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ABSTRACT
It is well documented that, in the United States (U.S.), the availability
of Internet access is related to several demographic attributes. Data
collected through end user network diagnostic tools, such as the one
provided by the Measurement Lab (M-Lab) Speed Test, allows the
extension of prior work by exploring the relationship between the
quality, as opposed to only the availability, of Internet access and
demographic attributes of users of the platform. In this study, we
use network measurements collected from the users of Speed Test
by M-Lab and demographic data to characterize the relationship
between the quality-of-service (QoS) metric download speed, and
various critical demographic attributes, such as income, education
level, and poverty. For brevity, we limit our focus to the state of
California. For users of the M-Lab Speed Test, our study has the
following key takeaways: (1) geographic type (urban/rural) and
income level in an area have the most significant relationship to
download speed; (2) average download speed in rural areas is 2.5
times lower than urban areas; (3) the COVID-19 pandemic had
a varied impact on download speeds for different demographic
attributes; and (4) the U.S. Federal Communication Commission’s
(FCC’s) broadband speed data significantly over-represents the
download speed for rural and low-income communities compared
to what is recorded through Speed Test.
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1 INTRODUCTION
The term “digital inequality" refers to the gap in Internet access
that exists across different geographic areas and demographic vari-
ables [5]. Access to the Internet is known to impact multiple facets
of human life, including economic [6], education [18], health [11],
and, more recently, the ability to self-isolate to prevent spread of
COVID-19 [17]. The majority of prior work on digital inequality
across the U.S. has focused primarily on the availability of Inter-
net access within a region. However, we argue that the quality of
the Internet access is equally important. While the ability of an
Internet connection to support advanced and bandwidth-intensive
applications, such as video, has always been important, it has never
been more so than in the post-COVID-19 world. The availability of
quality Internet access now directly impacts remote learning out-
comes, the ability to work at home, and the ability to use telehealth,
among others [7, 8, 10, 20].

Internet access quality has received less attention than availabil-
ity in part due to the dearth of reliable and granular data related
to Internet quality [49]. The Federal Communications Commission
(FCC), through Form 477, documents Internet coverage and maxi-
mum theoretical available download speed across the country. This
documentation is done using information received from Internet
service providers at the geographic granularity of the census block.
The inaccuracy of this data in terms of overestimating coverage,
especially in rural areas, is well documented [16, 51]. To improve
access and quality of Internet, large financial investments have been
made by the federal government [13], but given the underlying data
used to guide these efforts is rife with errors, such investment runs
the risk of being completely misdirected.

As an alternative to the FCC data source, within the past few
years multiple for-profit and nonprofit programs such as Mea-
surement Lab (M-Lab), SamKnows and Ookla have undertaken
the complex task of analyzing Internet access and performance
through crowdsourced measurements. For instance, Speed Test by
M-Lab [35] collects Internet quality of service (QoS) metrics such
as download speed, round-trip time (RTT) and packet loss rate
when an user initiates a test. Google also collaborates with M-Lab
and allows its users to conduct network diagnostic tests [25] using
M-Lab provided infrastructure. With the aid of these measurements
collected by M-Lab, it becomes feasible to dive into the problem
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space of determining the factors that affect the quality of Internet
access across different demographics and geographical locations
amongst different users who take the test. It is this topic that our
work addresses.

In this paper, we combine crowdsourced measurements from
M-Lab with recent demographic data from the Economic and Social
Research Institute (ESRI) to characterize the effect of demographic
attributes on the quality of Internet connectivity. We conduct mul-
tiple statistical and geographical aggregations of these datasets
to overcome limitations imposed by crowdsourced measurements.
We attempt to identify the relationship that exists between an im-
portant quality of service metric, download speed, and land and
demographic factors such as type of area (rural/urban), income,
education and population. In addition, as COVID-19 imposed lock-
downs have significantly modified our online footprint, we explore
how Internet quality changed across different demographic vari-
ables during this period. Finally, we use our analysis to highlight the
amount of inaccuracy that exists in FCC data, particularly in rural
and lower income areas in comparison to what is recorded through
the Speed Test. We conduct this analysis for the state of California
but our methodology can be extended to cover any geographical
region. In summary, our paper reveals the following key factors
that affect Internet quality through download speed collected from
M-Lab Speed Test users:

(1) Income has the strongest correlation with download speed,
followed by type of area.

(2) While rural areas record low download speeds compared to
urban areas, performance gaps also exist between income
groups within urban regions.

(3) The change in Internet usage patterns due to COVID-19
lockdowns coincided with a decrease in download speeds
across the board, with previously high performing areas
demonstrating the greatest decreases.

(4) The FCC Broadband Report highly overestimates download
speed in rural and lower income group regions, more so than
in urban and wealthier areas.

2 DESCRIPTION OF THE MEASUREMENT
DATA

We begin our study by combining publicly available Internet QoS
data from the Speed Test by M-Lab [37] with ESRI demographic
data [27]. In the following section, we describe these datasets in
more detail.

2.1 M-Lab Speed Test Data
M-Lab is an open-source project whose mission includes providing
consumers and researchers with free information about Internet
performance [36]. It has a distributed architecture with over 500
well-provisioned servers to conduct free performance measurement
tests. Clients can use various tools, such as the Network Diagnostic
Tool (NDT) and WeHe, to measure different aspects of Internet
connectivity and quality.

Amongst their active measurement tests, we select data from
NDT because it measures the performance of a TCP connection
and provides summary data that includes our metric of interest:
download speed. Measurement tests are conducted when a client

Technology Total Total Unique
Measurements IP Addresses

All 8,666,013 1,133,282
Fixed 8,425,723 1,096,349

Wireless 240,290 36,933

Table: a. Access Technologies

Geographic Area CA M-Lab > 10 IPs
# of Blocks 710,145 1,446 984

# of Block Groups 23,212 1,406 973
# of Tracts 8,057 1,302 937

# of Zip codes 1,769 1,158 844

Table: b. Geographic Areas

Table 1: Breakdown of M-Lab Data.

initiates the measurement voluntarily, either from a web app or
a browser. Once the test is initiated, the M-Lab server-selection
algorithm chooses a server geographically closest to the client
unless otherwise selected by the client or prohibited by factors
such as network capacity and load condition of the server [32–
34]. The test consists of bulk exchange of data between the client
and server, as defined in IETF RFC 3148 [53]. During this single
TCP connection test, a variety of information is recorded, including
client and server IP addresses, download speed, upload speed, round
trip time and packet loss rate. The collected data is publicly available
for use [22].

To characterize the quality of Internet access for users of Speed
Test by M-Lab in California, we analyze M-Lab NDT data collected
in the state between 01-01-2020 and 04-30-2020. We focus our analy-
sis on download speed—an important QoSmetric. To geographically
locate clients, we use a popular IP geolocation service, IPinfo [31],
to obtain the location coordinates of recorded client IP addresses
and information about the client’s Internet service provider (ISP).
Because performance in fixed networks (e.g., maximum download
speed) varies from wireless networks, we separate measurement
samples by access technology (fixed and wireless) to enable a fair
comparison. We use the client’s ISP information to separate these
measurement types.

Table 1(a) displays the number of measurement samples and
unique IP addresses present in our M-Lab dataset by type of access.
The wireless measurements form only 3% of the measurement to-
tal. Geographic areas, as shown in table 1, can be represented by
regions of varying sizes. For example, a census block is the smallest
geographic area for which the Census Bureau collects and tabulates
census related information [24]. On average, a group of 39 census
blocks form a census block group [23] and contains between 600
and 3000 people. It is also the smallest geographic unit for which
the Census Bureau publishes sample data [41]. A census tract is
formed with at least one census block group [41] and contain a
population size between 1200 and 8000 people. A zip code is a U.S.
Postal Service designated area. While a zip code contains an arbi-
trary numbers of census block groups [40], it is not considered a
census unit. The shape file for each geographic area is obtained
from the resources provided by the Census Bureau [1]. We map the
location of the data points in each of these geographic areas within
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Figure 1: Location of Unique IP addresses in the M-Lab California Data.

California (CA). Table 1(b) presents the total number of each geo-
graphic area present within the state of CA and the M-Lab dataset.
To reduce bias in the dataset, we omit areas from which we have
less than ten measurement end points. To eliminate anomalous data
points, we discard measurement values that lie in the top five and
bottom five percentiles of each geographic area. We then aggregate
the raw samples based on the median speed value recorded within
that area. Figure 1 shows the location of the IP addresses present
in our California dataset.

The M-Lab dataset measurements can be impacted by the mea-
surement server characteristics such as location and load conditions.
There are 152 total measurement servers worldwide, with 82within
the U.S. in our dataset. Among the ones in the U.S., 11 are within
California. To account for the impact of distance between clients
and servers in ourM-Lab dataset, we use the Haversine formula [29]
to calculate the great circle distance between the client and server
location for each test. Figure 2 plots the download speed for each
client-server distance in our dataset. We observe that measurement
tests to servers outside of the U.S. (“World (non-U.S.)") almost al-
ways recorded lower download speeds (see Figure 2(b)). Thus, we
ignore them for our analysis. In contrast, using measurements to
servers in the U.S. (outside CA) has a marginal impact on the down-
load speed. Thus, we consider all measurement tests to U.S.-based
servers for our analysis.

2.2 Demographic Data from ESRI
ESRI is a We utilize the demography data provided by ESRI’s Up-
dated Demographics [42]. ESRI curates this yearly demographic
dataset using multiple sources that provide current-year estimates
and 5-year projections of various demographic attributes. This is
the most recent demography data available that is known to have
high accuracy [28]. Using [21], we obtain the demographic variables
in different geographic areas within California. For our analysis,
we choose four demographic attributes: median household income,
population, education, and poverty rate. We divide the category
of education into three subcategories: proportion of population in
an area without a high school degree (no HS), with a high school
degree (HS) and with a bachelors degree (Bachelors). We also in-
clude type of area (urban/rural). Prior work [6, 18, 51] has shown
that these attributes affect Internet access availability. In contrast,
our goal is to explore whether these attributes affect the quality of
Internet access among users of Speed Test by M-Lab.

While the ESRI data represents the most recent and granular
demographic attribute data available, it is sparse at the granularity
of census blocks. For example, over 25% of all blocks in California
do not have a corresponding median income value in this dataset.
On the other hand, at the granularity of census block group, the
dataset covers all locations. This fact, coupled with sparse M-Lab
data at the block level, guides us to conduct our analysis at the
granularity of the census block group. Fortunately, in 2015, the FCC
classified every census block group as either urban or rural [2]. We
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(a) Servers located in the U.S. (b) Servers located in the non-U.S. portion of the world

Figure 2: Download Speed of Measurements for Different Server Locations.

use this data source to classify the census block groups present
in our dataset. The summary statistics of the download speed and
demographic attributes, at the granularity of census block group,
are presented in Table 2.

2.3 Critique
Our data and method of aggregation has several caveats and limita-
tions. First, the potential shortcomings of crowdsourced Internet
measurements using tools such as NDT are well known [43, 46].
These crowdsourced measurements may bias the performance tests
such that the observed distribution deviates from the true underly-
ing distribution of the metrics for the population of interest. Fur-
thermore, our approach of using IP address geolocation to obtain
the physical location of the IP addresses is also prone to inaccura-
cies [48]. Finally, the measurements obtained from the NDT test
are not uniformly distributed across all geographic areas in Califor-
nia. As such, we are unable to get a balanced number of samples
across all types of locations, such as urban and rural areas, as well
as demographic attributes such as income, education and poverty
level across the state.

3 IMPACT OF DEMOGRAPHIC ATTRIBUTES
ON INTERNET QUALITY

We begin by exploring the correlation between download speed
with the selected demographic attributes at the granularity of the
census block group. Based on our results, we then focus our analysis
on area type and median income to determine their relationship to
download speed.

3.1 Correlation between Download Speed and
Demographic Attributes

We use the Pearson Correlation Coefficient (PCC) [38] as it is suit-
able to capture any relationship that might exist between demo-
graphic attributes and download speed. Table 3 shows the PCC
metric, expressed in percentage, between the download speed and
each of our chosen demographic attributes. We compute this met-
ric separately for wired and wireless access types. Wired network
samples show a higher degree of correlation with the demographic
attributes compared to the wireless network samples. In particular,

the median income is the most highly correlated with download speed:
growth in median income leads to an increase in the download
speed. We observe a similar trend in Bachelors-level education and
the overall population of the census block group. On the other
hand, we observe a negative correlation between the download
speed and the proportion of the block group population without
or up to a high school degree. Similarly, download speed is also
observed to be negatively correlated with the census block group’s
poverty rate. For area, we encode urban block groups as 0, rural
block groups as 1, and perform special point-biserial correlation
(equivalent to Pearson Correlation) [39] with download speed. This
results in a negative correlation of download speed with rural areas.
We observe that a census block group’s population has the lowest
correlation with download speed compared to other demographic
attributes.

Compared to wired samples, we do not observe similar trends
for the wireless measurements. This is likely attributable to the
fact that, unlike in fixed networks where one can improve the
download speed by opting for amore expensive subscription, higher
subscription fees impact data volume instead of speed in wireless
networks. Also, our dataset has many fewer samples for the wireless
network. Thus, we focus on the wired network’s measurement data
for the remainder of our analysis.

Table 3 indicates that other than area type and income, the re-
mainder of the attributes correlate poorly with download speed.
This is due to the relative imbalance of block groups that fall within
each demographic variable’s categories. For example, only 8% of
block groups have a poverty level of 25% or more. Given that the
area type and median income have the strongest relationship with
download speed, we more deeply analyze the relationship of differ-
ent categories within these factors to download speed.
3.1.1 Effect of Area Type. Table 3 indicates the strong relation-
ship between area type and download speed. There are 206 and
767 rural and urban census block groups in our data set, respec-
tively. Figure 3(a) shows the cumulative distribution function of
download speed in each of these block group categories. We note
the significant difference that exists between download speed in
rural areas versus urban. The average download speed recorded
in rural block groups is 17.94 Mbps. This is well below the FCC
definition of download broadband of 25Mbps [3]. In comparison,
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Table 2: Summary Statistics for QoS and Demographic Variables.

Variables Average Median Standard Deviation
Download Speed (Mbps) 40.41 30.44 38.91

RTT (ms) 24.91 22 13.72
Median Income ($) 75,536 63,675 43,009

No HS (%) 5.78 3.32 7.31
HS (%) 13.51 13.11 7.56

Bachelors (%) 14.95 12.92 14.01
Poverty (%) 5.67 4.04 5.96
Population 1790 1530 1468

Table 3: Pearson Correlation Coefficient between Download Speed and
Demographic Attributes.

Technology Income No HS HS Bachelors Poverty Population Area Type
Fixed 37.11 -12.75 -21.11 19.22 -12.28 3.06 -26.21

Wireless -1.59 -2.26 -3.25 -1.75 -7.64 0.8 3.3
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Figure 3: Cumulative Distribution Function of Download Speed by Area Type and Income.

urban block groups recorded an average download speed of 44.37
Mbps, almost 2.5 times the average speed recorded in rural areas.
The inter-quartile range (IQR) for rural areas was 12.18Mbps. Com-
paratively, the IQR for urban areas was 47.76Mbps. 87% of the rural
block groups recorded download speeds of less than 25Mbps, the
broadband threshold defined by the FCC. In comparison, only 7% of
urban block groups recorded less than 25Mbps of median download
speed. These statistics capture the difference in quality of Internet
that exists between rural and urban areas and point towards a gap
in usability of Internet between these regions.
3.1.2 Effect of Median Income. While rural block groups may indi-
cate a relationship between income groups and download speed,
in this study we focus our income analysis on urban census block
groups given the heavy skew of our dataset towards this area type.

We begin by breaking the urban census block group incomes
into five bins, where each bin represents an increase in income by
$40, 000 (based on the observed standard deviation of income data
in the census block groups). There were 243, 288, 139, 55 and 42

census block groups in our income bins 1-5, respectively, where
income bin 1 represents the lowest income group (less than $50, 000)
and bin 5 represents the highest. Figure 3(b) shows the cumulative
distribution functions of speed in these income bins. We can see
that there is evidence of increasing download speed as the income
level within these urban census block groups increases. Income bin
1 recorded the lowest average speed of 33.81 Mbps. The average
download speed progressively increased to 39.52Mbps, 53.91Mbps,
58.34Mbps and 93.15Mbps for income bins 2 to 5, respectively. The
corresponding IQRs for income bins 1-5 are 38.07Mbps, 45.40Mbps,
56.13 Mbps, 52.91 Mbps and 104.62 Mbps. respectively. This shows
that even within urban areas, digital inequalities are still evident
across users of Speed Test by M-Lab from different income groups.
Importantly, the average speed for the Speed Test by M-Lab users
of the lowest urban income group is higher than that of the average
download speed in rural block groups; however, it remains almost
three times less than that recorded for the highest income group.
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3.2 Impact of the COVID-19 Lockdown on
Download Speed

The California governor issued a lockdown/stay-at-home order
on March 19, 2020 to curb the spread of the COVID-19 virus [15].
As found in a recent study [50], this COVID-19 lockdown led to
changes in Internet traffic patterns nationwide; increased load in
residential broadband networks have been observed as daily activi-
ties, such as work and school, shifted online. Based on this finding,
our goal is to determine whether the COVID-19 lockdown caused
any impact on the quality of Internet access during this period.
To do so, we divide our M-Lab data into two datasets to cover the
pre- and post-lockdown time frames. 52% of the total M-Lab mea-
surements in our dataset were recorded pre-lockdown, with the
rest occurring post-lockdown. Figure 4 presents the speed recorded
during these two periods, disaggregated by area type and urban
census block group income bins.

Figure 4(a) shows the speed recorded during these two periods
within urban and rural block groups. Table 4 provides the recorded
average speed in these two area types during these periods. The
average speed decreased by almost 20% during the lockdown in
rural areas. A similar effect is observed in urban areas where, before
lockdown, the average speed measured 50.38 Mbps, but reduced
to 41.81Mbps during the lockdown period. Critically, even as the
average speed decreased in both location types, the average urban
download speed remained 2.5 times the average rural speed.

In Figure 4(b), the download speeds recorded before and during
the lockdown in urban block groups are grouped by income. From
Table 4, we observe that the average speed across all income groups
decreased during the lockdown period. For income bin 1, the aver-
age download speed was 36.89Mbps before lockdown. However,
this value decrease by 16% during lockdown to 30.99 Mbps. The
average download speed in income bin 2 is reduced by 5.88Mbps,
while the average speed for income bin 3 decreased 20% during
lockdown to 50.23 Mbps from 63.1 Mbps. The average speed during
lockdown for the two highest income groups decreased the most. While
income bin 4 shows the greatest drop (nearly 25%) in average down-
load speed, income bin 5 also experienced a decrease by nearly 18
Mbps. Nevertheless, the average speed of the highest income group
remained three times that of the lowest income group.

3.3 Discrepancy between FCC and M-Lab
Download Speeds

The FCC defines “advertised" download speed as that reported
by fixed service providers through Form 477 at the geographic
granularity of a census block. The requirement for a service provider
to claim coverage in a census block is that it can provide a download
speed of at least 200 kbps in at least one location within the census
block. Given the well-documented inaccuracy of this data [4, 51],
we explore how it compares to the actual measurements collected
from Speed Test by M-Lab users of different locations and income
levels.

We aggregate FCC speed data at the granularity of census block
groups by taking the median of the download speed of the blocks
within a block group. Figure 5 compares aggregated census block
group measurement values obtained from M-Lab and FCC data
broken down by area type and income bins within urban block

groups. The graphs clearly show that the FCC data tends to estimate
significantly higher speeds, anywhere from 8 Mbps to 114 Mbps,
than the M-Lab users experience across all locations and income
bins. This mismatch may be explained in part by the ISP plan tier
purchased by users; users may not always purchase the best/fastest
plan offered by an ISP. It may also be explained in part by the timing
of user Speed Tests; if users conduct Speed Tests when they are
experiencing sub-par performance, then we would expect to see
poorer results. On the other hand, it is also likely that in many areas
providers overstate coverage speeds [51]. With the available data,
it is not clear which explanation accounts for the greatest portion
of the discrepancy.

To more deeply analyze the difference between FCC and M-Lab
recorded download speed, for each block group within an area type
and income level, we calculate an accuracy factor by taking the
ratio of the download speed from M-Lab and FCC. To summarise
the accuracy factor for each variable, we take the average of the
accuracy factors for all block groups that belong to that variable.
As seen from Table 5, the accuracy factor is lowest in the case of
rural areas, indicating that the FCC estimated download speed tends
to be most different from what is recorded through Speed Test by
M-lab in these regions. While at first glance it appears as if the level
of mismatch for both rural and urban areas are similar, accuracy
factors across different income bins in urban block groups suggest
otherwise. Among income bins in urban areas, the accuracy factor is
lowest for the two smallest income groups. This points towards the
FCC’s record of much higher speed in these areas than what is cap-
tured in M-Lab dataset. The accuracy factor increases as the income
increases, suggesting for higher income urban areas either there is
i) more accurate reporting on part of the service providers and/or
ii) higher purchasing power of the end users, leading to purchase
of higher/better tiers of Internet service compared to the lower
income areas. One shortcoming of the FCC’s database is that it fails
to capture the user’s tier of subscription, and hence the maximum
download speed, purchased by users. Further, our analysis demon-
strates the discrepancy between the download speeds claimed by
the service providers and what is obtained through Speed Test,
thereby highlighting the need for more accurate documentation
of download speeds, by both actual availability and affordability,
across diverse locations and demographic attributes.

4 DISCUSSION AND RECOMMENDATIONS
There are several key takeaways from our analysis that can help re-
searchers, practitioners and government officials address the factors
that perpetuate digital inequality.
Accurate Internet Measurement Data. Given the limitations
that exist in the FCC’s current reliance on ISP-provided data to
document available speed in a census block, coupled with the sparse
geographical coverage of current crowdsourced Internet measure-
ment tools, there is a need to develop better approaches to obtain a
more accurate and complete representation of Internet availability
and quality. The FCC itself has recognized the shortcomings of its
current methodology and highlighted the need for higher quality
data through recent initiatives [12, 30]. An added complexity is the
lack of detail on available service plans, as well as the plans and
data rates to which users actually subscribe. Without this critical
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Figure 4: Download Speed before and during Lockdown by Area Type and Income.

Table 4: Average Download Speed for Area Type and Income Pre- and Post-COVID-19 Lockdown.

Variables Pre-Lockdown (Mbps) Post-Lockdown (Mbps)
Area Type Rural 20.5 16.5
Area Type Urban 50.38 41.81

Median Income $10k-$49k 36.89 30.99
Median Income $50k-$89k 44.26 38.38
Median Income $90k-$129k 63.1 50.23
Median Income $130k-$169k 71.09 53.97
Median Income >$170k 104.91 86.92
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Figure 5: Comparison of M-Lab and FCC Download Speed by Area Type and Income.

Table 5: FCC Accuracy Factor by Area Type and Income.

Variables # of Block Groups Factor
Area Type Rural 206 0.32
Area Type Urban 767 0.4

Median Income $10k-$49k 243 0.36
Median Income $50k-$89k 288 0.36
Median Income $90k-$129k 139 0.42
Median Income $130k-$169k 44 0.54
Median Income >$170k 42 0.88

information, it is difficult to fully understand the context behind
the performance values reported through tools such as M-Lab’s
Speed Test.

Nevertheless, despite the fundamental limitations of crowdsourced
measurement tools, our M-Lab study reveals there is a gap in In-
ternet access quality across varied locations and demographic at-
tributes. While some of the gap may be explained by users purchas-
ing different service plan tiers, without further detail, it is critical
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to investigate more deeply the source of these disparities. Our pre-
liminary work on service plan pricing (not presented here), and
specifically our work to map download speed (and corresponding
price) offered by ISPs to geographic location, has demonstrated
multiple sources of digital inequality. Our current and future work
attempts to quantify this disparity.

With more accurate Internet measurement data, our approach
can be extended to much finer geographic granularity. Our findings
also add to the body of work that has demonstrated the inaccuracies
of FCC data across different area types and income levels. To address
digital inequalities between communities, accurate documentation
of quality metrics such as download speed is crucial. Our findings
indicate rural areas and low income regions experience the greatest
FCC inaccuracy. Therefore, more attention needs to be paid to
these areas to accurately capture true Internet performance, as well
as general Internet access availability, to guide future broadband
deployment efforts.
Fine-grained Demographic Data. 2010 Census demographic at-
tributes, such as poverty rate and education, are currently only
available at the tract level. Hence the establishment of relationships
between these variables and Internet access quality is challenging.
The 2020 Census data, once fully available, is likely to be the most
accurate and current demography data available within the near
future. As such, the granularity of the reporting of this data needs
to be finer in order to better correlate the relationship between
demographic attributes and Internet access quality within smaller
geographic regions.

5 RELATEDWORK
Every year, the Census, through the American Community Survey
(ACS) One Year estimates, compiles a list of cities with the worst
Internet connectivity in the country [26]. However, this estimate is
only done for cities with population greater than 65, 000, leaving
smaller communities undocumented. Similar to our work, [9] anal-
ysed the relationship between income and download speed at the
geographic granularity of zip codes in the U.S. The work utilized
income data (grouped into five income bins) obtained from 2017 tax
returns filed with the Internal Revenue Service. The study demon-
strated a positive correlation between zip code income and down-
load speed. Our work confirms this finding at the finer geographic
granularity of census block groups in California. We also demon-
strate that FCC data overestimates available speed to a greater
degree in low income census block groups.

Prior research has focused on the analysis of demographic fac-
tors that affect the penetration and diffusion of Internet access
in different geographic areas. In a recent study conducted by Mi-
crosoft [19], it was estimated that 162.8 million Americans did not
have access to high-speed broadband, a number far greater than
the FCC’s estimate. The study was conducted at the granularity of
zip code and, similar to our work, IP address geolocation was used
to locate users within each zip code. A similar study [14] estimated
42 million Americans have Internet download speeds of less than
25 Mbps, double the estimate of FCC. Through our work, we show
that in addition to overestimating the population with access to the
Internet, the FCC also overestimates the quality of that Internet

access, in terms of download speed; this overestimation is partic-
ularly large in lower income areas. The authors in [47] combined
demographic information with Internet infrastructure data pro-
vided by the California Public Utilities Commission (CPUC). Their
analysis revealed areas with low income minority population were
less likely to have access to residential fiber services that provide
better Internet performance. Similarly, in [52, 54–56], demographic
factors such as location, race and/or income are all shown to impact
Internet access. We advance this body of work and demonstrate
that while areas may have Internet access, the quality of that access
remains worse for lower income populations.

Finally, similar to our work, the authors of [43] used crowd-
sourced measurements to benchmark Internet performance across
multiple metropolitan areas. In [44], cable and Digital Subscriber
Line performance in residential areas of North America and Europe
was characterized. Finally, cost effective deployment solutions were
proposed to increase coverage in unserved areas in [45].

6 CONCLUSION
In this work, we analyze Internet access quality across the state
of California for users of Speed Test by M-Lab. Our results study
the characteristics of digital inequality that exists among the user
base of M-Lab across different locations and demographic attributes
within the state. Additionally, we highlight the shortcoming of the
FCC’s documentation of broadband speed as its current methodol-
ogy significantly overestimates download speed in rural and poorer
areas. Our findings point towards the need to develop more accu-
rate Internet coverage and quality measurement tools to discover
additional factors that affect Internet access availability and quality
across diverse communities. We hope that our analysis can help
guide the efforts of policymakers and researchers in narrowing the
digital gap between communities.
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