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Abstract
We aimed to empirically measure the degree to which there is a “digital divide” in terms of access to the internet at the small-
area community level within the State of Maryland and the City of Baltimore and to assess the relationship and association 
of this divide with community-level SDOH risk factors, community-based social service agency location, and web-mediated 
support service seeking behavior. To assess the socio-economic characteristics of the neighborhoods across the state, we 
calculated the Area Deprivation Index (ADI) using the U.S. Census, American Community Survey (5-year estimates) of 
2017. To assess the digital divide, at the community level, we used the Federal Communications Commission (FCC) data 
on the number of residential fixed Internet access service connections. We assessed the availability of and web-based access 
to community-based social service agencies using data provided by the “Aunt Bertha” information platform. We performed 
community and regional level descriptive and special analyses for ADI social risk factors, connectivity, and both the avail-
ability of and web-based searches for community-based social services. To help assess potential neighborhood linked factors 
associated with the rates of web-based social services searches by individuals in need, we applied logistic regression using 
generalized estimating equation modeling. Baltimore City contained more disadvantaged neighborhoods compared to other 
areas in Maryland. In Baltimore City, 20.3% of neighborhoods (defined by census block groups) were disadvantaged with 
ADI at the 90th percentile while only 6.6% of block groups across Maryland were in this disadvantaged category. Across 
the State, more than half of all census tracts had 801–1000 households (per 1000 households) with internet subscription. In 
contrast, in Baltimore City about half of all census tracts had only 401–600 of the households (per 1000 households) with 
internet subscriptions. Most block groups in Maryland and Baltimore City lacked access to social services facilities (61% 
of block groups at the 90th percentile of disadvantage in Maryland and 61.3% of block groups at the 90th percentile of dis-
advantage in Baltimore City). After adjusting for other variables, a 1% increase in the ADI measure of social disadvantage, 
resulting in a 1.7% increase in the number of individuals seeking social services. While more work is needed, our findings 
support the premise that the digital divide is closely associated with other SDOH factors. The policymakers must propose 
policies to address the digital divide on a national level and also in disadvantaged communities experiencing the digital 
divide in addition to other SDOH challenges.
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Introduction

Digital technologies are an important means of gaining 
access to SDOH such as employment, housing, education, 
and social networks [1]. Their role in providing healthcare 
services in the form of connected health tools (e.g., tele-
health services, patient portals to electronic health records, 
remote monitors, and mobile apps) is also growing. How-
ever, their impact on health at the population level can be 
limited by the lack of affordable internet connectivity and 
the underlying “digital divide”.

A growing body of evidence has depicted the digital 
divide in large parts of the U.S. The divide is particularly 
acute among Americans living in rural communities where 
about 23 million people lack broadband access [2]. Living 
on tribal lands [3], older age, lower-income, or education 
are other factors contributing to less access to broadband 
service at home [4]. Moreover, the digital divide has led 
to significant disparities across the country in terms of 
access to connected health technology [2]. In addition to 
its impact on health, the divide might also exacerbate dis-
parities in other SDOH such as limiting educational and 
employment opportunities [5].

The impact of the digital divide is critical in the con-
text of the current COVID-19 pandemic. The use of tel-
ehealth services to address patients’ needs during the 
pandemic has been unprecedented. The shift to virtual 
clinician/patient interaction has impacted not only the ~5% 
of Americans [6] with confirmed COVID-19 infections 
but also every person coming in contact with the health-
care system. From mid-March through April 2020, the 
growth of telehealth went from 5% of all US in-person 
office-based medical visits per week to a reported 80% 
or higher [7]. Until new vaccines, treatments, and herd 
immunity are entrenched, the majority of COVID-19 and 
non-COVID-19 triage and care will be fully or partially 
electronic.

Recently, within the U.S. medical care context, there 
is increased appreciation that SDOH, both at the com-
munity and personal level, represent key factors that must 
be considered when assessing and addressing the health 
of patients and populations. Some federal and profes-
sional organizations (i.e., FCC, American Public Health 
Association, American Medical Informatics Association) 
suggest that the lack of adequacy of digital access should 
be considered as a new type of SDOH risk factor or a 
“super-determinant of health” [8, 9] and FCC has started 
assessing the correlation of this new type of SDOH with 
health outcomes [10].

Such an approach to connectivity provides the oppor-
tunity to properly address the growing role of internet 
access in connecting patients to the care continuum and 

supporting patients’ transition from the healthcare system 
to the community. It also provides support for the ongoing 
development of healthcare EHR infrastructure for patient 
care, population health, and for identification and referral 
of at-risk patients to community-based social services [8, 
9].

But before this approach might be widely adopted, we 
need to gain empirical evidence regarding the association 
and interplay between the availability of internet connec-
tivity services, standard SDOH measures, and social ser-
vice agency availability and access at the neighborhood and 
regional level.

In this study, we measured the degree to which there is 
a digital divide in terms of access to internet connectivity 
services at the small-area community level within the State 
of Maryland and the City of Baltimore. For this assessment 
we used the FCC data on fixed internet access, a less uti-
lized data source in healthcare studies for assessment of 
digital divide. Unlike other reports on internet access which 
assessed the connectivity for a limited number of partici-
pants responding to a survey [11], the FCC data provided 
the market-level information about the number of actual con-
nections being subscribed by households. We used data on 
fixed internet access rather than broadband and/ or cellphone 
access as reported in other study, to reveal the immense dis-
parities that currently exist in places where even lower speed 
internet connectivity was unavailable. We also assessed the 
association of this divide with community-level SDOH risk 
factors, using a composite measure of a number of evidence-
based SDOH variables. For the first time, our study assessed 
the community-based social service agency locations, and 
web-mediated support service seeking behaviors in relation 
to the digital divided. We selected Maryland and Baltimore 
City because despite Maryland being the wealthiest state in 
the nation there are ongoing disparities and a wide range of 
challenges related to SDOH across the state and in Baltimore 
City [12, 13].

Methods

Data source

We used the ADI to assess the socioeconomic characteristics  
of the neighborhoods in Maryland and Baltimore City.  
ADI is a composite measure allowing for ranking of 
neighborhoods by the socioeconomic disadvantage in a 
region of interest. It includes variables for the domains of 
income, education, employment, and housing quality [14]. 
The ADI construction in our study was based on the U.S. 
Census, ACS 5-year estimates (2013–2017) [12] and the 
method introduced by Singh [15] To calculate ADI, we: (1) 
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composed 17 ADI variables from identified 71 independent  
census variables, (2) summed up 17 ADI components 
weighted by Singh’s score coefficients [15], and (3) scaled 
and shifted the factor values to have a mean of 100 and a 
standard deviation of 20. We constructed ADI raw scores 
for 52 states at three geographical levels (i.e., ZIP codes, 
tracts, and block groups). We then sorted and ranked the 
ADIs across the nation for the geographic level of interest 
according to the score values. We selected Maryland ADI 
percentiles as the national ranks for different neighborhoods 
in Maryland comparing them to other neighborhoods across 
the country. The higher ADI percentiles represented more 
disadvantaged neighborhoods.

To characterize internet connectivity, we used FCC data 
on the number of residential fixed Internet access service 
subscriptions per 1,000 households based on December 
2016 Form-477 broadband subscribership data [16]. Data 
included internet connections by census tract for “service at 
least 10 Mbps download and 1Mbps upload” [16].

We assessed access to community-based social services 
using Aunt Bertha’s data [17]. Aunt Bertha provides a platform 
to make information related to community-based social services 
more accessible to those in need [17]. Their data included both 
supply and demand data up to 2018. Supply data included the 
list of community-based social services and their characteris-
tics such as name and full address of the organization. Aunt 
Bertha’s data also included the type of available services by 
each organization (i.e., food, housing, goods, transit, health, 
money, care, education, work, legal). Demand data included 
information on individuals (seekers) and organizations (health-
care workers) utilizing Aunt Bertha’s service. The data also 
included number of searches by seekers and healthcare workers 
for available services in each ZIP code.

Statistical analysis

We performed descriptive and univariate analyses for ADI, 
connectivity variables, and those related to community-based 
social services. We assessed the digital divide, access to 
community-based social services, and the number of online 
searches for those services by seekers and healthcare workers 
for different categories of ADI. We defined different categories 
of ADI as neighborhoods at the 10th percentile of disadvan-
tage, neighborhoods at the 11th to 89th percentile of disadvan-
tage, and neighborhoods at the 90th percentile of disadvantage. 
We categorized internet connectivity to 5 groups based on the 
number of households with internet connection subscriptions 
in each census tract. The 5 selected groups included: category 
1 (0–200 out of 1000 households with internet access), cat-
egory 2 (201–400 households), category 3 (401–600 house-
holds), category 4 (601–800 households), and category 5 
(801–1000 households). We assessed access to community-
based social services based on the social services density (i.e., 

number of social services facilities in the community using 
unique facility address) and social services diversity (i.e., num-
ber of different social services such as housing, food, transpor-
tation provided by all unique facilities in each geographic area 
of interest). We defined seekers of each service as the number 
of individuals in each zip code searching for social services 
and healthcare workers as the number of healthcare workers 
in each zip code searching for social services.

We also assessed the correlation between ADI and 
connectivity. To assess factors affecting the number of 
searches for social services by individuals in need of those 
services, we applied logistic regression using GEE model 
with robust variance [18]. We included the connectivity 
variable, social services density, and ADI national rank 
as a group or cluster-level variables representing ZIP code 
level measurements. We also adjusted the model for the  
population size of a ZIP code. The GEE model provided the 
unbiased estimates of the parameters while adjusted for the  
effects of the geographically-clustered data.

Supplement Fig. 1 presents a framework addressing the 
relationship among internet access, other SDOH risk factors 
and social services density and diversity.

Spatial analysis

For the spatial exploratory data analysis, we presented 
an overlaying map of connectivity and ADI and maps of 
community-based social services and ADI in Baltimore 
City [19]. We presented connectivity and community-based 
social services as categorical variables and aggregated the 
numbers for each geographic level of interest (i.e., census 
tract for connectivity and block group for social services) 
and mapped the distribution of each variable in Baltimore 
City. We provided the same maps for Maryland in the Sup-
plement Figs. 2 and 3. We conducted all analyses in R ver-
sion 3.3.1 (using the GEE package for modeling) [20] and 
used the ArcGIS® software to generate the maps.

We did not obtain institutional review board approval due 
to the use of publicly available, de-identified data, per usual 
institutional policy. We obtained a data use agreement with 
Aunt Bertha to access their supply data, and the de-identified 
demand data on search history by individuals (seekers) and 
organizations (healthcare workers) utilizing Aunt Bertha’s 
service. The demand data included only the location of the 
search on a ZIP code level.

Results

Area deprivation index

We assessed the distribution of ADI across Maryland and 
Baltimore City on the block group level. The percentage of 
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block groups with middle ADI national rank (at the 11th-89th 
percentile) was relatively similar across Maryland and in 
Baltimore City (3,075 out of 3,901 (78.8%) block groups 
in Maryland and 500 out of 649 (77.0%) block groups in 
Baltimore City). Baltimore City contained fewer advantaged 
neighborhoods at 10th percentile and more disadvantaged 
neighborhoods at 90th percentile of ADI compared to other 
areas in Maryland. Only 17 (2.6%) of block groups in Balti-
more City were with an ADI at the 10th percentile while 567 
(14.5%) of block groups in Maryland were in this category. 
132 (20.3%) of Baltimore City block groups were disadvan-
taged with ADI at the 90th percentile while only 259 (6.6%) 
of block groups across Maryland were in this category.

Internet access and digital divide

Table 1 presents the residential fixed internet access service 
connection for different ADI categories across Maryland and 
Baltimore City on a census tract level. In Maryland, 52.1% 
of all census tracts were in category 5 of connectivity with 
801–1000 of their households (per 1000 households) having 
access to service of at least 10Mbps download and 1Mbps 
upload. In affluent neighborhoods of Maryland (those at 
the 10th percentile of ADI) 86.1% of census tracts were 
in category 5 of connectivity; however, in disadvantaged 

neighborhoods (those at the 90th percentile of ADI) only 
13.1% of census tracts were in category 5 of connectivity.

In Baltimore City, 45.0% of all census tracts were in category 
3 of connectivity with 401–600 of their households (per 1000  
households) having access to service of at least  10Mbps  
download and 1Mbps upload. In affluent neighborhoods of  
Baltimore City (those at the 10th percentile of ADI) connectivity  
was more homogenous with 100% of census tracts being in 
category 4 of connectivity with 601–800 of their households 
(per 1000 households) having access to services at least 10Mbps 
download and 1Mbps upload. In disadvantaged neighborhoods 
(those at the 90th percentile of ADI), 71.9% of census tracts 
were in category 2 of connectivity with only 201–400 of their 
households (per 1000 households) having access to services at 
least 10Mbps download and 1Mbps upload. The difference in 
internet connectivity subscriptions was statistically significant 
on a census tract comparison at the 10th percentile and 90th 
percentile of ADI (p < 0.001) in Maryland and Baltimore City. 
The census tracts in the middle risk category (those at the 11th 
to 89th percentile of ADI) in Maryland and Baltimore City had 
a relatively similar pattern of access to services to the census 
tracts at the 10th percentile of ADI.

We also assessed the correlation between ADI and resi-
dential fixed internet access service connection in Maryland 
and Baltimore City. We detected a high negative correlation 

Table 1   Residential Fixed 
Internet Access Service 
Connection in Maryland and 
Baltimore City by Different 
Categories of Area Deprivation 
Index*

ADI Area Deprivation Index, Mbps Megabits per second
* ADI: Area Deprivation Index – using national ranking for neighborhoods in Maryland and Baltimore City 
on a census tract level based on American Community Survey 2013–2017, 5-year estimate. Higher national 
rank represented more disadvantaged neighborhoods
a p-values comparing neighborhoods at 10th percentile and 90th percentile of ADI
b The number and percentage of residential fixed Internet access service connection (at least 10Mbps down-
load and 1Mbps upload) per 1,000 households by census tract. The rows with total numbers reflect the 
number of census tracts (out of all census tracts in Maryland and Baltimore City) with available data on 
service connection

All Census 
Tracts

At the 10th  
Percentile (Low 
Risk)

At the 11th-89th 
Percentile

At the 90th 
Percentile
(High Risk)

p-value
(Chi-square)a

State of Marylandb

Category 1 (0–200) 10 0.7% 0 0.0% 2 0.2% 8 13.1%  < 0.001
Category 2 (201–400) 92 6.6% 0 0.0% 64 5.6% 28 45.9%
Category 3 (401–600) 201 14.4% 2 1.1% 189 16.5% 10 16.4%
Category 4 (601–800) 365 26.2% 24 12.8% 334 29.1% 7 11.5%
Category 5 (801–1000) 726 52.1% 161 86.1% 557 48.6% 8 13.1%

Total 1397 187 1146 61
Baltimore Cityb

Category 1 (0–200) 2 1.0% 0 0.0% 0 0.0% 2 6.2%  < 0.001
Category 2 (201–400) 58 29.0% 0 0.0% 35 21.5% 23 71.9%
Category 3 (401–600) 90 45.0% 0 0.0% 84 51.5% 6 18.8%
Category 4 (601–800) 30 15.0% 5 100.0% 24 14.7% 1 3.1%
Category 5 (801–1000) 20 10.0% 0 0.0% 20 12.3% 0 0.0%

Total 200 5 163 32
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between ADI and internet connectivity. The correlation coef-
ficient was –0.7535 in Maryland and –0.6529 in Baltimore 
City. The correlation coefficients represented a decrease in 
internet connectivity by an increase in ADI’s national rank 
(more disadvantaged neighborhoods). Both correlation coef-
ficients were statistically significant (p < 0.001).

Community‑based social services

Social services density and diversity varied across Maryland 
and Baltimore City (Table 2). In general, most block groups 

in Maryland and Baltimore City lacked access to any social 
service facilities. For instance, 61.0% of block groups at the 
90th percentile of ADI in Maryland and 61.3% in Baltimore 
City did not have any social service facilities. But block 
groups at the 90th percentile of ADI had higher social ser-
vices density and diversity of services compared to block 
groups at the 10th percentile of ADI. For instance, 1.9% of 
block groups at the 90th percentile of ADI in Maryland had 
the highest service density (10 or more facilities) compared 
to only 0.2% of block groups at the 10th percentile of ADI. 
In Baltimore City, 2.3% of block groups at the 90th percentile 
of ADI had the highest service density compared to 0.0% of 

Table 2   Availability of 
Community-Based Social 
Services in Maryland and 
Baltimore City by Different 
Categories of Area Deprivation 
Index*

The rows with total numbers reflect the number of block groups (out of all block groups in Maryland and 
Baltimore City) with available data on social services facilities
ADI Area Deprivation Index
* ADI: Area Deprivation Index – using national ranking for neighborhoods in Maryland and Baltimore 
City on a block group level based on American Community Survey 2013–2017, 5-year estimate. Higher 
national rank represented more disadvantaged neighborhoods
a p-values comparing neighborhoods at 10th percentile and 90th percentile of ADI
b Number and percentage of social services facilities in the community using facility address per 1000 
households by block group and ADI in Maryland and Baltimore City
c Number and percentage of different types of social services (e.g., housing, food, transportation) provided 
by all facilities in each neighborhood per 1000 households by block group and ADI in Maryland and Balti-
more City

All Block Groups At the 10th Per-
centile
(Low Risk)

At the 11th-89th 
Percentile

At the 90th  
Percentile
(High Risk)

p-value
(Chi-square)a

State of Maryland
Social Services Density per 1000 Residentsb

0 2545 65.2% 389 68.5% 1998 64.8% 158 61.0%  < 0.001
1—4 1282 32.9% 174 30.6% 1023 33.2% 86 33.2%
5—9 63 1.6% 3 0.6% 49 1.7% 10 3.9%
 >  = 10 11 0.3% 1 0.2% 5 0.2% 5 1.9%

Social Services Diversity per 1000 Residentsc

0 2545 65.2% 389 68.0% 1998 65.0% 158 61.0%  < 0.001
1—4 894 22.9% 141 25.0% 710 23.1% 43 16.6%
5—9 247 6.3% 19 3.4% 202 6.6% 26 10.0%
10—19 137 3.5% 14 2.5% 108 3.5% 15 5.8%
 >  = 20 78 2.0% 4 0.8% 57 1.9% 17 6.6%

Total 3901 576 3075 259
Baltimore City
Social Services Density per 1000 Residentsb

0 409 63.0% 14 82.3% 314 62.8% 81 61.3% 0.035
1—4 218 33.6% 3 17.6% 174 34.8% 41 31.1%
5—9 17 2.6% 0 0% 10 2.0% 7 5.3%
 >  = 10 5 0.8% 0 0% 2 0.4% 3 2.3%

Social Services Diversity per 1000 Residentsc

0 409 63.0% 14 82.3% 314 62.8% 81 61.3% 0.338
1—4 105 16.2% 2 11.8% 88 17.6% 15 11.4%
5—9 73 11.2% 0 0% 56 11.2% 17 12.9%
10—19 34 5.2% 1 5.9% 24 4.8% 9 6.8%
 >  = 20 28 4.3% 0 0% 18 3.6% 10 7.6%

Total 649 17 500 132
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block groups at the 10th percentile of ADI. In terms of social 
services diversity, among block groups at the 90th percentile 
of ADI, only 6.6% in Maryland and 7.6% in Baltimore City 
had high service diversity (20 or more services).

Table  3 presents the number of online searches for 
community-based social services by consumer seekers 
(individuals searching for social services) and workers 

(healthcare workers searching for social services) in each 
zip code. Overall, more individuals and healthcare workers 
searched for social services in Baltimore City compared 
to other areas in Maryland. For instance, only 7.1% of ZIP 
codes in Maryland had 20 or more individuals searching for 
social services while in Baltimore City 19.4% of ZIP codes 
had 20 or more individuals searching for those services. 

Table 3   Number of Online 
Searches (Per ZIP Code) for 
Community-Based Social 
Services per 1000 Residents by 
Different Categories of Area 
Deprivation Index in Maryland 
and Baltimore City*

The rows with total numbers reflect the number of ZIP codes (out of all ZIP codes in Maryland and Balti-
more City) with available data on the number of online searches by consumer seekers and healthcare work-
ers
ADI Area Deprivation Index
* ADI: Area Deprivation Index – using national ranking for neighborhoods in Maryland and Baltimore City 
on a zip code level based on American Community Survey 2013–2017, 5-year estimate. Higher national 
rank represented more disadvantaged neighborhoods
a p-values comparing neighborhoods at 10th percentile and 90th percentile of ADI. The p-values are not 
available in Baltimore City due to frequent cells with 0 value
b Number of individuals searching for social services in each zip code
c Number of healthcare workers searching for social services in each zip code

Online 
Searches
(per 1,000 
residents)

All ZIP Codes 
(N,%)

At the 10th  
Percentile 
(N,%)
(Low Risk)

At the 11th-89th 
Percentile (N,%)

At the 90th  
Percentile (N,%)
(High Risk)

p-value
(Chi-square)a

State of Maryland
Consumer Seekersb

0 158 33.8% 8 16.0% 53 15.2% 26 37.1%  < 0.001
1 – 5 193 41.2% 30 60.0% 145 41.7% 18 25.7%
6 – 10 91 19.4% 9 18.0% 73 21.0% 9 12.9%
11 – 20 64 13.7% 2 4.0% 53 15.2% 9 12.9%
 > 20 33 7.1% 1 2.0% 24 6.9% 8 11.4%

Total 539 50 348 70
Healthcare Workers as Agentsc

0 299 63.9% 35 70.0% 212 60.9% 52 74.3% 0.048
1 96 20.5% 10 20.0% 83 23.9% 3 4.3%
2 21 4.5% 1 2.0% 19 5.5% 1 1.4%
3 15 3.2% 1 2.0% 11 3.2% 3 4.3%
 > 3 37 7.9% 3 6.0% 23 6.6% 11 15.7%

Total 468 50 348 70
Baltimore City
Consumer Seekersb

0 2 6.5% 0 0.0% 1 4.8% 1 10.0% NA
1—5 0 0.0% 0 0.0% 0 0.0% 0 0.0%
6—10 9 29.0% 0 0.0% 9 42.9% 0 0.0%
11—20 14 45.2% 0 0.0% 6 28.6% 6 60.0%
 > 20 6 19.4% 0 0.0% 3 14.3% 3 30.0%

Total 31 0 19 10
Healthcare Workers as Agentsc

0 2 6.5% 0 0.0% 1 4.8% 1 10.0% NA
1 11 35.5% 0 0.0% 9 42.9% 2 20.0%
2 3 9.7% 0 0.0% 3 14.3% 0 0.0%
3 4 12.9% 0 0.0% 3 14.3% 1 10.0%
 > 3 11 35.5% 0 0.0% 5 23.8% 6 60.0%

Total 31 0 21 10
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For ZIP codes at 90th percentile of ADI across Maryland, 
only 11.4% of those ZIP codes had 20 or more individuals  
searching for social services; however, in Baltimore City 30%  
of those ZIP codes had 20 or more individuals searching for  
those services.

Table  4 presents the results of the GEE model. We 
assessed different factors impacting the number of searches 
for social services by individuals (seekers). After adjusting  
for other variables, a one-percentile increase in ADI  
(going from a less disadvantaged neighborhood to a more 
disadvantaged one) resulted in a 1.7 increase in the number 
of individuals seeking social services (p-value = 0.015). 
Also, a 1-unit increase in the social services density in 
each ZIP code resulted in an 8.9 increase in the number 
of individuals seeking those services (p-value < 0.001). 
Lastly, a 1-unit increase in the number of households with 
residential fixed internet access connection resulted in a 
5.7 decrease in the number of individuals seeking those 
services but the association was not statistically significant 
(p-value = 0.789).

Spatial analysis

Figure  1 presents residential fixed internet access  
service connections per 1000 households by census 
tract in Baltimore City. The distribution of connectivity  
followed a similar pattern as ADI with neighborhoods 
in east and west Baltimore (neighborhoods at the 90th 
percentile of ADI) experiencing less connectivity  
and those in the downtown area and north Baltimore 
(neighborhoods at the 10th percentile of ADI) expressing  
more connectivity. Mapping of social services density 
and diversity in Baltimore City (Fig.  2) presented a 
concentration of services mostly in the Baltimore City 
downtown area. See Supplement Figs. 2 and 3 for similar 
maps for Maryland.

Discussion

Overall findings

The Healthy People 2020 report has set several objectives 
for Health Communication and Health Information Technol-
ogy [21]. Among those objectives were “to increase the pro-
portion of individuals with access to the internet to 75.4%, 
a 10% improvement over the percentage observed in 2007 
(68.5%)” and “to increase the proportion of persons who use 
the Internet to keep track of personal health information to 
15.7%, a 10% improvement over the percentage observed in 
2007 (14.3%)” [21].

Despite some improvements in health information tech-
nology, a growing body of evidence has revealed an underly-
ing digital divide that impacts health access and outcomes. 
Besides, evidence has shown disparities in using eHealth 
information through the Internet or the availability of patient 
portals through healthcare systems [22]. We detected place-
based disparities in internet access. In our study, the internet 
access was statistically significantly correlated with ADI. 
Indeed, comparing advantaged neighborhoods to disadvan-
taged ones showed that internet access decreased by increas-
ing ADI’s percentile (e.g., national ranks). Affluent neigh-
borhoods in Maryland and Baltimore City presented higher 
levels of connectivity for the majority of their households 
while in the disadvantaged neighborhoods fewer households 
had internet access.

FCC defines broadband connectivity as “service at a 
minimum of 25Mbps download and 3Mbps upload” [23]. 
We did not use data on broadband connectivity. Instead, 
we used the data on internet subscriptions, defined as the 
number of residential fixed Internet access service connec-
tions per 1,000 households for “service at least 10Mbps 
download and 1Mbps upload” [15]. The reason was that 
firstly data on broadband connectivity are not available 
at the geographically granular level (e.g., census tract) 
due to market competition concerns from internet service 
providers. If data become available at a geographically 
granular level (e.g., census tract or block group level) for 
25/3Mbps, using 25/3Mbps plus 10/1Mbps data would be 
ideal to present the gravity of the digital divide. Secondly, 
looking at the 10/1Mbps is useful in revealing places 
where even lower speed internet connectivity is unavail-
able. Just looking at the subscription to 25/3Mbps would 
fail to reveal the immense disparities that currently exist.

Moreover, the estimates for internet subscriptions at 
the 10Mbps levels are more accurate since they are mar-
ket-level data about the number of actual connections 
being subscribed by households in a region. Broadband 
access data is prone to overestimation because a provider 
that reports deployment of a particular technology and 

Table 4   GEE Model Assessing Factors Affecting Seeking for Social 
Services in Maryland*

R-squared for GEE model fitness was 0.500, presenting the  propor-
tion of variation explained by the model
ADI Area Deprivation Index, CI Confidence Interval, GEE General-
ized Estimating Equation
* The model is adjusted for the population size of each ZIP code
a The number of residential fixed Internet access service connections 
per 1,000 households by census tract

Variables Coefficient 95% CI p-value

ADI (national rank) 1.7 0.3, 3.0 0.015
Residential Fixed Internet 

Access Service Connectiona
–5.7 –47.9, 36.4 0.789

Social Services Density 8.9 4.7, 13.2  < 0.001

Page 7 of 14    94Journal of Medical Systems (2021) 45: 94



1 3

bandwidth in a geographic area may not necessarily offer 
that service everywhere in that area, but since the unit of 
data is at a geographic level the whole area may be arti-
ficially seen as having access to the broadband service. 
Also, there is a level of subjectivity to the actual avail-
ability of access since in the mandated reporting in FCC 
Form-477 a service provider can report geographic areas 
in which they potentially can offer service in addition to 
where they do provide the service, which can lead to over-
estimation of broadband access. Therefore, the internet 
subscription at 10Mbps is more accurate in terms of what 
is available at homes in an area.

One place where broadband access data is useful given 
its susceptibility for overestimate is its specificity: where 
access is not reported, it is highly probable that the broad-
band access does not exist. Therefore, while internet sub-
scriptions (10Mbps) can be used to characterize the digi-
tal divide from the perspective of availability, the highly 
specific broadband access can be used to characterize very 
accurately where broadband is not available. Combining 
all of the data elements (subscription at 10Mbps, access at 
25/3Mbps, and access at different levels) is very useful in 
looking at and understanding the digital divide from mul-
tiple vantage points to give a clearer picture of the lived 
experience of communities.

We used data on fixed internet access (i.e., the internet 
connection using radio waves to provide a location with 
broadband internet access instead of using cables or a sat-
ellite connection [24]) and did not include data on mobile 
connectivity (i.e., a communication network where the last 
link is wireless [25]). While about 1-in-five adult Ameri-
cans currently rely on smartphones for online access instead 
of a home fixed broadband connection and the reliance on 
smartphones and mobile connections is especially com-
mon among younger adults, non-whites, and lower-income 
Americans [5]. The types of applications that can be uti-
lized over a fixed broadband connection are very different 
than applications that can be utilized over a mobile connec-
tion with data-limit considerations. For evaluating the digi-
tal divide, if a mobile connection is considered equivalent 
to fixed broadband then it would serve to hide disparities. 
Data-intensive health applications (e.g. downloading per-
sonal health records, multimedia for telehealth purposes, and 
other connected health activities that are a data sink) are not 
as easily and frequently accessible to those with mobile-only 
connections. In characterizing the connectivity environment 
in the US and in the recommendations to distinguish fixed 
from mobile connectivity FCC has recognized the critical 
need of each type of connectivity (fixed and mobile) but has 
also acknowledged the key differences in their capabilities 
and consumer behaviors [2].

While fixed and mobile connections can both be  
independently evaluated as different dimensions of a digital  

divide, combining them both will lead to an artificial  
narrowing of the digital divide and a more optimistic picture 
than is warranted. The fact that vulnerable populations tend 
to make up a disproportionate portion of the "mobile-only" 
population [5] illustrates the width of the digital divide in 
that there are limitations on the resources that “mobile-
only” consumers can access that are otherwise available 
to people with fixed connection access. The services that  
can be accessed through a fixed connection are not the  
same as that can be accessed through a mobile connection, 
particularly for low-income communities that rely on severe 
data restricted lifeline-program subsidized mobile phones. 
Additionally, there is no standard for “mobile broadband”, 
and making a comparison or inclusion with fixed broadband 
is not advisable since speed rates would be quite different.

Comparing with past studies

Greenberg-Worisek et al. [11] used the National Cancer 
Institute’s (NCI) Health Information National Trends Sur-
vey (HINTS) to assess progress toward Healthy People 2020 
goals on internet access using broadband. They presented 
an increase in the number of users having broadband access 
between 2003 and 2011 (from 32.83% to 77.87%), but the 
access has declined since then (55.93% in 2017). They also 
identified statistically significant disparities for broadband 
access with older adults, women, those with low income, and 
residents of rural areas having less access [11]. Our results 
were similar to Greenberg-Worisek et al. study [11] in terms 
of place-based disparities in access to the internet.

Other studies have assessed disparities in using eHealth 
technology and the impact of broadband access on health. 
For instance, a study at the University of New Mexico 
explored the use of eHealth cancer prevention information 
among patients and caregivers attending a minority-serving 
oncology clinic. Less than half of their respondents (44.4%) 
identified eHealth information as their major source of infor-
mation for cancer prevention. Older adults, those with lower 
education, and Spanish speaking patients were less likely to 
use eHealth [26]. Woods et al. [22], assessed whether having 
broadband at home would affect the short-term and long-
term use of the patient portal and identified patients using 
high-speed broadband at home having significantly higher 
patient portal usage. While the relationship might not be 
causal and a long list of mediators might have affected this 
effect it presented an association between broadband access 
and patient portal usage.

Digital divide as a super‑determinant of health

The impact of digital divide goes beyond access to health 
information and communications with the healthcare pro-
viders. Qualitative work has shown that disrupted access 
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to information and communications technologies also dis-
rupted access to social services and social support [27]. We 
did not have access to the data on the use of eHealth technol-
ogy. Instead, we assessed how internet access would impact 
searching for community-based social services while con-
sidering the place-based disparities represented by the ADI. 
We first assessed the distribution of community-based social 
services and service diversity in Maryland and Baltimore 
City. While neighborhoods at the 90th percentile of ADI 
presented a slight increase in the social services density and 
diversity comparing to the neighborhoods at the 10th percen-
tile of ADI, the majority of disadvantaged neighborhoods 

in Maryland and Baltimore City lacked access to those 
facilities.

Mapping the social services density and diversity in 
Maryland (see Supplement Fig.  3) and Baltimore City 
(Fig. 2) also presented the same results. The overlaying maps 
(Figs. 1 and 2) provided a visual aid to assess the distribution 
of internet access and community-based social services in 
relation to the socioeconomic status of a neighborhoods rep-
resented by ADI. The side by side comparison of maps for 
internet access and community-based social services helped 
us to identify disadvantaged neighborhoods where lack of 
internet access and social services added to the challenges 

Fig. 1   Overlaying Maps of Residential Fixed Internet Access Service Connection per 1000 Households by Census Tract and ADI in Baltimore 
City
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the neighborhood had to face. For instance, in Baltimore 
City, most of the social service facilities were in the center 
of the city while disadvantaged neighborhoods in east and 
west Baltimore lacked access to those services and had fewer 
households with internet access to search for such services 
in other neighborhoods.

Our findings revealed a higher demand for social services 
in disadvantaged neighborhoods; however, the demand for 
social services was potentially higher than what we identi-
fied in those neighborhoods. The digital divide and lack of 
internet access (to search for social services) in disadvan-
taged neighborhoods might have masked the actual demand 
for such services. Moreover, the lack of social services in the 
majority of disadvantaged neighborhoods in Maryland and 
Baltimore City might have resulted in an underrepresenta-
tion of the actual demand in those neighborhoods. In other 
words, when in need of a service people would search less 
for those services due to unavailability of such service in 
their neighborhood.

We assessed factors affecting the number of seekers of 
social services in Maryland in a GEE model. We did not per-
form the model for Baltimore City due to the small sample 
size across 25 unique ZIP codes with available data in Balti-
more City. The model confirmed the results of the univariate 
analysis with disadvantaged neighborhoods (higher ADI) 
showing an increase in the number of searches for social 
services. Also, the increase in the social services density 
showed an increase in the number of searches. An increase 
in the number of households with internet access presented a 
decrease in the number of individuals seeking social services 
but the association was not statistically significant. Since 
we detected a highly negative correlation between ADI and 

internet access (increase in ADI correlated with lower inter-
net access) such correlation might play a role in the impact 
of internet access on the number of individuals seeking ser-
vices. In other words, the increase in the number of house-
holds with internet access was a sign of a neighborhood’s 
relative wealth; hence, individuals in those neighborhoods 
sought fewer social services.

The disparities in internet/eHealth access among resi-
dents of disadvantaged neighborhoods (i.e., high ADI 
percentiles) can also affect population health management 
efforts of healthcare providers [28]. This is stemmed from 
the fact that healthcare providers often face challenges with 
finding accessible data sources/platforms to identify high-
risk patients and linking them to appropriate social services 
[29–31]. Given the increased adoption and maturation of 
EHRs and patient portals among healthcare providers [32, 
33], health systems are increasingly using EHR-derived 
data to improve the management of their patient popula-
tions (e.g., risk stratification, care coordination) [34–39]. 
However, the lack of access to internet and eHealth tools 
such as patient portals among individuals residing in disad-
vantaged neighborhoods may lead to health systems having 
incomplete data on such patients hence creating potential 
disparities in identifying high-risk patients residing in such 
neighborhoods. Nevertheless, despite efforts in identifying 
social needs using EHRs [40–44], utilizing such informa-
tion for managing risk is still uncommon in clinical practice 
[31, 44]. Furthermore, in a broader context of population 
health, the lack of access to the internet, eHealth technolo-
gies, and the absence of social services in disadvantaged 
neighborhoods may limit public health departments to fully 
address the social needs of high-risk populations [45–47]. 

Fig. 2   Overlaying Maps of Community-Based Social Services per 
1000 Residents by Block Group and ADI in Baltimore City. Top: 
social services density in the community using the facility address; 

Bottom: social services diversity (e.g., housing, food, transportation) 
provided by all facilities in each block group
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Calling digital divide a "super-determinant of health" shows 
its impact on the health of individuals and populations as 
without internet access a number of health and social ser-
vices would be inaccessible to those in need.

Public health implications

Our study confirmed the findings of similar studies present-
ing the digital divide and its association with access to avail-
able community-based social services. Such findings would 
help policymakers to implement programs addressing the 
divide. For instance, a study in New York City by the city 
comptroller’s office in 2015 identified about 813,000 house-
holds (~26% of city population) lacking broadband access 
at home, from whom 510,000 (~62.7%) also did not have 
access to personal computers. The majority of those with 
a lack of broadband access were African Americans and 
Hispanics with less than a high school education [48]. Such 
lack of access would limit individuals’ abilities to identify 
available social services in their neighborhoods. To address 
this issue, New York City launched LinkNYC in 2016 [49], 
an initiative to bring free internet to the entire city. Soon 
after, the city added Aunt Bertha [17] – an app to search for 
social safety-net services – to the initiative. The initiative 
aimed to empower vulnerable communities of New York 
City to search for social services available in the city [49]. A 
similar initiative would help other disadvantaged neighbor-
hoods to get connected to community-based social services 
[45–47]. To fully address this issue social service organiza-
tions also need to become aware of how technology affects 
vulnerable populations and to develop solutions to address 
the digital divide. The training of social workers in techno-
logical intervention with client populations would help to 
equip them with new tools to access vulnerable populations 
and to empower them.

Limitations

Our study had several limitations. We did not have access 
to individual-level data on health outcomes or utilization of 
eHealth technology. The three major variables of ADI, inter-
net access, and access to social services organizations were 
available at different geographic levels. For instance data 
on seeker and healthcare worker’s search for social services 
were reported at ZIP code level. Therefore, the number of 
searches by a few patients or providers were attributed to the 
whole ZIP code. In our analysis, we reported each variable 
at the most geographically granular level (block group for 
ADI and social services, and census tract for internet access) 
so that the differences in the distribution of each variable 
would be visible among small geographic areas. Having 
access to data at different geographic levels for the three 
major variables limited our univariate analysis to higher 

geographic levels for each pair of datasets (Tables 1, 2 and 
3). For instance, data on the number of searches by seekers 
and healthcare workers were available at a ZIP code level. 
Thus, we reported the number of searches for each ADI cat-
egory on a ZIP code level. ZIP codes are large geographic 
areas enclosing several neighborhoods with different levels 
of socioeconomic challenges; hence, reporting the univari-
ate results at a ZIP code level potentially masked some of 
the differences among smaller geographic areas in each ZIP 
code. Our GEE model was also at a ZIP code level and the 
same limitations would apply to our findings of the modeling 
analysis.

Furthermore, we only had access to data on available 
social services and search history through Aunt Bertha's 
platform. The platform is widely utilized by consumers and 
healthcare workers. The company has contracts with health-
care providers in Maryland. But the use of their platform 
in the healthcare setting is not limited to those contracted 
institutions. Their platform is publicly available and health-
care workers similar to individual seekers have access to 
the searching function of the platform. Nevertheless, Aunt 
Bertha is not the only available social service platform. Our 
results might have underrepresented the search history due 
to lack of information on other available platforms. Moreo-
ver, the Aunt Bertha platform contains a very wide range 
of social services in each neighborhood but the list is not 
exhaustive. Therefore, the dataset might have underrepre-
sented the available social services.

Conclusions and public health implications

Despite the limitations of this study, we had access to a 
robust composite measure (i.e., ADI) presenting different 
socioeconomic characteristics of neighborhoods in Mary-
land and Baltimore City. The FCC data provided the market-
level information about the number of actual connections 
being subscribed by households in a region, hence over-
coming the limited number of participants responding to 
internet access surveys of past studies [11]. Using data on 
fixed internet access rather than broadband and/ or cellphone 
access as were reported in past studies [22, 26] helped us to 
reveal the immense disparities that currently exist in relation 
to connectivity and access to eHealth technology. Our study 
also provided an example of how to make use of FCC data, 
a less utilized data source in studies addressing the digital 
divide and its impact on health, linked to other data sources 
on SDOH and available community based social services 
and can be a model for future studies in this domain.

While our study was limited to Maryland and Balti-
more City using available national data on socioeconomic 
characteristics of neighborhoods (i.e., ADI), FCC data on 
fixed internet access, and Aunt Bertha’s data on access to 
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community-based social services will provide the oppor-
tunity to replicate this assessment beyond Maryland and 
in other states at the neighborhood and regional level. The 
current COVID-19 pandemic and expanded services to 
address the pandemic such as the Emergency Broadband 
Benefit [50], an FCC program helping families and house-
holds struggling to afford internet service to get connected 
to jobs, critical healthcare services, and virtual classrooms, 
will provide other data sources for a more comprehensive 
assessment.

Future studies should assess the impact of the digital 
divide on the utilization of eHealth technology and its ulti-
mate impact on health outcomes and healthcare utilization. 
Such an assessment would help to properly address the 
growing role of internet access in connecting patients to 
the care continuum. The current COVID-19 outbreak and 
the unprecedented shift to telehealth services remind us of 
the growing role of internet connectivity in the health of 
individuals and populations. The pandemic has revealed 
the urgency of considering internet access as an SDOH or 
a “super-determinant of health”. The policymakers must 
propose policies to address the digital divide, in addition 
to other SDOH challenges, in disadvantaged communities 
experiencing the divide and other SDOH challenges.
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