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Abstract
Background: This statewide survey sought to understand the adoption level of new health
information and medical technologies, and whether these patterns differed between urban and
rural populations.
Methods: A random sample of 7,979 people aged 18-75, stratified by rural status and race, who
lived in one of 34 Indiana counties with high cancer mortality rates and were seen at least once
in the past year in a statewide health system were surveyed.
Results: Completed surveys were returned by 970 participants. Rural patients were less likely
than urban to use electronic health record messaging systems (28.3% vs. 34.5%, p=0.045) or
any communication technology (43.0% vs. 50.8%, p=0.017). Rural patients were less likely to
look for personal health information for someone else’s medical record (11.0% vs. 16.3%,
p=0.022), look up test results (29.5% vs. 38.3%, p=0.005), or use any form of EMR access
(57.5% vs. 67.1%, p=0.003). Rural differences in any use of communication technology or
EMRs were no longer significant in adjusted models, while education and income were
significant. There was a trend in the higher use of low-dose CT scan among rural patients
(19.1% vs. 14.4%, p=0.057). No significant difference was present between rural and urban
patients in the use of the HPV test (27.1% vs. 26.6%, p=0.880).
Conclusions: Differences in health information technology use between rural and urban
populations may be moderated by social determinants. Differential adoption of new HIT and
medical technologies among rural and urban individuals may be due to varying levels of

evidence supporting of these technologies.
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INTRODUCTION

Rural patients previously diagnosed with cancer are more likely to report poor or fair
health, psychological distress, and health-related unemployment.” Access to effective primary
care is commonly gauged by the rate of ambulatory care-sensitive hospitalizations, which are
higher among adults in living in rural areas.? To improve access, patient-centered technologies
are increasingly incorporated as a component of health care delivery for patients to both
communicate with their health care providers and access their electronic medical record (EMR).
Patient-to-provider communication technologies are available both external and internal to the
EMR platform of health care providers. Although the professional and ethical uses of such
technologies are a matter of debate®, patients can communicate with their providers through
existing technologies, including e-mail, text messages, social media, and video conferencing
applications like Facetime or Skype. In terms of EMR use, patients can review their own
medical records, or in the role of caregiver, the personal health information of others.
Furthermore, EMR platforms commonly enable patients to review their tests results or refill
medications.

Relatively little is known about how rural populations meet their health care needs
through the use of health information technology. A study among US Veteran patients and
providers found that a lack of adequate technology infrastructure was seen as an obstacle to
health care utilization.# Limited broadband access is considered an important barrier to the use
of information technology in rural areas®, and may explain known disparities in personal
information technology use, as well as hospital adoption of health information technology.

New medical technologies also have become widely available in the past decade for the
purpose of cancer screening. In 2013, low-dose CT (LDCT) scans for lung cancer screening
were recommended by the US Preventive Services Task Force (USPSTF) among previous or
current smokers ages 55-80.° Among women, human papilloma virus (HPV) testing was

recommended in 2012 as an option for cervical cancer screening from age 30-65 by the



USPSTF.” Prior research has not focused upon the adoption of these new cancer screening
approaches among rural populations. In addition to worse health status, rural populations
oftentimes receive care from hospitals with lower quality of care.®

Health information technologies and medical technologies are similar enough that it is
informative to consider them together. Access to both of these technologies is of significant
importance to the quality of life and health of rural communities.® Population health increasingly
considers the multi-sectoral influences upon the health of individuals living in a community,
including not only the health care delivery system, but also infrastructure and other social
sectors that either directly or indirectly influence the health of individuals.

In the United States, current policy debates regarding the needs of rural communities
have weighed the relative merits of access to health care through expanded Medicaid insurance
versus access to broadband Internet.'™ Just as these policy debates are best conducted by
weighing the benefits of these different types of community capacity together, considering the
pace and predictors of change in medical and health information technologies together provides
a fuller characterization of the state of rural health.

The diffusion of new innovations or technologies framework, as conceptualized by
Rogers et al.,’" has been adapted to the health care setting by Berwick et al.'> How the
diffusion of innovation differs between health information and medical technologies has not
been widely explored. How these dissemination patterns may differ between urban and rural
groups is also unknown. For this study, we performed a population, state-based survey of
Indiana residents to understand the level of adoption of new health information and medical

technologies, and whether these patterns differed between urban and rural populations.

METHODS

Survey population: Young, middle-aged, and older adults were surveyed in order to

obtain a multi-generational perspective upon cancer information-seeking behavior. Surveying



young adults also enabled us to better assess HPV testing among women. We set the upper
age limit of our sample at 75 years because, after that age, most types of cancer screening are
not recommended. Rural and African American populations were oversampled in order to have
adequate power to test for differences in technology adoption among these vulnerable groups
(racial differences reported elsewhere). Stratification was evenly based on geographic location
and race; urban/rural status was prioritized over race. Individuals residing in one of 34 counties
with relatively high cancer mortality rates within the state (194.7 to 234.6 deaths per 100,000
people)'® were surveyed because the overall effort was intended to guide efforts to address
unmet needs in the population catchment area of the Indiana University Cancer Center (IUCC).

The age-adjusted mortality rate of Indiana is 185.2 per 100,000, which is significantly higher
than the national rate (168.5 per 100,000).'4

Survey sample: Adult patients age 21-75 who were identified as White/Caucasian or

Black/African-American in their electronic medical record were included.

A list of individuals who had been seen at least once in the past 12 months at an Indiana
University Health (IUH) facility was generated that included names, addresses, race, and age.
IUH is a statewide-integrated healthcare system with 19 hospitals in Indiana, and with the
inclusion of outpatient practices or testing services, encompasses 178 clinics. From the list of
284,062 persons who met inclusion criteria, a random, stratified sample of 8,000 individuals was
generated to survey. The intention was to sample 2,000 participants from each of four strata
(rural White, rural African-American, urban White, urban African-American), but there were only
524 individuals in the rural African-American category, so all 524 were sampled, with the
remainder of the 2,000 taken from the rural White category, to ensure 4,000 total rural and
4,000 urban. The proportion of African-Americans in the US population overall is 12.2% and the
state of Indiana is 9.7%. In terms of regional comparisons, the proportion of the overall African-

American population that lives in different regions of the country is as follows: South (55%),



Midwest (17%), Northeast (18%), and West (10%)."® Hispanic, Asian, Native American and
other ethnic groups were excluded from the original sampling frame because, while their needs
are very important, the sample sizes would have been inadequate to make meaningful statistical
comparisons among these smaller groups. According to the American Community Survey
(2017), the proportion of patients from these different ethnic categories in Indiana are as follows:
Hispanic or Latino (7.0%), Asian (2.4%), or Native American (0.4%). We reasonably anticipate
that the rural proportions are even lower.

Rural location was defined by Rural Urban Community Area (RUCA) codes from the
census tract (rural defined as large rural city/town, small rural town, or isolated small rural town).
RUCA codes are based on the same theoretical concepts used by the Office of Management
and Budget (OMB) to define county-level metropolitan areas. Similar criteria are applied to
measures of population density, urbanization, and daily commuting to identify urban cores and
adjacent territory that is economically integrated with those cores. Rural RUCA codes were 4.0,
42,50,52,6.0,6.1,7.0,7.2,7.3,7.4,8.0,8.2,8.3, 84,9.0,9.1,9.2,10.0, 10.2, 10.3, 10.4,
10.5, 10.6, and urban RUCA codes were 1, 1.1,2,2.1,3,4.1,5.1,7.1, 8.1, 10.1.18

Data Collection: A list was generated from the Indiana University Health (IUH)

electronic data warehouse regarding the primary care provider (PCP) associated with each
patient. These PCPs received a single email providing them with an opt-out procedure to
exclude their patients. PCPs were given 2 weeks to indicate he/she did not want the individual
invited to participate in the survey. Among the 34 PCPs contacted, 2 PCPs selected patients
they allowed to be approached, 2 refused all patients; and 30 agreed to all patients being
contacted. Based upon responses from the PCPs, 21 patients were not invited to participate in
the survey; therefore, the final number of mailed surveys was 7,979. This list and process was
managed by a practice-based research network (PBRN) associated with the Indiana University

School of Medicine that functions independent of the study team.



In January and February 2018, the Indiana University Center for Survey Research
(CSR) mailed packages to the survey sample. Following the tailored design method ", the first
mailing included the survey instrument, cover letter introducing the study, study information
sheet, HIPAA authorization form, a postage-paid, pre-addressed envelope to return the
completed survey, and an advance incentive of a $1 bill. Two weeks later, a postcard reminder
was sent; one month later, a second copy of the survey and reminder letter was mailed to non-
respondents. The Indiana University-Purdue University Institutional Review Board approved the
study.

Respondents returned paper surveys and authorization forms which were then reviewed
and tagged with serial numbers and dispositions in a tracking database. Quality control tests
were done to verify scanning precision and data accuracy. Staff examined completed surveys
for illegible marks, corrected them when necessary to enhance data capture, and digitally
scanned them.

Response rates were lower for African-American compared to White (8% vs. 14%,
p<0.001) respondents, and young (18-49 years) compared to older (50-75 years) individuals
(6% vs. 15%, p<0.001). Response rates were higher in rural areas compared to urban areas
(13% vs. 11% respectively, p=0.009).

Measures: To facilitate harmonization of data collected, data sharing and the ability to
merge datasets across cancer centers, project leaders worked closely with National Cancer
Institute (NCI) staff to determine specific items to be included in the final survey. Project leaders,
NCI staff, and investigators from 15 other cancer centers evaluated and agreed upon a core set
of survey items to assess: individual and sociodemographic characteristics, and health
promoting/cancer prevention behaviors including screening; and access to health
care. Relevant items were identified from the Health Information National Trends Survey
(HINTS), the Behavioral Risk Factor Surveillance System (BRFSS) survey, and the National

Health and Nutrition Examination Survey (NHANES).



Independent predictors:

Sociodemographic Characteristics: Individual sociodemographic data collected included

age (categorical), sex (male vs. female), education (categorical), employment, home ownership,
and income (categorical), and race. For sampling purposes, race data were obtained from the
electronic medical record (EMR), but race was then confirmed or replaced by our gold standard
of self-report. For race, agreement between EMR and survey self-report was 0.951 (Phi
coefficient).

Broadband: Individuals were asked “In the past 12 months, when you have used the
Internet, did you access it through Broadband such as DSL, cable or FiOS?” (Yes or no). Fios
refers to fiber optic service.

Dependent outcomes:

New health information technology use: For communication technology, patients were

asked “In the past 12 months, have you used the following ways to communicate with your
doctor or a doctor’s office?” Yes/no responses were provided for the following 5 items: “Email”,

“Electronic health record messaging systems like Epic MyChart”, “Text message”, “Facebook or
other social media sites”, and “Skype, Facetime, or other video conference systems”. These
individual items were combined into an aggregate outcome of “Any communication technology”,
wherein “Yes” represented use of any single technology, and “No” meant no use of any
technology at all.

For electronic medical record (EMR) use, patients were asked “In the past 12 months,
have you used a computer, smartphone, or other electronic means to do any of the following?”
Yes/no responses were coded for the following 4 items: “Looked for personal health information
from your medical record”, “Looked for personal health information for someone else’s medical
record”, “Looked up test results”, and “Requested a medication refill from your doctor”. These

individual items were combined into an aggregate outcome of “Any EMR use”, wherein “Yes”

represented use of any single technology, and “No” meant no use of any technology at all.



New medical technology use: Completion of a low dose CT scan to screen for lung

cancer was measured with the following yes/no question: “Have you ever had a lung scan, also
called a low-dose CT scan, to screen for lung cancer?” Only individuals ages 55-75 who had 30
pack-years or greater of smoking history were included in the denominator for this measure.
HPV testing was assessed with another yes/no question: “An HPV test is sometimes given with
the Pap test for cervical cancer screening. Have you ever had an HPV test?” Women ages 21-
65 who had never had a hysterectomy were included in the measure’s denominator. In the
case of both measures, having ever used these medical technologies--as opposed to guideline-
concordant cancer screening—was assessed to better capture the construct of technology
adoption and diffusion.

Data analysis. Descriptive statistics were performed on individual sociodemographic
characteristics, broadband availability, and technology use. Survey weights were created to
account for the stratified sample and oversampling of rural and African-American individuals and
used to calculate weighted estimates and standard errors for the population. Overall descriptive
statistics were performed as well as separately by rural and urban status. To examine
differences in sociodemographics, broadband, and technology use, proportions for each
response were first compared between rural vs. urban groups using Pearson chi-square tests.
Since education and income were the only multinomial categorical variables with overall
significant p-values, we performed bivariate logistic regression analysis to compare each level
with a reference level

Multivariable logistic regression models were then performed for each outcome with
predictor variables for geographic location (rural/urban), age group, sex, race, education,
employment, home ownership, and income. For the health information technology outcomes
(communication and EMR use), broadband was also included in the models. In all, four models
were performed predicting the aggregate outcomes of new health information technology use

(any communication or EMR use), as well as the individual outcomes of new medical



technology use (LDCT scan or HPV testing ever). The SurveylLogistic procedure in the SAS
System for Windows version 9.4 was used to account for survey weights and the stratified
sampling design which projects data from the sample to estimate rates in the larger population.

Adjusted Odds Ratios and 95% confidence intervals are reported from the logistic models.

RESULTS

Survey population: Of the 7,979 surveys mailed, 970 were returned completed
yielding a 12% response rate. Overall, 54 refused directly, 28 refused implicitly (blank survey
returned), 27 were deceased or physically/mentally unable to participate, two were determined
out of sample, and 586 were returned undeliverable. As shown in Table 1, compared to urban
respondents, rural respondents had a lower proportion in the African-American group (8.5% vs.
34.9%, p <0.001). Lower proportions of rural residents were employed (36.4% vs. 46.7%,
p=0.006), but higher proportions owned their own home (75.4% vs. 60.2%, p<0.001). Between
urban and rural participants, there were also significant differences in education and income.
While rural areas more often have a high school diploma as their highest degree (32% of rural
vs 24% of urban), urban residents more often have a college degree (42% of urban vs 32% of
rural). For income, rural residents less often have a household income 2$100,000 (12% of rural
vs. 22% of urban).

Differences in New Health Information Technology Use: Rural participants were less
likely than their urban counterparts to use electronic health record messaging systems (28.3%
vs. 34.5%, p=0.045) or any communication technology (43.0% vs. 50.8%, p=0.017) in bivariate
comparisons (Table 2). Rural participants were less likely than urban participants to look for
personal health information for someone else’s medical record (11.0% vs. 16.3%, p=0.022),
look up test results (29.5% vs. 38.3%, p=0.005), or any form of EMR use (57.5% vs. 67.1%,

p=0.003).



Rural differences in the use of any communication technology (AOR=0.91, 95%
CI=0.55-1.48; reference, urban) or any EMR use (AOR=0.81, 95% CI=0.47-1.39; reference,
urban) were not significant in adjusted models (Table 3). Independent predictors that were
significantly associated with any communication use included some college or vocational
training (AOR=3.69, 95% Cl=1.09-12.47; reference, less than high school) and income
2$100,000 (AOR=4.40, 95% CIl=1.27-15.27; reference, $0-19,999). The likelihood of any EMR
use was higher among retired and unemployed individuals (AOR=3.64, 95% CI|=1.48-8.96;
reference, employed), , the unemployed (AOR=2.78, 95% CI 1.18-6.52); reference, employed),
and African-Americans (2.45, 95% CI 1.08-5.58; reference, White); but EMR use was lower
among those without broadband access (AOR=0.36, 95% CIl= 0.18-0.73; reference, broadband
access).

Differences in New Medical Technology Use: Bivariate comparisons (Table 2)
showed a trend in the higher use of low-dose CT (LDCT) scan ever among rural (compared to
urban) patients (19.1% vs. 14.4%, p=0.057). No significant difference was present between
rural and urban patients in ever having an HPV test (27.1% vs. 26.6%, p=0.880). In adjusted
models (Table 4), rural populations still had no significantly different likelihood of ever having an
LDCT scan for lung cancer screening (AOR=5.20, 95% CI=1.00-27.11; reference, urban) or an
HPV test for cervical cancer screening (AOR=0.84, 95% CI=0.31-2.25; reference, urban).

In adjusted models, other individual characteristics associated with ever having an LDCT
scan included high school graduation (AOR=0.02, 95% CI=<0.01-0.42; reference, less than high
school) or some college or vocational training (AOR=0.01, 95% CI=<0.01-0.36; reference, less
than high school), as well as unemployment (AOR=0.03, 95% Cl=<0.01-0.51; reference,
employed). For HPV testing, some college or vocational training was associated with a greater
likelihood of this cancer screening test (AOR=22.46, 95% CI=1.01-501.05; reference, less than

high school).



DISCUSSION

Adoption of health information technologies was lower among rural than urban
respondents seeking care in a statewide academic health care delivery system. These
differences were moderated, at least in part, by social determinants, including income
(communication, EMR use) and education (communication). Rural Americans have lower
median household incomes than urban households, although people living in rural areas have
lower poverty rates than their urban counterparts. Also, U.S. rural populations on average
have lower levels of educational achievement.'® These national patterns are consistent with the
characteristics of our state-based sample and provide some insight into lower use of health IT
among rural residents. More anomalous findings from our survey included greater EMR use
among African-American and unemployed populations. Racial disparities have previously been
identified in patient use of personal or electronic health records in a managed care
organization.'® EMR use among the unemployed has not been well-described, but while non-
working individuals may have worse health status,?’ they may also have greater time
opportunity to access EMRs via patient portals. These unexpected patterns of health
information technology use deserve research and confirmation in other studies. In any setting,
obstacles to adoption of health information technologies include patients' technology
preferences, the technology’s design and usability, as well as the need to reimburse providers
for their care.

Broadband availability emerged as a significant factor in EMR use among our
population. Today, roughly two-thirds of American adults have broadband internet service at
home, but such access is less common among rural residents.?' Rural broadband has more
commonly been discussed in terms of the benefit to economic development??, but successful
policies to expand broadband access also have the potential to improve health through patients’

access to, and use of, their EMR.



The adoption of new medical technologies appeared to be the same across rural and
urban settings, including a trend towards greater adoption of LDCT scans for lung cancer
screening among rural patients. Based upon data modeling, others have speculated that
radiology capacity constraints may limit the adoption of LDCT scans in rural areas; however, our
findings do not support these concerns.? One potential explanation for equivalent rural/urban
adoption of lung cancer screening may be the financial incentives in the health care system.
LDCT can be a “loss leader” for medical/surgical facilities, leading to multiple diagnostic and
therapeutic downstream services, an especially valuable impact at financially challenged rural
hospitals.?*

Communication technologies

Although the majority rural residents (58% as of 2015), like their urban and suburban
counterparts (64% and 68%, respectively), use social media, their rates of adoption have
consistently lagged behind urban/suburban residents.?®> The overall use of health
communication technologies among our state-based sample appeared higher than previously
studied populations. Population-level estimates of patients’ use of technologies to communicate
with their providers are rare. Instead, studies most often report the percentage of users who
have signed up to use secure messaging within an EMR system. For example, of the 5.9 million
Veteran’s Health Administration (VA) patients receiving health care services in 2017,
approximately 42% had access to secure messaging.? In 2013, the Health Information National
Trends Survey (HINTS), a nationally representative US survey, found that 30% of Internet-
accessing U.S. adults reported communicating with a healthcare provider using the Internet or
email.?” Our findings regarding e-mail use (24%), in particular, appear lower than these prior
surveys. However, when we consider any communication technology (e-mail, secure messaging
systems or texts), our estimates are somewhat higher (47%).

The adoption of communication technologies that enable patient-provider

communication is associated with high patient satisfaction.?® Although the evidence base on the



clinical effects of communication technologies is still developing,?® several studies have found
the use of secure messaging to be associated with good diabetes control.0-32
EMR use

Beyond allowing patients to communicate with their providers, the EMR provides a
number of other functions of interest and use to patients in managing their own care, including
accessing personal health information, test results, and requesting medication refills. Existing
studies have rarely tested the impact of these EMR-based functions upon clinical outcomes, but
a number of studies have reported improvements in quality of care indicators, such as disease
awareness, medication adherence, and self-management were associated with patient use of
EMRs.®

A 2016 report found that although rural providers first adopted electronic health record
systems at rates similar to urban counterparts, there were disparities between urban and rural
providers regarding meaningful use attestation in the latter stages.** The overall access of the
EMR among our state-based sample appeared higher than previously studied populations. In
the 2013 HINTS survey, 28% of U.S. adults reported tracking their personal health information
(PHI) electronically, such as care received, test results, or upcoming medical appointments.
Meanwhile, in 2018, 35% of Indiana residents surveyed reported looking for personal health
information from their medical record, and 62% reported having any EMR use (access own PHI,
access other person’s PHI, test results, or medication refill). These different rates may be due
to either temporal or regional trends. US levels of adoption should continue to be compared
and contrasted with state-based patterns in future research, but likely, public policy should be
considered at both levels.

Cancer screening

The overall rate of LDCT scans for lung cancer screening among our state-based
sample (17%) appeared higher than previously studied populations. A study using 2010 and

2015 National Health Interview Survey (NHIS) data--a nationally representative, in-person



household survey--estimated the proportion of high-risk current and former smokers (who quit in
the past 15 years) who had undergone LDCT for lung cancer screening in the past year did not
change and remained below 4%.%5 Currently accepted approaches to lung cancer screening
are associated with reductions in both lung cancer (20%) and all-cause mortality (6.7%).% It is
challenging to assess national rates of HPV testing because population-based cervical cancer
screening involves an overall strategy combining the HPV test with cytology. Similarly, although
it is difficult to disentangle the individual test effects of a combined HPV and cytology strategy
upon clinical outcomes, a randomized trial clearly established a mortality benefit in reduced
cervical cancer deaths with one-time HPV screening in never-screened women aged 30 to 59
years compared to no screening.®’

One potential reason for the differential adoption of new health information and medical
technologies among rural and urban populations is that rural settings may be more likely to
adopt new technologies when more supporting evidence is available. As the discussion here
highlights, new medical technologies related to cancer screening currently have a more robust
evidence-base supporting their implementation than new health information technologies.

According to the “diffusion of innovation” theory of Rogers et al, when a new technology
has a more clearly understood benefit, then change is more likely to be adopted. Other
technology characteristics that are considered important factors in the adoption of innovation
include complexity, trialability, and observability.’? All of these factors conceivably favor more
rapid adoption of new medical technology than health information technology. New cancer
screening technologies require relatively simple adjustments to existing clinical services in the
case of LDCT scans (radiology) and HPV tests (pathology). Similarly, these new screening
services are both trialable (can initially be performed on a small-scale) and observable (potential
adopters can watch others attempt the change first). In contrast, the adoption of new health
information technologies usually involves complex organizational changes for implementation.3®

Installments of new health information technologies oftentimes need to be done on a system-



wide basis, limiting opportunities for trial or observation beforehand. As to why rural health care
communities may be slower to adopt such innovation, answers to this question may relate to
both differences in the number of innovators in rural versus urban communities, as well as the
degree to which health care leadership and encourages such changes. The observations here
are consistent with the adoption curve of electronic medical records, wherein small, rural
hospitals have been slower to adopt EMRs than their urban counterparts.®® While the
application of theory provides several possibilities for differential rates of adoption of new
technologies in varied locations, these explanations deserve further exploration and testing via
mixed methods, including multiple stakeholder interviews that could further elucidate why
patients and providers together, in a shared geographical context, may favor one course for
navigating change over another.
Limitations

Several limitations of this study should be noted. First, our sample was recruited from a
large, state-wide, academic health care system. Thus, overall rates of both health information
and medical technology use may be higher than among a population who has not accessed the
health care system in the past year. However, among individuals who have some interaction
with the same health care system, and for reasons of equity, there is no reason that rates of
technology adoption should differ between urban and rural populations. Also, the response rate
of 12% is low, for instance, compared to the response rate of rural community dwelling older
adults in Utah (31%).%° Yet our survey sample also included younger and working adults who
may be less likely to respond to mailings.*' In anticipation of a low response rate, we mailed
enough surveys to obtain a relatively large absolute number of surveys among rural and
African-American individuals, two groups among whom we were concerned about the presence
of disparities in access to new technologies.

Conclusions



Rural participants were less likely than their urban counterparts to use electronic health
record messaging systems, look for personal health information as a caregiver, or look up test
results in an electronic medical record. These differences were moderated by the social
determinants of education and income. Conversely, there were no significant differences in the
use of new medical technologies, namely LDCT for lung, or HPV tests for cervical cancer
among rural patients. Strong clinical evidence defines the benefit of new cancer screening
technologies, while the evidence base supporting the use of patient-centered health information
technologies is less robust. These varying levels of evidence may help to explain the differential
adoption of new HIT and medical technologies in rural versus urban settings. Diffusion of
innovation theory provides other potential explanations for geographic differences in technology

utilization worth exploration in the future.
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Table 1. Survey sample sociodemographics

Patient characteristics Total Rural Urban p -
n (%) n (%) n (%) value*

Age Group: 0.103

18-34 105 (10.82) 50 (9.56) 55 (12.30)
35-49 130 (13.40) 73 (13.96) 57 (12.75)
50-64 380 (39.18) 193 (36.90) 187 (41.83)

65+ 355 (36.60) 207 (39.58) 148 (33.11)

Sex: 0.656
Female 522 (53.81) 278 (53.15) 244 (54.59)

Male 448 (46.19) 245 (46.85) 203 (45.41)

Race: <.001*
African- 192 (20.53) 43 (8.46) 149 (34.89)
American
White 743 (79.47) 465 (91.54) 278 (65.11)

Education: 0.008*
< High school 71 (7.75) 38 (7.66) 33 (7.86) 0.341"
HS graduate 260 (28.38) 159 (32.06) 101 (24.05) 0.034'
Some college or 253 (27.62) 142 (28.63) 111 (26.43) 0.001"
vocational
College graduate 332 (36.24) 157 (31.65) 175 (41.67)
or postdoctoral
(Reference)

Employed: 0.006*
Yes 369 (41.14) 177 (36.42) 192 (46.72)

No 225 (25.08) 128 (26.34) 97 (23.60)
Retired 303 (33.78) 181 (37.24) 122 (29.68)

Own Home: <.001
Yes 638 (68.38) 379 (75.35) 259 (60.23)

No 295 (31.62) 124 (24.65) 171 (39.77)

Income <.001*
$0-19,999 177 (20.46) 83 (18.00) 94 (23.27) 0.131
$20K-49,999 268 (30.98) 164 (35.57) 104 (25.74) <.001"
$50K-99,999 277 (32.02) 159 (34.49) 118 (29.21) <.001"
$100K + 143 (16.53) 55 (11.93) 88 (21.78)
(Reference)

Broadband
Yes 321 (41.96) 177 (42.24) 144 (41.62) 0.862
No 444 (58.04) 242 (57.76) 202 (58.38)

*p-values <0.05 for each variable overall are from Pearson Chi-square tests.
' Because education and income were significant across 4 levels, bivariate logistic regression
was performed to test each level individually with the reference level (< High School, and

$100K+).



Table 2. Adoption of new technologies, by rural status

New technology use Total Rural Urban p - value*
n (%) n (%) n (%)
New health information technology use
Communication technology
Email 218 (24.14) 107 (21.70) 111 (27.07) 0.061
Electronic health record messaging systems 283 (31.10) 140 (28.28) 143 (34.46) 0.045*
Text message 158 (17.81) 80 (16.53) 78 (19.35) 0.273
Facebook or other social media sites 16 (1.83) 10 (2.10) 6 (1.52) 0.524
Skype, Facetime, or other video conference 22 (2.51) 8 (1.67) 14 (3.53) 0.081
systems
Any communication technology 434 (46.57) 218 (43.00) 216 (50.82) 0.017*
Electronic medical record (EMR) access
Looked for your personal health information from 319 (35.29) 161 (32.59) 158 (38.54) 0.063
your medical record
Looked for personal health information for someone 117 (13.40) 52 (10.97) 65 (16.29) 0.022*
else’s medical record
Looked up test results 299 (33.52) 142 (29.46) 157 (38.29) 0.005*
Requested a medication refill from your doctor 416 (46.64) 217 (44.93) 199 (48.66) 0.266
Any EMR use 576 (61.94) 290 (57.54) 286 (67.14) 0.003*
New medical technology use
Low-dose CT scan ever: 0.057
Yes 159 (16.95) 97 (19.09) 62 (14.42)
No 779 (83.05) 411 (80.91) 368 (85.58)
HPV test ever:
Yes 144 (26.87) 76 (27.14) 68 (26.56) 0.880
No 392 (73.13) 204 (72.86) 188 (73.44)

*p-values <0.05 from Pearson Chi-square tests.



Table 3: Likelihood of new health information technology use for communication or
electronic medical record use

Communication EMR use
AOR (95% Cl) AOR (95% Cl)
n=594° n=596"

Rural status:  Urban 1.00 (ref.) 1.00 (ref.)

Rural 0.91 (0.55-1.48) 0.81 (0.47-1.39)
Age Group: 18-34 1.00 (ref.) 1.00 (ref.)

35-49 1.09 (0.37-3.16) 0.38 (0.12-1.14)

50-64 0.92 (0.35-2.39) 0.54 (0.21-1.39)

65+ 0.44 (0.15-1.29) 0.46 (0.14-1.45)
Sex: Male 1.00 (ref.) 1.00 (ref.)

Female 0.96 (0.52-1.76) 1.09 (0.57-2.08)
Race: White 1.00 (ref.) 1.00 (ref.)

African-American 0.80 (0.37-1.73)
Education: < High school 1.00 (ref.) 1.00 (ref.)

High school 1.31 (0.38-4.52) 0.43 (0.14-1.34)

graduate

Some college or 3.69 (1.09-12.47)* 1.32 (0.40-4.35)

vocational training

College graduate 3.43 (0.97-12.10) 1.10 (0.33-3.69)
Employed: Yes 1.00 (ref.) 1.00 (ref.)

No 0.98 (0.43-2.26) 2.78 (1.18-6.52)*

Retired 1.84 (0.81-4.15) 3.64 (1.48-8.96)*
Own Home: Yes 1.00 (ref.) 1.00 (ref.)

No 1.36 (0.60-3.08) 0.81 (0.36-1.80)
Income: $0-19,999 1.00 (ref.) 1.00 (ref.)

$20K-49,999 0.90 (0.33-2.43) 2.05 (0.75-5.55)

$50K-99,999 1.21 (0.42-3.43) 1.65 (0.57-4.78)

$100K + 4.40 (1.27-15.27)* 3.63 (1.06-12.42)*
Broadband:  Yes 1.00 (ref.) 1.00 (ref.)

No 0.76 (0.37-1.58) 0.36 (0.18-0.73)*

* p<0.05

AOR = Adjusted Odds Ratio
a. Maximum number of observations used in crude analysis.
b. Number of observations used in the multivariate model, due to missing data in covariates



Table 4: Likelihood of ever having lung cancer screening and HPV testing

Low dose CT scan ever? HPV test ever®
AOR (95% CI) AOR (95% CI)
n=91¢ n=198¢
Rural status:  Urban 1.00 (ref.) 1.00 (ref.)
Rural 5.20 (1.00-27.11) 0.84 (0.31-2.25)
Age Group: 18-34 - 1.00 (ref.)
35-49 - 1.41 (0.32-6.09)
50-64 1.00 (ref.) 1.12 (0.26-4.76)
65+ 1.34 (0.27-6.78) N/A
Sex: Male 1.00 (ref.) N/A
Female 1.75 (0.30-10.37) N/A
Race: White 1.00 (ref.) 1.00 (ref.)
African-American 1.73 (0.18-16.52) 1.99 (0.51-7.75)
Education: <High school 1.00 (ref.) 1.00 (ref.)
High school 0.02 (<0.01-0.42)* 6.86 (0.36-129.44)
graduate
Some college or 0.01 (<0.01-0.36)* 22.46 (1.01-501.05)*
vocational training
College graduate  0.16 (0.01-2.27) 17.68 (0.72-432.05)
Employed: Yes 1.00 (ref.) 1.00 (ref.)
No 0.03 (<0.01-0.51)* 0.58 (0.11-2.96)
Retired 2.35(0.22-25.73) 2.69 (0.44-16.54)
Own Home: Yes 1.00 (ref.) 1.00 (ref.)
No 0.46 (0.08-2.57) 0.57 (0.13-2.54)
Income: $0-19,999 1.00 (ref.) 1.00 (ref.)
$20K-49,999 0.53 (0.05-5.38) 0.28 (0.04-1.84)
$50K-99,999 0.80 (0.08-8.07) 0.96 (0.12-7.55)
$100K + 0.32 (0.03-3.47) 0.38 (0.04-3.57)
*p<0.05

a. For “Lung cancer screening” only participants who were 55 to 80 years old and smoked more than

30 pack-years were included in the analysis (n=113).

b. For “HPV testing” only women who were 21 to 65 years old and haven’t had a hysterectomy were

included in the analysis (n=238).
¢. Maximum number of observations used in crude analysis.
d. Number of observations used in the multivariate model, due to missing data on covariates.



