White, Non-Hispanic, or had a Bachelors or higher had a 

higher likelihood of overreporting compared to other participants in the CM study. These results 

remained consistent across all rounds for participant sex, age, and education level. This was also observed 

amongst White, Non-Hispanic participants.  

 

Interpretations and Implications  

Based on how the questionnaire was structured, some participants reported more contacts than 

they intended or said they would report. In this case, we considered that they overreported contacts. If 

the participants under-reported, it was because they did not finish providing information for all their 

contacts. This is likely because they did not have time to finish the survey, were tired, or lost interest. 

There may be multiple explanations of why a participant over-reported contact. First, they may have 

needed to be probed further. By completing the first section of questions in full, this may have helped 

them remember more contacts, thus reducing recall bias, especially for those who did not use the 

memory aid provided to record contacts over the two days of data collection.   



9 
 

 
 

As identified through a national probability survey of US households (the COVIDVu Study) 15,  

younger participants (aged 25-34) reported higher numbers of daily contacts and increased their contact 

rates the most from baseline to follow-up. This is consistent with data collected in other studies that 

support that younger participants are less likely to comply with mitigation behaviors15 and therefore, 

accumulate more social contacts.1, 9-10 Not as many studies have investigated how social contact reporting 

varies by sex/gender and education level. However previous studies have identified trends in who is more 

likely to report information in surveys, in general. More educated and affluent people are likely to report 

information in surveys. Additionally, women are more likely to report than men. However, it is important 

to note the existence of gender bias in online survey response behavior, where observed differences in 

reporting are a product of how females and males undergo social exchange (Smith, G., 2008).  

 

Limitations  

There are a few limitations to take into consideration. We are unable to determine the “true” 

number of social contacts that a participant has. There is no “gold standard” or correct number of 

contacts. For this reason, the categorization of over and under-reporting of contacts is arbitrary. 

Additionally, the cross-sectional design allowed for testing of associations between predictor and 

outcome variables at a specific point in time, but longitudinal predictions cannot be made. It is also 

important to consider that respondents tended to be highly educated and majority white individuals 

working for private companies and nursing homes primarily based in Georgia. Since the overall US 

workforce is diverse and is made up of a myriad of occupations, the study samples from the Corporate 

Mix and Nursing Home Mix studies cannot be used to represent all occupations, departments, and 

individuals of the US workforce. Despite these limitations, our findings that certain demographic groups 

report more contacts were still similar to findings in previous studies.    
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Recommendations  

Further studies and initiatives need to be taken to better understand why certain demographic 

groups, such as men and individuals with lower education are less likely to report more contacts. 

Answering this question informs researchers how populations respond differently to surveys compared to 

their counterparts. While the reason is currently unknown, survey design can be improved to make 

groups less likely to report feel comfortable and inclined to share their social contacts. There are some 

strategies that can be incorporated for participants to recall more contacts, which appeared to help in 

this study design. One would be to ask participants to report their total contacts and give them another 

opportunity in the survey to report additional contacts they may have forgotten. Additionally, provide 

participants with a memory aid that they can print and fill out as they come across other individuals 

during their data collection period. Finally, allow participants to provide de-identified information about 

their social contacts, to alleviate worries about providing identifying information.  

 

Conclusion 

 By establishing a quantitative measure for reporting bias in contact surveys, we found that 

reporting varies primarily based on participant demographic characteristics in the Corporate Mix study. 

Being female,  20-29 years old, White or Asian, Non-Hispanic race and ethnicity, and having a Bachelors 

degree or higher are predictors of overreporting contacts.  
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Tables and Figures  
 

Table 1. Baseline characteristics of the study population, by study round -  November 2020 – December 2021 - 
Corporate and Nursing Home Mix. 
  Corporate  

Mix 
Rounds       Nursing 

Home Mix  
  Two 

(N = 343) 
Three 

(N = 376) 
Four 

(N = 433) 
Overall 

(N = 1,152) 
  Overall 

(N = 157) 
Age Group (years)             

20-29 87 (25%) 120 (32%) 145 (33%) 352 (31%) 
 

5 (3%) 

30-39 109 (32%) 104 (32%) 124 (29%) 337 (29%) 
 

63 (40%) 

40-49 86 (25%) 80 (21%) 94 (22%) 260 (23%) 
 

82 (52%) 

50-59 39 (11%) 56 (15%) 57 (13%) 152 (13%) 
 

7 (5%) 

60+ 22 (6%) 16 (4%) 13 (3%) 51 (4%) 
 

NA 

Sex 
      

Female 227 (66%) 248 (66%) 274 (63%) 749 (65%) 
 

79 (50%) 

Male 115 (34%) 128 (34%) 159 (37%) 402 (35%) 
 

78 (50%) 
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Race/Ethnicity 
      

White, Non-Hispanic 240 (70%) 226 (60%) 212 (49%) 678 (59%) 
 

121 (78%) 

Black, Non-Hispanic 30 (9%) 35 (9%) 43 (10%) 108 (9%) 
 

20 (13%) 

Asian, Non-Hispanic 37 (11%) 75 (20%) 121 (28%) 233 (20%) 
 

1 (1%) 

Mixed, Non-Hispanic 12 (3%) 13 (3%) 0 (0%) 25 (2%) 
 

0 (0%) 

Other, Non-Hispanic 4 (1%) 3 (1%) 20 (5%) 27 (2%) 
 

0 (0%) 

Hispanic 20 (6%) 24 (6%) 37 (9%) 81 (7%) 
 

14 (9%) 

Education 
      

Bachelors or higher 308 (90%) 325 (86%) 374 (86%) 1,007 (87%) 
 

129 (82%) 

Less than Bachelors 35 (10%) 51 (14%) 59 (14%) 145 (13%)   28 (18%) 

Description: This shows the number of participants across rounds 2-4 of the Corporate Mix and the Nursing Home 
mix studies in five US companies and four nursing homes, November 2020 – December 2021.  

 

 

 

Table 2. Comparison of reporting type (n (%) by study round and overall, November 2020 – December  
2021 – Corporate and Nursing Home Mix.  

   
Underreported 

No difference in 
reporting 

Overreported 

N(%) N(%) N(%) 

Corporate Mix        

Round 2 
0 (0%) 59 (17%) 284 (83%) 

(N = 343) 

Round 3 
4 (1%) 140 (37%) 232 (62%)  

(N = 376) 

Round 4 
8 (2%)  149 (34%) 276 (64%) 

(N = 433) 

Overall  
12 (1%) 348 (30%) 792 (69%) 

(N = 1,152) 

 
Nursing Home Mix  

   

Overall 
14 (9%) 130 (83%) 13 (8%) 

(N=157) 

Description: This table compares the number of participants (and percentages) across Rounds 2-4 and overall for the 
Corporate Mix study and overall for the Nursing Home Mix study who fall under each category of reporting type.  

 

 

Table 3. Comparison of reporting type (n (%)) by demographic characteristics and round, 
November 2020 – December 2021 – Corporate Mix study.             

Corporate Mix 
Study  

Round 2  
    

Round 3  
    

Round 4 
    Overall  

(N = 
1152) 
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Underreport
ed 

(n (%)) 

No 
difference 
in contacts  

 (n (%)) 

Overrep
orted (n 

(%)) 

Underreport
ed 

(n (%)) 

No 
difference 

in 
contacts   
(n (%)) 

Overrepor
ted 

 (n (%)) 

Underreport
ed 

(n (%)) 

No 
differ
ence 

in 
conta

cts   
(n 

(%)) 

Overrep
orted  

(n (%)) 

Underre
ported 
(n (%)) 

No 
differ
ence 

in 
conta

cts   
(n 

(%)) 

Overrep
orted  

(n (%)) 

Age group 
                        

20-29  0 (0%) 14 (16%) 73 (84%) 1 (1%) 49 (41%) 70 (58%) 2 (1%) 
47 

(32%) 
96 

(66%) 
3 (1%) 

110 
(31%) 

239 
(68%) 

30-39 0 (0%) 23 (21%) 86 (79%) 0 (0%) 43 (41%) 61 (59%) 5 (4%) 
43 

(35%) 
76 

(61%) 
5 (1%) 

109 
(32%) 

223 
(66%) 

40-49 0 (0%) 15 (17%) 71 (83%) 1 (25%) 27 (19%) 52 (22%) 1 (13%) 
37 

(25%) 
56 

(20%) 
2 (1%) 

79 
(30%) 

179 
(68%) 

50+  0 (0%) 7 (11%) 54 (87%) 2 (3%) 21 (29%) 49 (68%) 0 (0%) 
22 

(31%) 
48 

(68%) 
2 (1%) 

50 
(25%) 

151 
(74%) 

Sex 

            

Female 
0 (0%) 37 (16%) 190 

(84%) 
3 (1%) 88 (35%) 157 (63%) 4 (1%) 91 

(33%) 
179 

(65%) 
7 (1%) 216 

(29%) 
526 

(70%) 

Male 
0 (0%) 21 (18%) 94 (82%) 1 (1%) 52 (41%) 75 (59%) 4 (50%) 58 

(39%) 
97 

(35%) 
5 (1%) 131 

(33%) 
266 

(66%) 

Race/Ethnicity  

            

White, Non-
Hispanic 

0 (0%) 36 (15%) 204 
(85%) 

3 (1%) 82 (36%) 141 (62%) 2 (1%) 67 
(32%) 

143 
(67%) 

5 (1%) 185 
(27%) 

488 
(72%) 

Black, Non-
Hispanic 

0 (0%) 3 (10%) 27 (90%) 1 (3%) 10 (29%) 24 (69%) 0 (0%) 18 
(42%) 

25 
(58%) 

1 (1%) 31 
(29%) 

76 
(70%) 

Asian, Non-
Hispanic 

0 (0%) 11 (30%) 26 (70%) 0 (0%) 32 (43%) 43 (57%) 5 (4%) 45 
(37%) 

71 
(59%) 

5 (2%) 88 
(38%) 

140 
(60%) 

Mixed, Non-
Hispanic 

0 (0%) 4 (33%) 8 (67%) 0 (0%) 4 (31%) 9 (69%) 0 (0%) 4 
(31%) 

9 (69%) 0 (0%) 12 
(32%) 

26 
(68%) 

Other, Non-
Hispanic 

0 (0%) 1 (25%) 3 (75%) 0 (0%) 1 (33%) 2 (67%) 0 (0%) 3 
(43%) 

4 (57%) 0 (0%) 5 
(36%) 

9 (64%) 

Hispanic 
0 (0%) 4 (20%) 16 (80%) 0 (0%) 11 (46%) 13 (54%) 1 (3%) 12 

(32%) 
24 

(65%) 
1 (1%) 27 

(33%) 
53 

(65%) 

Education Level  

     
  

      

Bachelors or 
higher 

0 (0%) 54 (18%) 254 
(82%) 

3 (1%) 122 (38%) 200 (62%) 8 (2%) 133 
(36%) 

233 
(62%) 

11 (1%) 309 
(31%) 

687 
(68%) 

Less than 
Bachelors 

0 (0%) 5 (14%) 30 (86%) 1 (2%) 18 (35%) 32 (63%) 0 (0%) 16 
(27%) 

43 
(73%) 

1 (1%) 39 
(27%) 

105 
(72%) 

Description: This table compares participant reporting type by each demographic factor (age, sex, etc.) and across 
rounds 2-4 and overall. The values in the overall columns reflect the row totals for each level of each demographic 
factor.  

 

Table 4. Comparison of reporting type (n (%)) by demographic characteristics, December 2020 – June 2021 – 
Nursing Home Mix study.  

Nursing Home Mix       

(N = 157)  

Underreported (n (%)) 
No difference in 
contacts  (n (%)) 

Overreported (n (%)) 

Age group       

20-29  2 (40%) 3 (60%) 0 (0%) 

30-39 3 (5%) 55 (87%) 5 (8%) 

40-49 5 (6%) 70 (85%) 7 (9%) 

50+  4 (57%) 2 (29%) 1 (14%) 

Sex 
   

Female 10 (13%) 61 (77%) 8 (10%) 
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Male 4 (5%) 69 (88%) 5 (6%) 

Race/Ethnicity  
   

White, Non-Hispanic 7 (6%) 104 (86%) 10 (8%) 

Black, Non-Hispanic 4 (20%) 14 (70%) 2 (10%) 

Asian, Non-Hispanic 0  (0%) 1 (100%) 0 (0%) 

Hispanic 2 (14%) 11 (79%) 1 (7%) 

NA 1 (100%) 0 (0%) 0 (0%) 

Education Level  
   

Bachelors or higher 6 (5%) 113 (88%) 10 (8%) 

Less than Bachelors  8 (29%) 17 (61%) 3 (11%) 

Description: This table compares participant reporting type (n (%)) by each demographic factor (age, sex, etc).  

 

 

 

Table 5. Effect measure estimates (ORs) and 95% CIs for each  
strata - Corporate Mix.  

Demographic  Estimate (ORs) 95% CI  

Sex        

Male  0.83 0.56 1.10 

Female  2.44 2.28 2.60 

Age (years)    
20-29 2.17 1.94 2.40 

30-39 0.94 0.61 1.27 

40-49 1.04 0.68 1.40 

50+ 1.39 0.99 1.79 

Race and Ethnicity    
White, Non-Hispanic 2.64 2.47 2.81 

Asian, Non-Hispanic 0.60 0.28 0.92 

Black, Non-Hispanic 0.93 0.47 1.39 

Mixed, Non-Hispanic 0.82 0.10 1.54 

Other, Non-Hispanic 0.68 -0.45 1.81 

Hispanic 0.74 0.24 1.24 

Education Level    
Bachelors or higher  2.45 2.25 2.65 

Less than Bachelors  1.14 0.86 1.42 
Description: This table compares the odds ratio estimates (and CIs) among different levels of each predictor.  
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