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Abstract—The overarching framework for incorporating 
informatics into the Wesley College (Wesley) 
undergraduate curriculum was to teach emerging 
information technologies that prepared undergraduates 
for complex high-demand work environments. Federal 
and State support helped implement Wesley’s 
undergraduate Informatics Certificate and Minor 
programs. Both programs require project-based 
coursework in Applied Statistics, SAS Programming, and 
Geo-spatial Analysis (ArcGIS).  

In 2015, the State of Obesity listed the obesity ranges for all 
50 US States to be between 21-36%. Yet, the Center for 
Disease Control and Prevention (CDC) mortality records 
show significantly lower obesity-related death-rates for 
states with very high obesity-rates. This study highlights 
the disparities in the reported obesity-related death-rates 
(specified by an ICD-10 E66 diagnosis code) and the 
obesity-rate percentages recorded for all 50 US States. 
Using CDC mortality-rate data, the available obesity-rate 
information, and ArcGIS, we created choropleth maps for 
all US States. Visual and statistical analysis shows 
considerable disparities in the obesity-related death-rate 
record-keeping amongst the 50 US States. For example, in 
2015, Vermont with the sixth lowest obesity-rate had the 
highest reported obesity-related death-rate. In contrast, 
Alabama had the fifth highest adult obesity-rate in the 
nation, yet, it had a very low age-adjusted mortality-rate. 
Such disparities make comparative analysis difficult. 
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I. INTRODUCTION  
Pioneering approaches using resource-based learning for 
competency in information literacy and for the 
development of critical qualitative and quantitative 
thinking skills, are hallmarks to building the proverbial 
bridge between the basic sciences and the medical 
research enterprise [1]. Furthermore, when 
undergraduate research gets integrated in the 1st year of 
the College curricula, it promotes the value of self-
regulated learning, cognition, personal development, and 
career planning [2]-[6]. Additionally, epidemiology-
based research projects gravitate to closing the diversity 
gap as they promote essential proficiencies in ethical 
reasoning and navigational techniques for survival in 
today’s digital and political landscape [7]-[9].     

To accommodate the profound technological 
advancement in workforce demands, Delaware’s 
minority-serving Wesley College (Wesley) strengthened 
diverse academic equity by implanting cheminformatics, 

chemometrics, data-wrangling, predictive-analytics, and 
geo-spatial analysis as course-embedded experiences 
[5], [6], [10]-[31]. Constructed around the best practice 
of multi-tiered mentoring, Wesley’s redesigned (2014) 
progressive liberal-arts core-curriculum model scaffolds 
undergraduate course content with practical and realistic 
data-science research materials [5], [6], [10]-[31]. 

In Delaware, large State-wide, National Institutes of 
Health (NIH)-National Institute of General Medical 
Sciences (NIGMS)-IDeA Networks of Biomedical 
Research Excellence (INBRE), and National Science 
Foundation (NSF)-Established Program to Stimulate 
Competitive Research (EPSCoR), consortia grants 
provided the financial stimulus for cornerstone data-
science research projects [5], [6], [10]-[31]. Through 
federal support and in conjunction with its liberal-arts 
core-curriculum revision, Wesley College instituted 
undergraduate Informatics Certificate and Minor 
programs [14], [15], [17]. Moreover, in 2017, the 
College launched the Undergraduate Research Center of 
Analytics, Talent, and Success (UR-CATS). The UR-
CATS team in collaboration with the Office of 
Academic Affairs, routinely provides professional 
development training to build dynamic mentor-mentee 
collaborative partnerships.  

The Informatics Minor and Certificate programs require 
three project-based courses: Applied Statistics, SAS 
Programming (developed by the SAS Institute), and 
Geo-spatial Analysis using Geographic Information 
System (GIS) Mapping Technology (ESRI ArcGIS). 
The Informatics Certificate is a biological chemistry and 
mathematics major requirement [14], [17]. However, 
both certificate and minor programs are available [14] to 
all majors (in core level-3).  

Undergraduate participation in data-science research 
projects has removed intra-institutional barriers 
encumbering access to data-resources and expertise for 
in-depth investigations. Using patient package inserts, 
Wesley researchers designed and developed a 
commercial drug-data training tool [26]-[31] and an 
online cancer drug database [22], [24], [25]. With real-
time chemical-use data from Delaware’s farmers, 
students built a smartphone fertilizer app [18]. 
Furthermore, to streamline procurement documents and 
hazardous-waste handling workflows, faculty-student 
engagement allowed for the use of an online platform, 
resulting in major annual institutional savings [13].  

While many Wesley students choose projects directly 
related to their majors, others tackle unrelated questions 
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with real and direct applications. For example, SAS in-
class projects have related Delaware student success 
outcomes (persistence and degree completion) to 
demographics, secondary degree zip code, support 
structures, success in HS science/college gatekeeper 
courses, and campus engagement. Alternatively, some 
GIS projects using historical digital elevation models, 
land-use/land-cover files, and aerial images, identified 
areas of coastal forest along Delaware’s St. Jones River 
that were vulnerable to inundation.  

Nationally, chronic obesity has impacted all segments of 
the total US population. Its repercussions coalesce 
around conditions that have negative connotations in 
public health [10], [12], [20], [32]-[49]. The diagnosis of 
obesity is classified according to body mass index 
(BMI) calculations [20], [32]-[44]. Although BMI is a 
strong predictor of overall mortality [41], its relevance 
in predicting disease-specific associations is, at best, 
marginal [20], [34]-[40], [42]-[44]. 

However, since obesity is significantly affecting the 
quality of life issues [32]-[49], big-data approaches [45]-
[57] are utilized to seek corrective solutions. Available 
obesity prevalence data encompasses interactive 
databases that report weight/heights, demographic, 
gender, zip-code, nutritional, and physical activity 
information [45]-[49]. In addition, the national Centers 
for Disease Control and Prevention Wide-Ranging 
Online Data for Epidemiologic Research (CDC 
WONDER) repository [45] also counts obesity as the 
underlying cause of death using ICD-10 (10th revision of 
the International Statistical Classification of Diseases 
and Related Health Problems) diagnosis coding [10], 
[12], [45], [58]-[62]. Documentation of the ICD-10 
codes on vital records is not without controversy as such 
quality-assurance based programs are not implemented 
by the government but by third-party payers [58]-[62]. 
Despite the differences surrounding the complexity and 
constraints with the ICD-10 coding, it is definitively 
used to denote medical significance for the overweight 
and obesity categories (ICD-10 E66) within the 
outpatient or inpatient records [62].       

Utilizing the CDC WONDER vital records, the US 
census database, and the Robert Wood Johnson 
Foundation’s State of Obesity records [45]-[47], Wesley 
College students through empirical affiliations 
definitively showed that Delaware’s mortality-rates are 
heavily influenced by the State’s obesity rates and are 
correlated to its socio-economic indicators [12], [17]. A 
second retrospective observational study [10] analyzed 
the 1999-2016 national death records alongside 
associated ICD-10 (E66) obesity-related diagnostic 
coding. It found convincing evidence to associate the 
adverse consequences of obesity-related conditions with 
the mortality-rates in all segments of the US population. 
In summary, Wesley data-science project outcomes 
methodically investigated public interest projects and 
allowed for coordinated interventions in student well-

being and student success [11], [15], [17], [19], [20], 
[23], [63]-[65].   

For analyzing and studying national trends, we are 
strong proponents in the using of the CDC WONDER 
records and their affiliated ICD-10 E66 diagnostic 
coding. However, we believe that some US States 
significantly under-code and some over-code. The 
resulting discrepancies are a misrepresentation of facts 
for healthcare resources, as they establish a high level of 
false utilization patterns [58]-[62]. To effect corrective 
action and prevent recurrence, we present the example 
of five Southern States and five NERIC (North East 
Regional IDeA Conference) States, where vital record 
inconsistences can be plainly attributable to errors 
associated with ICD-10 coding. 

In this project, we first outline the digital and 
communication training that builds fundamental 
knowledge for collecting, sorting, storing, and analyzing 
large datasets. Then to validate our coding and reporting 
comparability concerns, with GIS and SAS tools, we 
assess the public ICD-10 E66-diagnosis (with any 
mention of obesity) vital records [45]-[49] for each US 
State.  

II. METHODS  

A. Design of the Wesley data-science training 
program 

To increase comprehension of the scientific method, 
first semester STEM freshmen are enrolled in a 
scientific process course that includes hands-on science 
inquiry [14], [17], [19]. A second computer applications 
course is available to expose them to MATLAB and 
MAPLE for use in the exploration and discovery phase. 
In the second and third semesters, the science course 
load [14], [17], [19], [23] includes organic chemistry 
coupled with multiple directed research opportunities 
that explore chemical kinetics, spectroscopic analysis, 
and the use of quantitative information to correlate 
chemical activity with molecular structure. In years 2 
and 3, advanced approaches to multivariate statistical 
procedures including hypothesis testing, data-mining 
techniques, mathematical modeling, and data 
visualization are emphasized in the advanced statistics, 
SAS-programming, and geo-spatial courses [5], [6], 
[10]-[14], [17]-[19]. Finally, to capture the research 
process in the senior year, a thesis experience allows for 
independence in qualitative, quantitative, and 
communication training [5], [6], [14]. 

B. Teaching meaningful Informatics tools and 
techniques 

Students from a wide range of majors have enrolled in 
the Wesley Informatics Minor and Certification courses 
[14]. The majors include biology, biological chemistry, 
environmental science, environmental policy, medical 



technology, mathematics, nursing, political science, 
elementary and physical education, psychology, 
business, accounting, marketing, liberal studies, history, 
kinesiology, and pre-professional physical therapy. 
Graduate students in environmental science, nursing, 
business, and the Masters-teaching program can also 
seek informatics certification. 
 
The 200-level Statistics course topics include sampling, 
frequency distributions, histograms, probability 
distributions, confidence intervals, hypothesis testing, 
correlation, regression analysis, chi-square test for 
independence, and non-parametric hypothesis testing. 
Assigned projects allow for actual experience in 
collecting, analyzing, and interpreting data to answer a 
research question. Data analyses are usually done with 
manual row and column manipulations in Excel.  
 
For easy-to-follow programming code and to retrieve, 
manage, and analyze big data, we integrate the 
Statistical Analysis System software (SAS) suite. SAS 
is heavily utilized in the finance and life science areas, 
two dominant industries in Delaware. In the 300-level 
SAS programming course, students work in teams and 
use shared data. They begin with data dictionaries for 
identifying variable names and content. They are 
introduced to different ways of filtering observations 
using IF or WHERE clauses and this methodology is 
linked to filtering in Excel, so students can make 
connections to their prior Statistics course projects. 
They are taught to MERGE tables by a (particular) 
variable, which is possible in Excel, but our students 
are (usually) unaware of its advanced features. As most 
non-STEM majors do not have programming practice, 
we demonstrate the frustrating and time-consuming 
debugging-of-code experience and the process of 
utilizing a subset of data for the quick identification and 
elimination of errors. Furthermore, we address the issue 
of duplicate observations and missing values and 
instruct in the design of default handlers for their 
incorporation in calculations.  
 
For a complete and robust toolkit for analyzing big 
data, we believe that a working knowledge of 
geospatial analysis is essential. At Wesley, two courses 
focus on spatial analysis of large data sets, a 300-level 
Introduction to Geographic Information Systems (GIS) 
course and a 400-level Spatial Analysis course. Both 
utilize ESRI ARCMap and the College will fully 
transition to ESRI ARCPro by spring 2019. The 300-
level GIS course is lab intensive, but the instructional 
approach is structured to accommodate the skillset of 
the diverse number of majors. Course participants are 
also required to read and interpret scientific literature 
regarding the use of spatial analysis of large datasets for 
group projects to benefit local organizations. The 

instructional approach for the 400-level Spatial 
Analysis is much less structured and requires an 
independent or self-selected group geospatial analysis 
project. In the two GIS-courses, course instruction is 
focused on spatial data structure, map design, data 
queries and joins, data collection, spatial analysis of 
vector data, and spatial analysis of raster data and we 
incorporate labs to focus on each skill. At the 400-level, 
students receive a guided assignment that requires them 
to download data from the US Census Bureau 
(American Fact Finder), format the data for input into 
ESRI’s ARCMap, and then, organize and display the 
data in a meaningful way. This assignment lays the 
foundation for future independent research projects. To 
investigate and solve real world problems, the GIS labs 
and independent research projects rely on high-quality 
and high-resolution public data-sets from local, county, 
state, and federal websites.   

C. Analysis of the CDC WONDER vital records 
The CDC WONDER database [45] provides crude and 
age-adjusted death statistics (per 100,000 US persons). 
The 95% confidence intervals and standard errors for 
underlying cause-of-death rates (4-digit ICD code or 
group of codes) can be obtained by place of death, age, 
gender, ethnicity, and year. Data query and retrieval 
with SQL syntax is simple but tedious and can include 
regression and logistic regression. However, merging 
data entails a long list of copying and pasting similar 
code snippets. Hence to create a cleaner code, simple 
%MACRO programming to loop over the years and 
%INCLUDE subprograms with the year as a parameter 
is used. To provide more granular data and to pinpoint 
inconsistencies with ICD-10 coder interpretation and 
documentation, the CDC WONDER information was 
first downloaded into Excel and then imported into 
ARCMap. The choropleth maps allowed for 
visualization of the spatial origination as color gradients 
were matched by scale to give proper comparisons 
between states.   

III. RESULTS AND DISCUSSION 
The 1999, 2008, and 2015 illustrations shown in 
Figures 1 and 2 clearly exhibit contradictions where 
each state’s obesity-rate (Figure 1) burden [45]-[48] is 
disproportional to the state’s obesity-related age-
adjusted mortality-rate (Figure 2), that was noted by an 
ICD-10 vital record code, where obesity was a 
contributory factor in death [10], [12], [17], [45].  
 
Since 1999, obesity prevalence in the Southern States 
of Mississippi (MS), Alabama (AL), West Virginia 
(WV), Louisiana (LA), and Arkansas (AR) were 
consistently grouped within the top ten fattest-state 
listings [47]. Furthermore, in 2015, the State of Obesity 



Report [47] indicated that LA, MS, AR, WV, and AL, 
all had >35%+ adults who were officially classified as  
 

 

Figure 1.  Data from State of Obesity was used to create a map 
of the United States with the percent of the population 
classified as obese based on BMI for  1999, 2008, and 2015. 

 

 

Figure 2. Obesity-related age-adjusted mortality-rates from 
CDC WONDER were used to create a map of mortality due 
to obesity per 100,000 people for the United States for 1999, 
2008, and 2015. 

 



being obese (with a >30+ BMI reading) and who were 
residing within their state populations. At the same 
time, health surveys [49] routinely showed that MS, 
AL, WV, AR, and LA adults, had one of the lowest 
compulsions for meeting the basic (federally suggested) 
physical activity exercise guidelines. Using color 
gradients to generate quantity maps, Figure 3 exhibits 
that healthcare access and healthcare quality [47]-[49] 
are also problematic in these five southern states. 
However, the age-adjusted ICD-10 mortality codes 
where the burden of obesity as a contributing mortality 
factor (Figure 2) is distinctly underestimated in the 
CDC WONDER vital records [45]. In fact, in 2015, AL 
is shown to have one of the smallest obesity-related 
age-adjusted death-rates (Figure 2). 
 

 
Figure 3. The top map shows 2015 healthcare access, and the 
bottom map shows 2015 healthcare quality, with red being the 
worst and lighter-shade of colors being the best. 

To further explore the ICD-10 obesity-related reporting 
discrepancies, we evaluated the obesity-rates and 
obesity-related death records (Figures 4 & 5, and 
Tables 1 & 2) [10], [12], [17], [45], [47]-[49] for the 
five NERIC States (Delaware, Maine, New Hampshire, 
Rhode Island, and Vermont). The lighter color 
gradients in Figure 3 imply healthcare access and 
healthcare quality [47]-[49] are reasonably good in 

Vermont (VT), Maine (ME), Delaware (DE), New 
Hampshire (NH) and Rhode Island (RI). 

Figure 4. Obesity-related deaths per 100,000 population (not 
adjusted for age) within the five NERIC States, with the 
lighter-shade of colors being the smallest amount and the 
darker shade of colors being the greatest amount of obesity-
related deaths. *Only Rhode Island has a value of zero.  The 
other states are not included in this map. 

Also, the higher than (national) average physical 
activity undertaken by adults residing in the five 
NERIC States demonstrates that the residents more than 
satisfy the minimum federal guidelines for aerobic and 
muscle strengthening activities [49]. Understandably in 
2015, Vermont (VT) had the sixth lowest obesity rate 
[47], but the ICD-10 coding for obesity as a secondary 
cause-of-death record placed VT as having the highest 
obesity-related mortality-rate (Figures 2, 4 & 5) [45]. In 
addition, over the sixteen-year (1999-2015) time-
period, VT was shown to have an exponential (419%) 
obesity-related age-adjusted mortality-rate increase 
(Figure 5 and Table 1) while its obesity rate (only) 
increased by 47.6% (Table 2). 

 

Figure 5. Obesity-related mortality-rates per 100,000 
population within the five NERIC States. 

1999 2015 



Table 1. The 1999-2015 obesity-related mortality-rates of the 
NERIC States. 
Obesity-Related Mortality-Rates 
  

1999 
Rate 

 

2015 
Rate %Change 

Maine 5.38 11.69 117.29 
Vermont 8.37 43.44 419.00 
New Hampshire 7.21 12.47 72.95 
Rhode Island 7.39 20.79 181.33 
Delaware 11.49 13.21 14.97 
National Obesity-
Related Mortality-Rate 

 
5.99 

 
13.90 

 
132.05 

Source: Rates are age-adjusted from CDC Wonder 
 
Table 2. The 1999-2000 and 2015 obesity-rates of the NERIC 
States. 
Obesity Rates 
  

1999-2000 
Rate 

 

2015 Rate %Change 

Maine 18.9% 30.0% 58.7% 
Vermont 17.0% 25.1% 47.6% 
New Hampshire 16.1% 26.3% 63.4% 
Rhode Island 16.9% 26.0% 53.8% 
Delaware 17.1% 29.7% 73.7% 
National Obesity-
Rate 

30.5% 39.6% 29.8% 

Source: Rates are from the stateofobesity.org and the National Center 
for Health Statistics (NCHS) National Health and Nutrition 
Examination Survey.  

IV. CONCLUSIONS 
Wesley College’s revised core-curriculumn 
incorporates informatics and fosters a student-
community. This community has crucial quantitative, 
qualitative, and participatory credentials required to 
directly move into graduate programs or research and 
development centers to further explore public interest 
projects. This undergradute cross-sector collaborative 
training in information analyses and solutions has 
distinctly helped address and advance population 
survelliance projects. 
 
The CDC WONDER database (including its ICD-10 
coding data) is an excellent source for historical 
(national) trend analysis. However, there are a few 
states where inconsistencies in ICD-10 documentation 
protocols clearly lead to rampant reporting errors. To 
help guide the coder to correct (specificity) diagnosis 
codes, coder professional training should incorporate 
the use of queries, for determining cause-and-effect 
associations (documentation elements) that link related 
conditions where there is a lack of supporting 
clinical/provider documentation or lack of familiarity.  
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