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lntroiﬁction :

258 milliofpeople in the U.S. have diabetes!, 3 million live with

Methods

Type 1 diab&tes® Participants

Procedures

Diabetes is tHg.7"" leading cause of death; death is twice as likely
for people with diabetes!

Management can affect emotions such as anxiety, stress, anger,
depression, and denial’

Despite the increased risk, diabetes can be controlled and risks
minimized by adherence to self-care behaviors?

A lack of social support and presence of stigma are theorized to
have a negative effect on adherence?®

Higher self-efficacy is associated with higher self-rated adherence?
The self-as-doer identity (i.e., the degree to which individuals
perceived themselves as the doer of their behaviors) predicted
greater frequency of exercise, insulin adherence, eating a healthy
diet, and foot checking®

Research on how stigma and a self-as-doer
identity affect individuals with diabetes is limited

> 166 Participants
< 134 Women; 31 Men

> Ages 18-64 years old
< (M=30.99, SD=10.71)

Diagnosed for an average
16.87 years (SD=11.30)

89.8% Caucasian, 2.4%
African American, 2.4%
Biracial, 5.4% Other

< Support needs, support attitudes, and
support received were not significantly
correlated with self-care:behaviors

Hypotheses

Social support, self-efficacy, and motivation will
have a positive relationship with self-care
behaviors

Stigma was not significantly correlated
with self-care behaviors

Autonomous and controlled motivation
were significantly correlated with self-
care behaviors

Stigma will have a negative relationship with self-
care behaviors

Social support, self-efficacy, and motivation will

: : " Self-efficacy and self-as-doer identity
edict an increase in self-care behaviors

were strongly and positively correlated

Stigma will predict a decrease in self-care with self-care behaviors

behaviors

Discussion

Pearson’s correlations
Multiple linear regressions

Participants completed
an online survey

Measures

of Demographics 2
Sumiiary of Diabetes Self-Care Activities'
Self-as-Doer Diabetes?
Treatment:Self-Regtilation Questionnaire®
Diabétes €are:Profile (Social Support Subscale Only)*
> Stigma Scale for Chronic lliness®
Diabetes Self-Efficacy®

Results
Means, Standard Deviations, and Correlation Coefficients
Variables SD)
(93)
337(54) 48"

Regression Analyses for
Predicting Self-Care Behaviors

Overall, hypotheses were partially supported. Results suggest that support attitudes, self-efficacy, ¥

and a doer i individuals with diabetes adhere to a treatment regimens
a doer identity may help indivi ) :
Health care providers might'‘consider interventions focused on developing a self-as-doer identity for
behaviors and building self-efficacy related to diabetes care. Additionally addressing
bout support mightalso improve self-care behaviors
Contrary to our hypotheses, diabetes-specific social support needs and support received were not
associated with self-care behaviors. : iat et
Perhaps general social support or support in other areasbof life not related to diabetes self-care
may be more beneficial for adherence to self-care behaviors
s also not related to diabetes self-care behaviors, which is contrary to‘lhe I\y;)?trueses
2S may not be seen as a stigmatizing disease due to the easily {nddoE\ 5eI’f~care
viors and that certain self-care behaviors are not stigmatizing, such as eating a healthy diet
erefore not be as important of a concern in treatment adherence for diabetes as it
C illnesses.
finition of social support and different recruitment

ide us ifferent de
ude using a different cts of self-as-doer identity and

: ~aUSE fe
jht also continue to explore causal eff

All factors contributed approximately 43.1% of the total variance
in self-care behaviors, R? = .431, AF(8,111)=10.51, p<.001

Self-efficacy, support attitudes, and self-as-doer identity were
significant individual contributors

Self-efficacy was the strongest individual contributor

Funding for this project was provided by the WSU
Undergraduate Student Research and Creative Projects Grant ¥
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Example

Candidate Pool | ARAAAAARARRARRAAAAAAAAAAAAAAAARAAAAAAA
25/74,34% | RARRRRARRARRARL09000 0000000090909 0
Hired A AR AT

A AR
2/18, 11% A AVATAVA

Question of
Interest

[s the hiring of head coaches biased against African-Americans?

Preliminary Questions

1. How many African-Americans should have been hired out of the 18 open positions?

2. Do we have to observe the expected value exactly in order to say that no bias is present, or is some deviation from the
expected value acceptable?

3. At what point do you start to believe the hiring process is biased against African-Americans? Do you think observing
2 1s “too much” deviation from what is expected in an unbiased hiring process?

Observed Expected

! !

0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18
MNumber of African-Americans

4. How much confidence do you have in your answer to the previous question?

Repeated Sampling & Exact Inference

5. What proportion of the outcomes resulted in 2 or fewer African-American hires?
6. Is this proportion small enough that you would consider such an outcome unlikely to occur by chance alone?

7. Would you say the data provides [ no | moderate | strong | evidence that the hiring process is biased against African-
Americans? Explain.

8. Do you have [ less | same | more | confidence in your decision when using a larger number of repeated samples?

Hands-on v X KX
Repe a:.te d 1 ] L] 1 l'I k'I' IEI x'I .fx il ] | I ] 1 I ] ] | Situa ti()n Out C(__)me
Samphng o 1 2 3 4 5 6 /7 € 9 10 11 12 13 14 15 16 1/ 18 0
Number of African-Americans Hands-on 0 = (0%
] L 3
. v e Technolog =3%
s 24 100
Technology $or e Exact Inference 2.99%
Repeated * e e s e e
Sampling AR AR AR Semm——
- - - - - i} D.m
S S S S S S S S S S S S 2
0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 ro st 14
Number of African-Americans 0 25 s 75 100 012
0,338
Observed value (x) 0.10
i,/ ' nog
ExaCt |2[| 100 Zﬂl'l| 0.06
Inference G o | "
One-Sided (Gre ater than) 0032
BinOmial % glsh;llgylﬂitrmal
DlStrlbUthn ..5 QIEEER B NUISEE 00—~ 2 3 4 ® ® 7 & 9 10 11 12 13 14 15 18 17 1%
6 .., 7 8 9 1 0 1 1 12 13 1'4 1'5 1]6 1'7 1'8 Contact authors for applet’s permanent web address
2

Numher of African-Americans

Assessment

— Preliminary ideas

 Discovery of expected value without formulas (6/11 correct, 5/11 rounded to a whole number)

* Understanding that deviation from expected value is acceptable (5/11 correct, 4/11 said yes because “you
cannot hire 6.12 African-Americans”

* Determination of unusual outcome (6/11 correct, 4/11 used a two-sided approach)

Understanding of the repeated sampling process

» Construction of population used for repeated sampling (Correct: 23/33)
* Representation of objects drawn from population (Correct: 29/33)
* Interpretation of dotplot (Correct: 25/33)

Intuitive Inference

» Counting of outcomes more extreme than observed (5/33 measured extremeness relative to observed outcome,
11/33 understood meaning of extreme or more extreme)

» Formal statistical conclusion (11/33 were able to write a correct inferential statement in context, 6/33 made a
partially correct inferential statement)

Letting Go to Grow

—

;™ The concepts of sampling distributions and inference are typically introduced
/ midway through the course and are centered on normal theory methods. Cobb
A ' (2007) suggests putting the core logic of inference at the center instead. Many
‘-2 = topics that typically precede inference for a single proportion are not necessary
Area under curve »*(1— ») : T
: as this activity illustrates. - T
Scatterplots Median Range
P(Z <-203) ConfidenceIntervals | What is necessary is a basic understanding of the core Sflmplmg 1
Boxplots  Standard deviation components of a sampling distribution: repeated sampling, [t iburices
Normal distribution Histograms | statistic, and distribution. The concepts of a p-value and its ! &)
Mean Standard error Cnrre]atiﬂml use as a measure of extremeness are naturally developed. (/ ‘
Data types Z-scores Pfﬂbﬂbﬂﬂ?&’ | These ideas are revisited several times throughout the course. = -
Central Limit Theorem Mode Distribution Statistic
Repeated Samples

' ‘ —

e —

New Challenges

* Some students feel it is necessary to do repeated sampling for every example

* Some students may confuse the number of repeated samples with the sample size

* Relies heavily on the use of technology (e.g. repeating sampling, computation of binomial probabilities)

* Normal approximation to the exact test is not discussed which may lead to perceived deficiencies in
future courses

» Confidence intervals based on exact methods are ditficult

Conclusions

 Activities, such as the one presented here, can be used to introduce sampling distributions and their role in
statistical inference early in the course

* These concepts can and should be revisited several times throughout an introductory course

» The activity presented permits students to discover the concept of a p-value and its measure of extremeness

» Exact tests (e.g. binomial) are a natural extension of the repeated sampling process and are accessible to
introductory students with minimal mathematical background through the use of technology

References
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A Randomization-Based Curriculum.” http://www.causeweb.org/webinar/teaching/2009-04/

» Cobb, G. (2007) "The Introductory Statistics Course: A Ptolemaic Curriculum?”, Technology Innovations
in Statistics Education: Vol. 1: No. 1, Article 1. http://repositories.cdlib.org/uclastat/cts/tise/voll/iss1/artl



i Motivation

*  Continue to develop appropriate curriculum guidelines for
an undergraduate statistics program

* Ensure that outcomes are adequate for preparing
students for employment and/or graduate school

Our Current State

* ASA's Current Undergradu urticulum Guidelines
- Tralning In core toplcs
Opportunities tor collaboration and development of
communication skills
Development of computational skills
Training In mathematical foundations

Past Considerations

*  Minton [1983) suggests that training
undergraduates is necessary to meet
the demands of industry and vital
to the growth of our graduate
programs,

= Higgins [1999) recognizes the
need for training statisticians at
the undergraduate level and
provides specific suggestions
for this curriculum

*  Hogg (1999) urges us to

Substantial training in an application area

Effectively
communicate with
3 statistical and
non-statistical

audience

* In spite of these guidelines, curriculum
varies widely at the undergraduate level

Utilize statistical 12 programs were investigated
software packages
and algorithms for
data management

and analyses /,-/
-

Demonstrate an

understanding of
statistical modeling
and study design

Programs were selected from

schools of varying sizes and across

5 Eral geograpl
¥ _1. VEral geographic
Program requirements
» Multivariable calculus: 17/22

8/22

Winona State University

s

Demonstrate

Designing an the abity o use

Demonstrate an
understanding of

CS course: 15/22

assess and iImprove the advanced « At least one course in an
statistics curriculum, mathematics statistical application area: 5/22

espetially at the
undergraduate level.

*  Bryce et al, (2001} discuss
the problem with the lack
of consensus on the under-

methods of proof
and analysis

Undergraduate  \ meitedoos

\ an application

Program Outcomes

Demonstrate the

Demaonstrate *  Several schools are faced

A ability to . . nunderstanding ith o ring students fo
graduate curriculum, S / anunderstanding with preparing students for

*  Moore (2001) states, "Our compllet? and tatlStICS Progral l | / of mathematical employment and/or
future depends on achieving analysis an / foundations praduate school within the

communicate
results for a
consulting

for the Future /:’:.mltutul'f‘.g‘;:! linear

a more prominent place In
undergraduate education
beyand the first methods
course.”

same program

eral outcomes for a

’/,/ \\_\\
I/Dr_\lm_n'.]‘.l!dl:vdn \'\__

program such as this have

been identified after reviewing

Be an ASA's guldelines and the past

— understanding of i SRS
ASA's Progression independent Demanstrate an probabillity and .,...,“ aty
y the |
g learner understanding of sratistical C SO
. i *  Qutcomes were (dentified
various statistical inference

without specifically mentioning

-l 2010 |—— Education Workgroup

4+ 1999 naest! uvernment

9 of future satishicians

methods (e.g
multivariate, sampling,
categorical, etc.)

courses to allow for flexibility

iderations
= Undergraduate Statistics Future Conside

11 1986 Education Initlative
DrpaniErd worknn
Bepreye

should ASA proceed with accreditation

of statistics programs to improve consistency

WINGEDROTUNITE ST W R
1 academu and industry

ey fr

—= Committes on Guidelines for Undergraduate » 1y an undergraduate degree sufficient to be a

Statistics Curricula

nethigoted concnpt nff accredite

professional statistician?

Aoerygredingte DIDGrormi sticians for

*  Should undergraduate programs train sta
graduate st hool, emplayment or both?
[ Wilks's ASA Presidential Address

4 1950_ = of 10 Tl e g

Firaphisng

What is the best way to develop statistics programs at small

* i thot of

liberal arts colleges (e g. stand-alane vs. interdisciplinary) ¢

o pofhe of a
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