
Article

Exploring Differences in the Rate of Type 2 Diabetes
Among American Cities: How Urbanization
Continues to Challenge the Traditional
Epidemiological View

Barry P. Young

Coders Who Travel, Inc., Elkridge, MD 21075, USA; bpy@barrypyoung.com

Received: 17 April 2019; Accepted: 13 May 2019; Published: 16 May 2019
����������
�������

Abstract: As the world’s largest urban regions continue to expand, a concomitant rise in
non-communicable diseases, particularly type 2 diabetes, poses an increasingly ominous challenge to
experts in the field of public health. Given that the majority of the world’s population (54%) resides in
urban areas, a figure likely to reach two-thirds by 2050, this issue presents serious implications for
medical practitioners as well as policymakers seeking to manage long-term healthcare costs while
sustaining historic increases in life expectancy. To explore how these trends are continuing to affect
the United States, a multiple regression analysis was conducted using data provided by the Centers
for Disease Control and Prevention (CDC) through their initiative, 500 Cities: Local Data for Better
Health. The regression models revealed that larger cities reported significantly higher rates of type
2 diabetes even after controlling for variables that have been perennially linked to disease onset
(e.g., levels of obesity, sedentary behavior). Implications are discussed, most notably the argument for
moving beyond the ‘food desert’ paradigm when identifying and explaining which characteristics of
larger cities place their residents at increased risk. This approach could help reveal opportunities for
intervention that may not have garnered sufficient attention in the extant literature.

Keywords: urbanization; type 2 diabetes; epidemiology

1. Introduction

Academics and government officials alike have been increasing their exhortations with respect
to the public health crises that have emerged amidst the breathtaking pace of recent economic and
urban development, most notably in South Asia (e.g., India) and China [1–3]. Both the United Nations
and the World Health Organization have launched initiatives to address the alarming rise of chronic
medical conditions as agrarian landscapes cede to urban sprawl [4]. Although these consequences vary
(for example, when comparing developing countries with those that are industrialized), a phenomenon
that has proven consistent worldwide is the notable increase in non-communicable diseases (NCDs),
prominent among these being type 2 diabetes [5]. Researchers have long documented how urbanization
and economic development often engender considerable changes in lifestyle, particularly with respect
to eating habits, level of physical activity and work patterns [6–9]. Consequently, it is perhaps not
surprising that approximately two-thirds of all individuals stricken with type 2 diabetes reside in or
around urban areas, according to the International Diabetes Federation [10].

As mentioned, researchers have drawn distinctions between the types of urbanization occurring
in poorer countries (e.g., Bangladesh) versus those in the developed world. For example, in Dhaka
(the capital of Bangladesh), the scale of its sprawl leaves its nearly nine million residents vulnerable
to more acute crises, such as food shortages and malnutrition [11]. Other conditions that preceded
urbanization, such as tuberculosis and malaria, are curiously rising in the developing world even as it

Urban Sci. 2019, 3, 53; doi:10.3390/urbansci3020053 www.mdpi.com/journal/urbansci

http://www.mdpi.com/journal/urbansci
http://www.mdpi.com
http://www.mdpi.com/2413-8851/3/2/53?type=check_update&version=1
http://dx.doi.org/10.3390/urbansci3020053
http://www.mdpi.com/journal/urbansci


Urban Sci. 2019, 3, 53 2 of 15

suffers notable increases in obesity and diabetes, a phenomenon that has been described as a “double
burden” for the health care communities in these beleaguered regions [12]. Certainly, the nature and
context of urbanization is fundamental to understanding its role in disease onset.

As Gassasse et al. state, it is not urbanization per se but the type of urban growth that affects rates
of type 2 diabetes in any particular country [5]. Indeed, given the disconcerting figures in the public
health literature, it is easy to lose sight of the longstanding benefits urban residents have enjoyed,
particularly in the developed world. For example, between 1969 and 2009, life expectancy in the
United States increased significantly more for those living in urban areas compared to residents from
rural environs [13]. However, by definition, the gains observed when examining the urban–rural
divide do not directly address the escalation in type 2 diabetes (among other chronic diseases) seen in
American cities during the same time span. One American city that warrants attention and provides a
useful context and rationale for this study is the nation’s fifth largest: Houston, Texas. Even with its
considerable size, the city of Houston, as well as the surrounding metropolitan region, is still growing
at a robust pace [14]. Houston also has one of the highest rates of obesity (34.4%) and diabetes (13.5%)
in the nation [15]. It is estimated that by 2040, 1 in 5 residents will be diabetic [16]. In this light,
Houston provides a template for understanding how certain cities can impact disease rates not only
by their sheer size, but by the nature of their rapid (and ongoing) growth as it occurs in an already
sprawling urbanized landscape. Although seen as a sign of commercial and civic vitality, this type
of expansion also brings a measure of instability, particularly for residents who are economically
vulnerable. Their sense of social disruption and displacement continues to receive attention from
researchers documenting the ramifications of gentrification [17]. For neighborhoods in the midst of
transformation, longtime residents may feel increasingly alienated as “existing services change, move,
or are shut down—with concrete consequences for those [who are] relying on them.” [18] (para. 1).
Access to basic amenities, a longstanding logistical conundrum for many citizens within America’s
largest urban areas, may prove even more difficult amidst rapid economic growth and development.
Indeed, researchers continue to document the pernicious effects of “food deserts” for the poorest
residents in major American cities despite their ongoing revitalization [19].

There are other challenges, however, for residents of large and expanding urban environments
regardless of their socioeconomic status. This second issue is represented by a construct that has only
recently gained visibility and attention from social scientists; a phenomenon known as time poverty.
According to Williams, Masuda and Tallis, “Time is a scarce resource that individuals and households
must allocate to produce goods, obtain services, and pursue rest and relaxation. Time poverty has
been proposed as a complement to income poverty, yet it remains a relatively unknown measure in
both policy and research spheres.” [20] (p. 265). In other words, too little is known about the negative
effects (e.g., health-wise) for someone who is time-poor, a condition that can coincide with financial
strain but may prove just as noxious for the gainfully employed. Even as researchers continue to reveal
the deleterious effects of longer commutes, the implications regarding the drain on employees’ time,
particularly when combined with longer working hours, warrants further examination [21,22].

The last tenet to consider regarding the health risks for residents of large and expanding
urbanized regions is the sedentary nature of work, specifically the kind of prolonged sitting that countless
employees endure in their offices and meeting spaces. In an eight-year longitudinal study of U.S.
workers, researchers discovered that time spent sitting in an office was significantly associated with
a higher Body Mass Index (BMI), [23]. (This effect was seen only for male workers, however.)
Other investigations have similarly revealed the ramifications of extensive sitting within the modern
workplace [24,25]. When calculating the amount of time most workers sit, including their commute
(often by automobile), the following findings from Vallance et al. [26], citing work from Biswas et al. [27],
are particularly striking,
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“ . . . high volumes of sitting (e.g., >8 hours/day) have been found to be associated with adverse health
outcomes. The strongest risk estimates have been observed for type 2 diabetes, with the most recent
meta-analysis reporting a hazard ratio of 1.91 (95% confidence interval [CI] = 1.64, 2.22).” [26] (p.1478)

Clearly, more investigations are necessary to understand how these factors, whether they are
well documented (e.g., food deserts, sedentary behavior) or just emerging into the scholarly realm
(i.e., time poverty), contribute to the prevalence of chronic diseases such as type 2 diabetes in large
urban environments. Specifically, how do these (and other) factors influence the ability of residents in
larger cities to effectively manage and maintain their health? What points of intervention are being
overlooked or obscured by the conventional view of how people become diabetic? Addressing these
questions may facilitate more productive discussions among healthcare providers, urban planners
and government officials, both in the U.S. and abroad, as this formidable epidemiological challenge
invariably becomes more daunting.

2. Materials and Methods

2.1. Sample and Dataset

The sample and dataset used for this analysis were derived from an initiative entitled 500 Cities:
Local Data for Better Health. This project was created in 2015 through a partnership between the
Centers for Disease Control and Prevention (including the CDC Foundation) and the Robert Wood
Johnson Foundation. Researchers collected information on 27 health-related variables from the
497 largest cities in the United States. The other three cities in the dataset were chosen to ensure
that all 50 states were represented. (Each city, Burlington, Vermont, Charleston, West Virginia and
Cheyenne, Wyoming, is the largest in each state.) The 27 variables covered three general categories: 1.
unhealthy behaviors (5 variables), 2. prevention measures (9 variables), and 3. health outcomes (13 variables).
(See Appendix A for the list of variables employed in this study. The complete list can be retrieved
from https://www.cdc.gov/500cities/measure-definitions.htm.) According to its website, the project
utilized the CDC’s Behavioral Risk Factor Surveillance System, the 2010 U.S. Census and the American
Community Survey, as its primary data sources. The website also makes the dataset available to the
public (via download). The files downloaded from the website did not contain any missing values or
incomplete information, nor were there any anomalies or errors apparent within the dataset.

2.2. Data Transformation

Before calculating any inferential statistics, two forms of data transformation were performed on
the distribution of population sizes for the 500 cities (i.e., subjects) given that it was highly skewed
(see Results section). The first approach involved converting each city’s population size to its log10

value (a process known as log transformation.) A log10 value represents the number of times the
number 10 is multiplied exponentially in order to equal the original figure, (e.g., the log10 value
of 1000 = 3, since 103 = 1000). This technique is commonly used to transform positively skewed
distributions since it effectively reduces extremely high scores [28].

The second data transformation involved segmenting the 500 cities into groups of 50 to form
10 population ‘tiers’, essentially converting population size from a continuous variable into an ordinal
variable. The 50 largest cities were ranked in the top or highest population ‘tier’, with the next 50
(in terms of size) being ranked in the second tier, and so forth. As a result, two regression analyses were
conducted in this study, the first using population as a continuous variable (via log transformation) and
the second analysis framing city size in terms of levels or tiers. This second data transformation was
not conducted simply to address excess skewness, however. It was also performed in recognition of the
considerable similarity between certain cities despite stark differences in the size of their populations.

For example, cities such as New York and Boston share several traits that influence the daily
lives of their citizens, specifically, an intense urban core, a comprehensive mass transit system
and considerable traffic congestion. Other similarities include the nature of employment and their
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educational institutions, as well as diversity in their cultural landscapes. Yet the population difference
between the two cities are vast, with New York having nearly 8.2 million residents compared to
approximately 620,000 living in Boston, according to the 2010 U.S. Census. Indeed, in April of
2018, the New York Times published an article entitled “What is Your City’s Twin?”, which noted
the strong economic similarities (particularly regarding local job markets) between cities such as
Dallas and Atlanta (approx. 1.2 million residents vs. 423,000), as well as Los Angeles and Miami
(approx. 3.8 million vs. 400,000), despite considerable differences in their population size [29].

These similarities would likely be underestimated, or possibly ignored, should city size be viewed
exclusively in terms of raw population figures. Instead, the tier system used in this analysis creates
segments (of 50 cities each) that can capture the shared pertinent traits between New York and
Washington, DC, for example, (both being members of ‘Tier 1’) while remaining small enough to
suitably incorporate the role of the actual population count in determining a city’s size. Overall, both
forms of data transformation employed in this study (log transformation and ordinal/ranking/tier)
are preferable to viewing the largest cities in the U.S. (i.e., New York, Los Angeles, Chicago, Houston,
Philadelphia) as so-called ‘outliers’. Indeed, any comprehensive investigation into the relationship
between urbanization and the onset of chronic diseases such as type 2 diabetes would be highly
degraded in terms of its external validity if these cities were excluded from the analysis.

2.3. Analysis

As mentioned, the 27 health-related variables measured in the dataset represent the following
categories: (1) unhealthy behaviors, (2) prevention measures and (3) health outcomes. This categorization,
through its implicit sequencing of behaviors that either increase or reduce health risks (i.e., groups 1
and 2), followed by their ramifications (i.e., group 3), was particularly useful for exploring possible
antecedents to disease onset via multiple regression. In terms of how variables were chosen, this
analysis was guided by the prevailing literature involved with the medical and behavioral precursors
to type 2 diabetes (e.g., [30,31]). The outcome variable (prevalence of type 2 diabetes) is defined by this
dataset as the ‘percentage of respondents aged 18 and older in a given municipality who were ever
diagnosed with this disease by a physician, nurse or other health care professional’ (see Appendix A).

A stepwise selection method, using the Schwarz Bayesian Information Criterion, was utilized
to test the viability of city size as an explanatory variable within the regression models. In stepwise
regression, variables may be added or subtracted based on their ability to uniquely explain any
variance in the outcome variable whenever a new, potential explanatory variable is introduced into the
model [32]. The Schwarz Bayesian Information Criterion is often employed to prevent the regression
models from possessing an excessive number of explanatory variables, a common precursor to
a condition known as “overfitting”. A regression model is considered to be “overfitted” if it is too
closely tied to the sample or ‘test’ data. When overfitted, the model often fails to provide the same
degree of predictive value for any new observations compared to its viability when working only with
the original dataset.

3. Results

Descriptive statistics for the variables included in the final regression models are provided in
Table 1. As mentioned, the definitions for these variables are listed in Appendix A.

Table 1. Descriptive statistics.

Variable N Mean SD Min Max

Size of city population 500 206,041.62 457,481.05 42,417 8,175,133
Size of city population (log transformed) 500 5.13 0.31 4.43 6.91

Lacking access to health insurance (pct. of city pop.) 500 16.47 6.45 4.4 47.6
Obesity rate (pct. of city pop.) 500 29.3 5.86 14.7 45.2

Lacking physical activity during leisure time (pct. of city pop.) 500 25.86 6.25 13 44.8
Prevalence of type 2 diabetes (pct. of city pop.) 500 10.25 2.47 5.5 18.4
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The levels of skewness and kurtosis for the variable size of city population were 12.29 and
194.29 respectively before a log transformation was performed on its distribution. After the data
transformation, the level of skewness was 1.82, with a kurtosis level of 4.32. The figures for the
remaining four variables represent percentages. For example, the average or mean percentage of city
residents who reported lacking access to health insurance was 16.47%. The average or mean obesity
rate among the 500 cities was 29.3%, etc.

As shown in Table 2, city size, as determined by population, was significantly correlated with the
prevalence of type 2 diabetes after controlling for other variables that have been established in the extant
literature as precursors to this disease, (i.e., obesity, lack of physical activity, lacking access to health
insurance). All four variables in the regression model were found to be statistically significant with
a p-value less than 0.001. The adjusted R-squared figure indicates that this model explains a healthy
majority of the variance (80.6%) with respect to the outcome variable, the prevalence of type 2 diabetes.
Additionally, neither the Variance Inflation Factor nor the Tolerance Figure indicates any serious risk of
multicollinearity among the explanatory variables. [(VIF, Tolerance) for City Size: (1.02, 0.98), Obesity:
(3.56, 0.28), Lacking Physical Activity: (4.7, 0.22) and Lacking Access to Insurance (2.04, 0.49).]

Table 2. Effects of insurance access, obesity, sedentary behavior (during leisure time) and size of city
population on the rate of type 2 diabetes.

Rate of Type 2 Diabetes 95% Confidence Intervals

Lacking access to health insurance
0.139 **

(0.118, 0.16)(0.01)
[12.91]

Obesity Rate
0.08 **

(0.05, 0.112)(0.016)
[5.14]

Lacking Physical Activity During
Leisure Time

0.166 **
(0.132, 0.199)(0.017)

[9.8]

Size of City Population (log
transformed)

0.71 **
(0.398, 1.023)(0.159)

[4.46]

Constant/Intercept
−2.34 *

(−3.98, −0.691)(0.838)
[−2.79]

Note: Standard errors appear in parentheses, t-scores appear in brackets. ** p <0.001, * p <0.01. Observations: 500.
Adj. R-Squared: 0.806 **. F(4, 495): 571.69.

As mentioned in the Methods section, a second regression analysis, (with results listed in Table 3),
was conducted with size of city population being measured through a ‘tier’ system (i.e., as an ordinal
variable.) The variable was reverse scored during the analysis. For example, the highest (or first) tier,
which contained the 50 largest cities, was given a score of 10, with the second tier given a score of 9,
and so forth.

Similar to the first regression analysis, city size (as measured by population tier) was significantly
correlated with the prevalence of type 2 diabetes when controlling for all other pertinent variables. Also,
each of the four variables in the regression model were similarly found to be statistically significant
with a p-value less than 0.001. This second regression model explained marginally less variance in the
outcome variable than the first model (adjusted R-squared = 80.4%), while showing no strong indications
of multicollinearity among the predictive variables. [(VIF, Tolerance) for City Size: (1.02, 0.98), Obesity:
(3.57, 0.28), Lacking Physical Activity: (4.7, 0.21) and Lacking Access to Insurance (2.04, 0.49).]
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Table 3. Effects of insurance access, obesity, sedentary behavior (during leisure time) and size of city
population (as ordinal variable) on the rate of type 2 diabetes.

Rate of Type 2 Diabetes 95% Confidence Intervals

Lacking access to health insurance
0.14 **

(0.118, 0.161)(0.01)
[12.86]

Obesity Rate
0.078 **

(0.047, 0.109)(0.016)
[4.91]

Lacking Physical Activity During
Leisure Time

0.169 **
(0.135, 0.202)(0.017)

[9.92]

Size of City Population (as ordinal
variable)

0.066 **
(0.032, 0.1)(0.017)

[3.82]

Constant/Intercept
0.951 **

(0.438, 1.47)(0.261)
[3.64]

Note: Standard errors appear in parentheses, t-scores appear in brackets. ** p <0.001. Observations: 500. Adj.
R-Squared: 0.804 **. F(4, 495): 511.02.

4. Discussion

The results from the regression models clearly indicate that larger cities are associated with
significantly higher rates of type 2 diabetes even after controlling for the effects of obesity, sedentary
behavior (during leisure time) and access to health insurance. The models explain a large portion
(>80%) of the variance, without any robust indication or discernible risk of multicollinearity among
the predictors. Given that there were negligible differences between the two models, it is tempting
to choose the regression equation that maintained city size as a continuous variable, rather than
adhering to an ordinal/ranking system that was less sensitive to measuring population (which was
the attribute used to indicate a city’s size). However, the levels of skewness (1.82) and kurtosis (4.32)
in the distribution for this variable, even after performing a log transformation, were relatively high.
Therefore, the second model (using the tier/ranking system) can be viewed as a viable alternative since
it provides nearly the same predictive value without similar complications. The second model also
validates the concept that some cities may ultimately be quite similar along several key dimensions
despite notable differences in the size of their respective populations.

Ultimately, both of these models provide evidence for those who wish to modulate or adjust the
traditional paradigm for understanding how and why residents in larger cities report significantly
higher rates of type 2 diabetes. The following points (two of which involve concepts that were initially
broached in the Background section) are worth considering as part of a more comprehensive and
critical analysis of the relationship between urbanized environments and the risk of disease onset.

4.1. The Sedentary Nature of Work

It is important to note that the data provided by the CDC in this study examined the nature of
residents’ physical activity during their leisure time without similar consideration for the implications
of extensive sitting or other sedentary behaviors during working hours (see Limitations section).
As mentioned, increases in both commuting time (particularly by automobile) as well as the working
day have garnered more attention from researchers regarding their potentially negative health effects.
Indeed, the meta-analysis from Biswas et al. (cited by Vallance et al.) which revealed a strong
association between extensive sitting (>8 hrs. per day) and the risk of developing type 2 diabetes,
appears even more compelling given the results from the regression models employed in this analysis.
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It is highly plausible that traditional modes of exercise sometimes fail to ameliorate the negative health
consequences that arise from the type of sedentary behavior that has proven to be a hallmark of urban
occupational life. Indeed, even after accounting for the effects of obesity, as well as access to health
care (via insurance), the significantly higher rates of type 2 diabetes among residents of larger cities
strongly suggests that their workplace (or work-oriented) behavior poses a greater risk compared to
those commuting and working in notably smaller environs.

4.2. Diabetes without Obesity

As listed on the 500 Cities website, residents (aged 18 and older) are considered obese if their Body
Mass Index (BMI) is 30 or greater (See Appendix A). Although CDC researchers acknowledge that
simply being overweight, rather than being clinically obese, increases the risk of developing type 2
diabetes, this variable (i.e., being overweight) was not measured. (This does not represent a limitation
with the 500 Cities dataset per se. However, this observation is mentioned in the Limitations section.)
In any event, given that the regression models in this study controlled for the effects of sedentary
behavior during leisure time, obesity rates and access to health insurance, it becomes all the more
prudent to isolate those factors which may be contributing to a (possibly) higher prevalence of residents
that are overweight (but not obese) in larger cities. A more conventional epidemiological paradigm may
attempt to explain this phenomenon as a result of the aforementioned “food deserts” in conjunction
with the ‘Standard American Diet’ (SAD). However, the results in this study demonstrated that small-
to medium-sized cities, which generally do not contain any discernible food deserts, still exhibit higher
rates of type 2 diabetes compared to the smallest cities. Conversely, the Standard American Diet is
not confined to only the largest urban populations [33]. Therefore, the (possibly) greater presence
of overweight, diabetic residents living in larger urbanized environments may reinforce two tenets
proposed when framing this analysis; more work-related sedentary behavior, in conjunction with time
poverty, leaves residents in larger cities at greater risk for becoming overweight and diabetic.

It is also worth noting that some individuals develop type 2 diabetes without becoming overweight
or obese [34]. Indeed, researchers have increased their focus on the role of inflammation with respect to
disease onset, independent of body weight. Studies have identified specific inflammatory “bio-markers”
that have been linked to cases of type 2 diabetes after controlling for measures of obesity such as
body mass index (BMI) and hip-to-waist ratio, [35,36]. However, given that inflammation remains an
integral component in the relationship between obesity and type 2 diabetes [37,38], the task of isolating
its effects remains complex and warrants further investigation.

A primary dietary variable involved with the growing literature examining the role of inflammation
and the onset of type 2 diabetes has been the intake of sugar [39]. Sugar intake (especially in the
form of sugar-sweetened beverages) has also been identified as a causative factor with respect to type
2 diabetes independent of obesity [40]. In an analysis covering 175 countries (utilizing data provided
by the United Nations, World Bank, World Health Organization and International Diabetes Federation)
researchers revealed that differences in diabetic rates (across countries) that could not be explained by
levels of physical activity or obesity rates (including citizens who were simply overweight) were in
fact statistically associated with differences in the availability of sugar within a given country’s dietary
landscape [41].
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A cross-sectional study of the American dietary landscape revealed that excessive levels of sugar
intake in the United States were not limited to the consumption of sweetened beverages or fast food,
but instead entailed a wide array of ‘ultra-processed’ foods and products [42]. Specifically, researchers
determined that ultra-processed foods constituted “more than half of all calories” along with “nearly
90% of all added sugars” found in the American diet ([42], Discussion section, para. 1). Given that this
study employed a nationally representative sample, these findings underscore the presence of dietary
challenges that are situated well beyond the limited choices that define urban ‘food deserts’. It is also
clear that Americans across all socioeconomic strata may be at increased risk for developing type 2
diabetes through sub-optimal diets without necessarily becoming overweight or obese. Therefore, it is
quite plausible that higher rates of type 2 diabetes seen in larger cities, after controlling for the effects of
obesity, physical activity during leisure time and access to health insurance, are not solely the product
of overweight residents who may have been unaccounted for in this analysis.

4.3. Subjects for Future Study

Time poverty. Given the lengthening of commutes, as well as the working day, in many urban
occupational settings, residents of larger cities may have significantly less time to engage in a myriad
of behaviors associated with healthier, more productive lifestyles (as argued by Williams, Masuda
and Tallis). In this light, it is plausible to posit that residents who can be classified as ‘time-poor’ are
less likely to schedule routine visits to their primary health care providers and/or avail themselves of
other health-oriented services despite being covered by insurance. Time poverty can also be viewed
as an obstacle to any behavior that qualifies as a form of stress management, whether it involves the
rest and relaxation underscored by Williams et al., or other activities that provide similarly salubrious
effects (e.g., physical therapy, meditation, arts and entertainment). Considering the precarious nature
of the American dietary landscape (as underscored in the previous section), it is pertinent to note that
researchers continue to document a strong association between stress and the consumption of foods
that are particularly high in sugar and fat [43,44]. Overall, it appears that any future investigation into
the relationship between urbanization and the prevalence of type 2 diabetes may significantly benefit
from measures that reveal the presence of time constraints that could undermine city residents’ ability
to engage in preventative care. Such analyses could also help cultivate health-oriented strategies that
successfully operate within time constraints in a manner that has proven elusive for more conventional
programs and interventions to date.

Information and communication technology (ICT) as a means of intervention. The proliferation of
information and communication technology (ICT) has prompted researchers to devise new frameworks
for understanding how the power of innovation can be applied to urban settings as a means of
improving residents’ quality of life. Solanas et al. provide a compelling example through their
inception of the “Smart Cities” paradigm; an innovative methodology that capitalizes on evolving
urban infrastructure to provide healthcare services beyond more traditional, centralized facilities,
thereby reaching more residents more consistently, and enhancing the ability of patients to claim more
ownership and control over their efforts to stave off disease [45].

Through this paradigm, the authors highlight the ability of ICT to facilitate “a variety of health-related
tasks, including communication between patients, doctors and carers; distant provision of care; remote
support to electronic diagnostic medical records; [and] medication adherence control” in a fashion
that “can significantly contribute to the reduction of management costs and increased efficiency.” [45]
(p.75) Interventions using ICT appear particularly well suited to addressing the etiology of type 2
diabetes, specifically through its ability to closely monitor residents’ lifestyles and health status in a
relatively unobtrusive fashion. The reduced costs and improved efficiency of such interventions could
also broaden access for residents, including those who currently lack health insurance (often due to
financial constraints). Easy and continual access through ICT may also serve to circumvent persistent time
constraints (i.e., the logistical barriers that arise for urban residents who could be classified as ‘time-poor’.)
Clearly, future investigations could benefit from including information technology as a treatment modality
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that can be integrated into various urban settings. Solanas et al. highlight the use of sensors that can be
strategically placed throughout cities to provide their residents with a bevy of pertinent (i.e., health-related)
variables to help gauge and possibly modify their daily routines (e.g., alerting residents to the presence of
allergens, smog/air pollution, noxious traffic conditions, etc.) [45]. Investigators considering expanding on
these initiatives can be encouraged by the emerging literature supporting the use of ICT to develop more
effective initiatives to combat the onset of type 2 diabetes.

For example, in a randomized controlled trial, Block et al. tested the effectiveness of a behavioral
intervention program, designed for pre-diabetic subjects, that targeted an array of health-related
behaviors (ranging from exercise and diet to stress management and sleep.) [46]. Through a
fully automated system, subjects received their individually tailored plans, derived by algorithm,
via the Internet (e.g., receiving weekly e-mails and accessing individualized web pages that tracked
their participation). The program used mobile phone applications and automated phone calls
(using interactive voice response (IVR) technology) to provide additional support. Participants in the
intervention group showed significant improvement across an array of clinical measures, such as Body
Mass Index (BMI), waist circumference, and TG/HDL (triglyceride to hi-density lipoprotein cholesterol)
ratio. The authors underscored that this program’s effectiveness, combined with its affordability,
made such interventions highly scalable; a vital attribute given that 1 in 3 (i.e., 86 million) adults in the
US can be classified as pre-diabetic. Another investigation similarly reported positive results in terms
of clinical success and cost effectiveness for ICT-based interventions designed to augment the Diabetes
Prevention Recognition Program created by the Centers for Disease Control and Prevention [47].

A meta-analysis covering 32 different intervention trials revealed that those employing information
technology were significantly more likely to lower patients’ levels of hemoglobin A1c, a key indicator
of glycemic control [48]. Researchers also noted generally positive results in a systematic review of
health interventions conducted in developing countries that exclusively used mobile phones [49].
However, the authors cautioned their analysis was based on a fairly small number of studies with
sufficient methodological rigor, and included interventions for diseases besides diabetes (e.g., asthma).

Overall, the inclusion of ICT in any future investigation not only holds tremendous promise for
addressing the financial and logistical constraints that can impede or stymie urban residents seeking
routine care, it recognizes the sea change that Solanas et al. and others have cited with respect to an
increasingly de-centralized, data-driven and user-oriented healthcare system. Indeed, the burgeoning
field of healthcare informatics appears ideally suited for providing more personalized and user-oriented
treatment plans. Systems that continually adapt to an individual’s lifestyle, whether at home or in the
workplace, will invariably be more sensitive to the types of health changes (which are often quite subtle)
that indicate an elevated risk for developing type 2 diabetes, among other chronic illnesses. Employers
may also be keen to utilize this technology on-site to address the potentially deleterious effects from
the sedentary nature of work, limited dietary options and/or occupational stress. Although social
commentators may lament the near ubiquity of ICT, particularly as it relates to privacy concerns,
the emerging networks that enable more communication and interaction with medical professionals
outside of the traditional “brick-and-mortar” apparatus remain a largely untapped, and potentially
vital, resource.

4.4. Limitations

As mentioned, two key variables from the 500 Cities dataset were operationalized in a manner that
may have prevented a more comprehensive understanding of their influence over the prevalence of type 2
diabetes. First, sedentary behavior was only ascertained based on how residents reported spending their
leisure time (rather than including their working day). In addition, as stated on the 500 Cities website,
a resident’s level of physical activity was measured by a simple “yes/no” response to the following
question: “During the past month, other than your regular job, did you participate in any physical
activities or exercises such as running, calisthenics, golf, gardening or walking for exercise?” This question
is rather diffuse and lacks the necessary precision to accurately determine the level of physical activity of
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residents that responded in the affirmative. It is highly plausible that an inordinate amount of variance
exists among respondents who reported being physically active, thereby undermining the ability of the
dataset to illustrate how physical activity can help stave off disease.

The second variable, as mentioned in the Discussion section, involves measuring obesity rates
(i.e., the percentages of residents with a BMI ≥ 30) without a similar accounting of residents who are
overweight, (BMI ≥ 25). This occurred despite the CDC acknowledging on the 500 Cities website that
both conditions have been identified as precursors to type 2 diabetes. Although this limitation may be
mitigated when considering the methodology employed in this analysis (see Discussion section), any
future studies in this area would optimally contain data that documents the percentage of residents
that are overweight, as well as obese, in a given municipality.

Another limitation can be noted when considering the measures used to ascertain residents’ ability
to access health insurance. Given the presence of Medicare, there is a natural ceiling with respect to the
age of adults who are unable to gain access to insurance. Consequently, this variable was measured
among residents ages 18 to 64, with the remaining variables being measured among all residents 18
and older. Rather than reflecting a limitation within the 500 Cities dataset, this difference poses more of
a statistical dilemma, however minor, for the regression models employed in this analysis. Despite this
difference among measures, the results garnered in this study still provide robust evidence that shows
cities with a greater percentage of residents lacking access to health insurance suffering significantly
higher rates of type 2 diabetes, even after accounting for all other pertinent variables. This observation
is likely bolstered by the presence of longtime residents whose health was negatively affected by their
inability to access health insurance before they became eligible for Medicare.

Indeed, the subject of age reveals a broader limitation given the general lack of demographic
information provided by this dataset. The opportunity to explore differences in key variables by
gender, ethnicity, education level or income would have provided more opportunities for analysis,
and yielded a more intricate portrait of the challenges faced with respect to particular population
segments. The inclusion of age (to some degree) remains an exception, but also underscores how the
information gathered by this project involved only adults, a lamentable point considering longstanding
concerns involving childhood obesity among other related challenges regarding the prevalence of type
2 diabetes.

Although demographic variables such as income were not included in this dataset, the degree
to which residents reported having access to health insurance can provide some insight into their
financial status. According to the Kaiser Family Foundation, the high cost of coverage is one of the
primary reasons for being uninsured [50]. However, the question ascertaining whether residents were
covered by health insurance may suffer the same methodological pitfall as the item measuring levels
of physical activity during leisure time. A simple “yes/no” response to being asked whether a given
individual has current health insurance fails to take into account the vast array of plans and services
(and their associated costs) provided by the insurer. Indeed, even with such transformative legislation
as the Affordable Care Act (ACA), which provided coverage for millions of U.S. residents who were
previously uninsured, large disparities remain among the various plans, particularly with respect to
the size of deductibles, among other burdens incurred by patients.
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Lastly, it is important to consider that the regression models employed in this analysis represent
only two out of potentially several models that could be constructed in a methodologically sound and
meaningful fashion using this dataset. It is conceivable that other models (which ostensibly would be
just as statistically viable with comparable levels of predictive power) would not similarly highlight
the relevance of city size as an independent variable as it relates to the prevalence of type 2 diabetes.
However, rather than viewing this exclusively as a potential limitation, it is important to acknowledge
that the model used in this study revealed a more profound phenomenon which would likely be
captured by any sound regression model regardless of its emphasis (if any) on city size; specifically,
the preponderance of variance in the prevalence of type 2 diabetes that remains unexplained in larger
urbanized environments even after accounting and controlling for variables (e.g., obesity) that have
been traditionally linked to disease onset.

5. Conclusions

As rates of type 2 diabetes continue to rise, so too the demand for more innovative strategies to
combat this pervasive, and seemingly intractable, public health conundrum. The findings from this
study strongly suggest that urbanized environments are contributing to this crisis in a fashion that
cannot be readily explained by the conventional epidemiological paradigms, particularly those that
embrace a somewhat myopic methodological approach that is unduly preoccupied with the presence
of food deserts and the excessive caloric content of the ‘Standard American Diet’. However, it is equally
important to consider that the points of intervention proposed in this study represent a pragmatic,
rather than radical, re-assessment of how diet, exercise and healthcare can be successfully managed in
the American urban landscape of the 21st century. For example, it is abundantly clear that the sedentary
nature of work deserves far greater scrutiny. It is also apparent that having access to health insurance
does not ensure that all appropriate medical services are similarly accessed and utilized by the insured.
Indeed, simply asking whether a given individual has access to health insurance (i.e., framing this as a
dichotomous rather than continuous variable) is probably unwise, as there is considerable variance in
the type and levels of care afforded to residents based on their respective carriers and insurance plans.
Finally, there is likely little to be gained from any public health initiative that does not directly address
the potentially pernicious effects of time poverty; a condition that is likely endured by a preponderance
of urban residents regardless of their socioeconomic status. Even as technology designed to work
within constricted schedules continues to evolve, individuals who spend a disproportionate amount
of their waking hours meeting the demands of urban life, be they financial or logistical, may still be
less likely to engage in personal and professional care regardless of the time-saving devices at their
disposal. Reframing time as a resource on par with income may instead foster strategies that seek to
complement rather than defer to innovation. In essence, allowing individuals more time to achieve
their health objectives may prove more successful and sustainable than encouraging their use of more
technology to cope with an increasingly demanding lifestyle.
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Appendix A

Table A1. Definitions of variables examined in regression analyses *.

Variable Definition as Listed on
500 Cities Website Respondents * Numerator * Denominator *

Lacking physical
activity during

leisure time

No leisure-time physical
activity among adults

aged 18 years and older

Resident adults aged
18 years and older

Respondents who answered no to the following question:
“During the past month, other than your regular job, did

you participate in any physical activities or exercises such as
running, calisthenics, golf, gardening, or walking for

exercise?”

Number of adults aged ≥18 years who reported any or no
physical activity in the past month (excluding those who

refused to answer, had a missing answer, or answered “don’t
know/not sure”).

Obesity Obesity among adults
aged 18 years and older

Resident adults aged
18 years and older

Respondents aged ≥18 years who have a body mass index
(BMI) ≥30.0 kg/m2 calculated from self-reported weight and

height. Excluding the following:
• Height: data from respondents measuring <3 ft or ≥8 ft
•Weight: data from respondents weighing <50 lbs or ≥650

lbs
• BMI: data from respondents with BMI <12 kg/m2

≥100
kg/m2

• Pregnant women

Respondents aged ≥18 years for whom BMI can be calculated
from their self-reported weight and height (excluding

unknowns, refusals to provide weight or height and exclusions
listed below):

• Height: data from respondents measuring <3 ft or ≥8 ft
•Weight: data from respondents weighing <50 lbs or ≥650 lbs
• BMI: data from respondents with BMI <12 kg/m2

≥100 kg/m2

• Pregnant women

Lacking access to
health insurance

Current lack of health
insurance among adults

aged 18–64 years

Resident adults aged
18–64 years.

Respondents aged 18–64 years who report having no
current health insurance coverage.

Respondents aged 18–64 years who report having current
health insurance or having no current health insurance

(excluding those who refused to answer, had a missing answer,
or answered “don’t know/not sure”).

Type 2 Diabetes
Diagnosed diabetes

among adults aged 18 and
older

Resident adults aged
18 years and older

Respondents aged ≥18 years who report ever been told by a
doctor, nurse, or other health professional that they have

diabetes other than diabetes during pregnancy.

Respondents aged ≥18 years who report or do not report ever
been told by a doctor, nurse, or other health professional that

they have diabetes (excluding those who refused to answer, had
a missing answer, or answered “don’t know/not sure”).

* Definitions and terminology provided by 500 Cities: Local Data for Better Health website. https://www.cdc.gov/500cities/measure-definitions.htm.

https://www.cdc.gov/500cities/measure-definitions.htm
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