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Abstract

Traditionally, assessment professionals use analyses relying upon null
hypothesis significance testing (NHST), but those tools have limitations when
analyzing small samples or disaggregated data. This study used common
NHST analytical techniques, compared their results, and then explored an
alternative technique that perhaps allows for a more precise understanding of
learning outcomes; to that end, it juxtaposed results from NHST techniques
to Observation Oriented Modeling (OOM) results using data from an eight-
module, massive online open course (MOOC). The OOM analysis effectively
analyzed small sample sizes after disaggregation, revealing relationships
between learners’ locations and the disproportionate outcomes among two
groups: non-native English-speakers and persons identifying as non-binary.
These findings show how meaningful disaggregation and interrogation of
collected data can help instructors improve pedagogy and materials, as well
as serve the field at large by suggesting alternative analytical tools to glean
meaningful results from difficult-to-analyze data.
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I n the field of learning assessment, we often need to analyze data sets that are
irregular or atypical. Sometimes data have gaps or are clustered in ways that confound
relationships. In particular, small sample sizes can flummox assessment professionals, who
are trained to eschew individual-case observations for procedures relying on data aggregates.
As historically marginalized groups gain access to more educational opportunities, there is
a growing need to effectively assess learning outcomes for these populations. However,
ethical research relies on anonymity for participants, which is difficult to maintain while
disaggregating data for members of particularly small groups. In those instances, traditional
quantitative approaches simply cannot do what we want to do. However, recent advances
permit us to disaggregate data and learn from it without identifying participants, and these
alternative approaches can be incredibly useful when targeting small-n minority groups. As

CORRESPONDENCE good assessment requires good data, we ought to be using these tools more often.
Email

sarah.wu@gatech.edu Since assessment data is used to support efforts to improve student learning, there

is a growing emphasis on equity-minded assessment approaches designed to help ensure
that every learner is being reached effectively. To do so requires data disaggregation in
reports—which, again, is not a strength of traditional quantitative methodologies. Henning
et al. (2022), discussing equity-centered assessment, provide an excellent overview of past
practices. Rather than relying entirely on traditional null hypothesis significance testing
(NHST), theirbias-free assessment model compensates for NHST’s weaknesses by suggesting

ve, oversampling students from less-represented populations. While not condemning NHST
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outright, their work highlighted two important trends: 1) in many fields, the null-hypothesis
model has been taught as the gold standard of analysis to such a degree that alternative
methods are excluded from the conversation (Gigerenzer, 2004; Orlitzky, 2012); and 2) NHST
methodology inherently focuses on the big picture, making effects on small populations
difficult to discern without corrective efforts such as oversampling. Systematic reviews of
educational research also indicated that ANOVA/ANCOVA, correlation, regression, and
t-test were commonly used as data analysis procedures (Hsu, 2005; Martynychev, 2010;
Ozdemir et al., 2022).

This limits the utility of disaggregated data when minorities are significantly
outnumbered or when the response rate is low, as the relatively small n of under-represented
groups makes analysis difficult. Fortunately, there are effective non-NHST ways to investigate
data. While alternative methods are neither frequently used nor frequently discussed in the
assessment field, they can be superior for examining small-n groups that might be exerting
an outsized influence on your aggregate results—or that could wind up excluded from the
data set entirely. Hopefully, our study begins to shift the conversation toward including those
innovative methodologies, thus improving assessment practices, metrics, and outcomes for
students and educators alike.

This study used common NHST analytical techniques, compared their results, and
then explored an alternative technique that perhaps allows for a more precise understanding
of learning outcomes; to that end, it differentiated results from NHST techniques to
Observation Oriented Modeling (OOM) results using data from an eight-module, massive
online open course (MOOC!). Our purpose was twofold: first to compare the two NHST?
(nonparametric against parametric) procedural results, and then to juxtapose those findings
with the relatively novel OOM approach. Herein, we compare the techniques using data
from Applying and Leading Assessment in Student Affairs, a self-paced, eight-module
course offered at no cost. Successfully completing the class earns a certificate indicating
proficiency in assessing learning outcomes in higher-education settings. With an average
1,600 participants each year, the course offers ample data for investigation.

Using disaggregated student data, we performed ordinal pattern analyses using
OOM and compared the results to those of typical NHST aggregate-model results, which are
holdovers from a positivist practice (Hubbard, 2016; Lambdin, 2012; Micceri, 1989; Michell,
1997, 2000; Phillips, 1987).

Why Assessment Matters

Accrediting organizations note that higher education should see continuous
improvement in learning outcomes; assessment professionals increasingly seek to do
more with their data to not only meet accreditors’ expectations but also identify learning
performance gaps among student groups. This requires an emphasis on better, tightly
focused assessments, and the need for carefully designed procedures is highlighted across
national assessment and evaluation organizations. In its 2020 Resource Manual, the Southern
Association of Colleges and Schools Commission on Colleges notes that “Institutions should,
as a result of the analysis of such disaggregated data, discuss any ongoing institutional
strategies to seek improvement in the achievement of at-risk student populations” (p. 65).
However, researchers often find that professionals remove small-n populations from analyses
when disaggregating data (Montenegro & Jankowski, 2020), largely because they continue to
use methods inappropriate for examining small sample sizes that cannot yield precise or
useful results for those populations. Assessors must not forget that their goal is to derive
practical results that can be used to inform decisions that have real-world impacts upon all
students, small-n and large-n alike. When assessment practitioners are asked for an overview

A MOOC is an online course with many participants (usually in the thousands or tens of thousands) typically offered
free of charge and open to anyone with an internet connection.

2Nonparametric tests are expected to include the same principled steps as do parametric tests: 1) identifying and listing
both null and alternative (or research) hypotheses, 2) selecting the appropriate analytical tests, 3) determination of the
acceptable alpha-level, 4) classifying data into evidence, and 5) drawing conclusions (Gibbons & Chakraborti, 2010).

NHST methodology
inherently focuses on the
big picture, making effects
on small populations
difficult to discern without
corrective efforts...
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of student learning performance at the program or institutional level, traditional NHST—
which is a group-based and large-n paradigm— approaches can potentially misguide
educators obscure opportunities to understand the full spectrum of student learning
experiences and consequently underestimate different needs. As the sample size decreases,
the test’s power reduces, making it harder to detect the true outcome. McConnell et al. (2022)
warned that an “overreliance on statistics can erase or dismiss entire groups of students,
particularly [underrepresented ones],” as assessors sacrifice actual outcomes on the altar of
statistical objectivity (p. 393).

Affective Domain Learning

Krathwohl et al. (1964) defined the affective domain as the beliefs, values, emotions,
and attitudes that collectively form the mindsets or dispositions that mediate learning. While
those authors used affective descriptors to indicate whether an individual has internalized
values, assessing learning in the affective domain can be challenging. It is difficult to directly
measure learning outcomes for professional values because beliefs, attitudes, and the like
cannot be arranged hierarchically (McLeod, 1991; Pierre & Oughton, 2007; Tittle et al., 1989).
Because of this, it is difficult to directly measure learning outcomes for professional values
(Rogers et al., 2017).

One way affective learning can be assessed is through learner reflections, in which
they write about their understanding of how course material might relate to their professional
roles. In examining these reflections, Rogers et al. (2017) suggest using the Griffith University
Affective Learning Scale (GUALS), which assigns scores to students’ statements ranging
from 1 (no evidence of affective learning) to 7 (the highest level of internalization).

Null Hypothesis Significance Testing and Alternative Approaches

Null Hypothesis Significance Testing (NHST) is a set of statistical methodologies
commonly used to test the significance of research findings. For nearly 80 years, it has been
assumed that significant results verify a rejection of the null hypothesis and—crucially—are
reliable enough to generalize® the findings to the overall population from which the sample
was drawn. This methodology has been the basis for knowledge claims since Sir Ronald
Fisher established it, however, Karl Pearson is credited with the origin of the p-value as he
introduced it in the Chi-square test (Hubbard, 2016). Savage (1954) claimed these were the
twentieth century’s two most influential statistical developments.

Despite its widespread use, many have criticized overreliance on significance-
testing procedures?; they have questionable ability to accurately depict outcomes, due to
the limitations inherent in using aggregate data rather than individual observations. Several
alternative methods have been proposed for use in place of NHST. Effect-size estimation
(Cohen, 1988; Thompson, 1998) has been highly touted, and is assumed to provide more
informative approaches to hypothesis testing. Additionally, Pek and Flora (2018) provided
an extensive tutorial for using effect sizes in response to reforms needed across research
using NHST methodologies; they also stated the importance of confidence intervals being
reported together with effect sizes as ways to make research more intuitive and interpretable.
P-values indicate significance of the impact only, but effect sizes illustrate the power of the
impact. Confidence intervals (CI) provide a range of values that are confidently expected to
include the true population parameter (Frick, 1995; Morey et al., 2016); overlapping CIs are
claimed to provide a more informative approach to estimate the precision of findings across
different populations (Morey et al., 2016). The lowest value of the CI range to the highest value
indicates how much standard error is used in the measurement from a sample. Therefore,
to learn if the sample is a good or poor representation of the population, CI would be a
better approach. (Cumming, 2008, 2014). Confidence intervals also can be compared across

3 Whilst this may not be correct, it is common practice. See Hubbard (2016) chapter five, for an extensively researched
verification of the practice across several research fields.

*For an early example, see Yates (1951), followed later by Guttman (1985), Nelder (1986), Nester (1996), and Vickers
(2010).
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studies for a more robust picture of the phenomenon under investigation; Hubbard (2016)
included CIs and effect sizes (in tandem) as a recommendation for considering a paradigm
shift to “significant sameness” (p.73) from the NHST significant difference stance. However,
the above approaches rely heavily on random sample selection or normal distribution of
the sample. To explore program improvement opportunities to enhance learning, which
is the main purpose of assessment, using the above approaches may potentially sacrifice
individuals who are outliers in samples.

Herein, we examine Observation Oriented Modeling (OOM), a viable complement
(and perhaps alternative in some cases) to NHST that allows researchers to develop more
nuanced and accurate models based on ordinal patterns and pairwise comparisons of
ordered observations, comparing case against case (much as post hoc pairwise models do
while exploring significant results from an ANOVA or a Kruskal-Wallis test). However,
NHST post hoc tests still compare groups against groups as aggregates, drawing inferences
from those samples to describe the population as a whole—which does not work well with
small-n samples. Because OOM focuses on ordered observations of individual cases, rather
than testing a specific hypothesis based on aggregated data, researchers increasingly agree
that it can be superior to traditional statistical methods, as its accuracy depends neither upon
the sample size nor the distribution of data (Cota, 2015; Craig & Abramson, 2015; Grice et al.,
2017; Valentine et al., 2019).

OOM has a learning curve, of course, with its own jargon and critical metrics.
Two types of ordered observations replace the usual variables: target observations (which
describe what the researcher expects to see) and conforming observations (those which match
expectations). Once data is collected, the researcher determines the total classifiable pairs of
observations, the result of ordering each observation against every other, and determines the
percentage of observations that conform with the researcher’s expectations, which Grice
(2011) aptly named the percent correct classification index (PCC). OOM also calculates a model
chance value (c-value) that represents the probability of achieving the ordered-observation
PCC randomly.

Another key metric from OOM randomization is the number of values greater than or
equal to the percent correct, with lower being better. As OOM uses literal observations of the
entire population rather than making inferences, there are no rigidly defined cut-off values
indicating significance; however, Valentine et al. (2019) have suggested that a PCC > .50
(50%) combined with a model c-value < .10 be considered significant. The OOM software
allows the use of deep structures for randomization of ordered observations (a discussion
beyond our scope®, but Grice (2011) gives an excellent overview); its goal is to bring the deep
structures of target and conforming observations “into conformity” with each other (p. 121).
In layperson’s terms, the objective is to see how observed reality diverges from expectations,
so that inputs can be modified in hopes of increasing future conforming observations. For
example, if a medieval artillerist operating a trebuchet® keeps falling short of their target,
observation indicates that their PCC will increase if the projectiles fly farther. There are
several ways to achieve that end: lengthening the arm of the trebuchet, increasing the size of
the counterweight, or using a lighter stone, any of which could alter the results. After making
changes, the artillerist observes again, sees how the results have shifted, and repeats until the
desired outcome is achieved. The process is similar in the classroom, albeit with fewer rocks
and more attention to learning outcomes.

5 Succinctly, there are two processes at play here. First, zeroes and ones are used as real values and randomized;
second, Procrustes rotations classify (not sample) the data at hand. OOM is not aimed at generalizing to populations,
but rather toward generalizing to the best explanation for the observed patterns not due to physical change nor so minor
as to be useless (except in early-stage, exploratory work, such as ours). Herein lies another important difference; OOM
uses abductive reasoning rather than deductive reasoning as is typically the case in hypothetico-deductive research
approaches. Astute statisticians may want to compare this to bootstrapping, however that process resamples, while
OOM’s randomization process reclassifies.

¢ A siege engine that used a lever to launch projectiles at castles.

OOM focuses on
ordered observations of
individual cases, rather
than testing a specific
hypothesis based on
aggregated data...
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Methods/Design

In this exploratory study, we used mixed quantitative and qualitative data in an a
posteriori framework; following McNiff (2017), it also nests into action research, as its goal is to
improve analysis techniques for assessing outcomes for small-n groups. Its primary purpose
was to demonstrate the utility of Observation Oriented Modeling (OOM) by comparing
it with traditionally employed data-analysis methodologies. To that end, we analyzed
measures of cognitive- and affective-domain learning outcomes for adults participating in an
assessment-certification massive online open course (MOOC). These data included both the
students’ scores across the MOOC's seven end-of-module quizzes (for cognitive outcomes)
and GUALS (Rogers et al., 2018) scores derived from discussion board posts and end-of-
course learner reflections (for affective outcomes) across six years of course offerings. GUALS
scores were derived deductively using the GUALS (Rogers et al., 2018) rubric in conjunction
with Mayring's (2022) qualitative content analysis (QCA) procedures. Our analyses continued
with a GLM procedure in Minitab® Statistical Software (2021), followed by concurrent ¢- tests/
ANOVA and Kruskal-Wallis tests conducted with the IBM SPSS Statistics (Version 29) and
Minitab® programs, respectively. Subsequently, we analyzed data using the OOM software’s
(Grice, 2011) crossed orderings” procedure. We followed the OOM procedure with a post hoc
Dunn’s test, and compared the results of those varied approaches.

The Online Course and Participants

Developed by Student Affairs Assessment Leaders (SAAL), Applying and Leading
Assessment in Student Affairs is a complimentary course offered once a year, exploring core
concepts in assessment coordination and providing resources for assessment practice (Levy,
2024). Its self-paced curriculum is geared toward student affairs professionals, but most
content is applicable to academic assessment in general.

At the conclusion of the course, enrollees could choose to participate in an end-
of-course survey; across six years, 1,404 students responded to some or all of the items on
that questionnaire®. Of those who did, 327 (23.29%) successfully earned their certification in
student affairs assessment. Table 1 provides relevant demographics.

Areas represented outside North America included 4.77% from Asia, 0.79% from
Europe, 1.43% from Latin America, 1.27% from Middle-East/North Africa, and 0.64% from
Sub-Saharan Africa.

Table 1
Distribution of MOOC Participants by Gender Identity, Location, and Language

Native English Speaker, Pct,

Gender ID, Pct, Number Location, Pet, Number Number
Male, 25.2%, (159) North America. 91.1%, (573) No, 7.34%, (46)
Female, 71.8%, (453)

Non-binary, 1.6%, (10) Outside NLA _ 8.9% (56) Yes. 92.66% (627)
Non-disclosed, 1.4%._ (%)
773 *T75 *777

Note. * indicates missing values

7 Grice (2011) explained that the crossed orderings procedure in OOM is analogous to the traditional independent
samples t-test, between subjects ANOVA, and the Mann-Whitney U test. We chose to illustrate this procedure since
as we explain further in this manuscript, these are commonly used analogs among assessment professionals; see also
Grice (2022) for a visual demonstration.

8 Because the surveys were not forced-completion, missing data was an issue for many included cases—a situation with
which many assessors will be quite familiar.



RESEARCH & PRACTICE INASSESSMENT =« -« =« +cxcneneeenccccccenns

Data Analysis

Data were analyzed in multiple stages. First, we grouped a qualitative data set
consisting of participant reflections and a quantitative data set consisting of quiz scores across
seven modules of the MOOC. The participants’ reflections were subjected to a QCA (Mayring,
2022) procedure which quantitized® the qualitative reflective responses into ordinal values from
one to seven.

Second, the two datasets were then classified into our two response (or dependent)
variables of affective and cognitive learning outcomes. Affective learning outcomes were
categorized according to the validated GUALS (Rogers, et al. 2018) instrument. Unit quiz scores
were used as cognitive learning outcomes.

Third, Minitab’s general linear model (GLM) procedure was used for exploratory data-
snooping, using the two sets of outcome variables with impact/predictor factors including
participant demographics (refer to Table 1). According to Ramsey and Schafer (2012), data
snooping tools are exploratory tools designed to point in general directions, but the linear
combinations identified are not intended to be used as results. Analysts are expected to be
able to investigate resulting coefficients as well as interpret what are the worthwhile and
consequential linear combinations and then select appropriate tests for formal analyses. The
authors are clear that “the user should report that the [data snooping] tools were used to suggest
reductions in multivariate responses prior to the onset of formal data analysis” (p. 539). General
linear modeling (GLM) uses regression equations (linear and logistic) in a probability model
equation that tests the mean of the response variable and potential relationships to explanatory
variables. As Ramsey and Schafer (2012) further explained, with a GLM model, nearly “all of
the regression tools carry over with minor modification” and ultimately “provide flexible and
sensible ways to incorporate and evaluate explanatory information” (p. 606).

Fourth, as a result of the data snooping efforts, our team further investigated data
specifically with those results in mind using both nonparametric and parametric NHST
procedures. We did not begin the research with any sort of deficit hypothesis, but the GLM
procedures suggested that these particular directions would be fruitful for deeper analyses.

Fifth, we grouped and listed NHST results to assist with the next step. Sixth, we
used the NHST results to define patterns in the OOM software for performing the crossed
orderings procedure (refer back to footnote 7). Finally, in the last analytical step we compared
our outputs from the OOM crossed orderings procedure to a post hoc Dunn’s test using
Bonferroni adjustments. Figure 1 illustrates the seven-step analytical approach taken for this
research project.

To recap, we established two outcome variables (Step One, Figure 1). For cognitive
outcomes, we used scores from seven successive weekly-unit examinations; for affective
outcomes, we used the GUALS rubric developed by Rogers et al. (2018) to assess participants’
reflections’’. Once the qualitative response variables were coded and the quantitative scores
were obtained (Step Two, Figure 1), we conducted Minitab’s GLM procedure (Step Three,
Figure 1). Any potential explanatory variables that returned a p-value < 0.20 through the GLM
procedure were analyzed further (Step Four, Figure 1) using IBM SPSS Statistics (parametric)
and Minitab (nonparametric) Statistical Software. We isolated the NHST statistically
significant results (Step Five, Figure 1) to determine expectations for the next (Step Six,
Figure 1) analytical stage, using OOM’s crossed orderings procedure with randomized deep
structures. Lastly, (Step Seven, Figure 1) we compared the OOM results to a post hoc Dunn’s
test with Bonferroni corrections.

Results

MOOC participants needed to score > 75% on each module quiz in order to pass the
course and earn certification. The data included here represent those who completed the end-

° See Teddlie & Tashakkori, 2009 for a discussion of this process, sometimes referred to as fusing.

1% Every year, students were asked to reflect on the individual units and overall experience in the MOOC; we wanted to
know how they were putting lessons into practice and coded their responses for evidence of affective-domain impacts.

General linear modeling
(GLM) uses regression
equations in a probability
model that tests the
mean of the response
variable and potential
relationships to
explanatory variables.
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Figure 1

Analytical flowchart for the research project
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Table 2
Cognitive Outcome Descriptive Statistics of Quiz Scores by Modules, Across Six Years
vaulE  ToRGHE  CLoiE Sndud Maximum*
Values Deviation
Module 1 1,404 42 6.00 256 8.00
Module 2 1,404 41 4.84 0.40 5.00
Module 3 1.404 42 727 0.62 8.00
Module 4 1,404 42 487 035 5.00
Module 5 1,404 42 723 2.81 11.00
Module 6 1,404 44 6.68 138 9.00
Module 7 1,404 46 740 0.78 8.00

Note. *Maximum value is the total points possible per module.

Table 3
Affective Outcome GUALS-Score for the Student Affairs Assessment Leaders MOOC
i, Total Missing Standard _
Vbl Count Values Mean Deviation Median ToR
GUALS-Scere 1,404 940 5.08 148 5.00 2.00
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of-course-survey, 76.71% of whom did not earn certification. Table 2 gives cognitive outcome
achievement as descriptive statistics for each module’s quiz score across all six years of the
course (Step Two, Figure 1).

Students were not required to post to discussion boards nor to submit reflections" to
earn their certification, nor were those submissions marked or graded; thus, there were fewer
reflections and posts coded than there were quiz scores. Table 3 shows the achieved affective-
domain learning outcomes, as assessed using the GUALS rubric (Step Two, Figure 1).

Previous research (Nix et al., 2022; Song et al., 2021) demonstrated that a GUALS score
of four (4) is a clear indicator for achieving a mindset shift; Table 3 demonstrates that MOOC
participants have consistently achieved at least that level (median = 5) of affective-domain
learning. As a reminder, GUALS scores range from 1 = no evidence of affective learning to 7 =
highest level of internalization. Given this overall success, affectively speaking, we wanted to
look for barriers that may have kept some students” GUALS scores lower than the measures of
central tendency. We identified potential predictor variables, described later.

NHST Results

Both nonparametric and parametric tests are used for NHST. While nonparametric tests
are preferred as a distribution-free inferential toolkit (Gibbons & Chakraborti, 2010), considerable
debate has continued for nearly the entire eighty years of NHST testing (Mircioiu & Atkinson,
2017; Vickers, 2005) about the veracity of this predilection. Our team wanted to compare the
results of the two analytical approaches. Following up on the GLM data-snooping reduction
(Step Three, Figure 1) suggestions, twelve statistically-significant impacts were identified
through nonparametric NHST analyses, 11 of which were also observed through parametric
statistical tests. Nine of those indicated by both kinds of tests were related to quiz scores. In four
cases (Modules 2, 3, 4, and 6), learners’ scores were impacted by whether they were a native
English-speaker; for Modules 2, 3, 4, 6, and 7, a student’s location (inside or outside of North
America) was significant. Gender identity did not show a significant impact on quiz scores
from either nonparametric or parametric standpoints. Table 4 provides an overview of these
statistically-significant results, obtained using Kruskal-Wallis and Independent T-Tests (Step
Four, Figure 1).

The other three statistically-significant impacts (of participants’ location, native
language, and self-reported gender identity) were on the affective-domain learning outcome
assessed by the GUALS. It should be noted that gender identity was only found to be statistically
significant using a nonparametric analysis. Table 5 illustrates the metrics for these outcomes.

The two parametric NHST approaches (ANOVA and Independent T-test) test the
equality of means (Ramsey & Schafer, 2012); considered robust statistical analyses for comparing
the difference in population means across groups', these approaches are commonly applied in
assessment studies (Hsu, 2005; Martynychev, 2010; Ozdemir et al., 2022). After disaggregating
our independent variables (English-speaking, location, and gender), though, some subgroups
fell below n = 5. For the gender case, the non-binary subgroup included just two participants,
while three chose not to disclose their gender. With such a small n, ANOVA would have
inevitably missed the statistical significance of GUALS-score as impacted by gender. The
Kruskal-Wallis, a nonparametric test comparable to the parametric ANOVA, uses ranked data
in place of raw data (Ostertagovd et al., 2014), testing whether a random observation from each
group is equally likely to be above or below a random observation from another group. As the
Kruskal-Wallis is distribution-free, it is understandable that its results showed significance, but
an ANOVA did not.

" Analyzing the participant reflections assisted us in assessing affective learning outcomes to see how learners’ mindsets
had shifted, affording insight similar to what course faculty used to adjust materials and instruction accordingly.

1 See Ramsey & Schafer, Chapter Three, for a discussion of the t-distriburtion and what they term the “#-tools”; they
aregue that these “work quite well even when the populations are not normal” (p.28).

Gender identity did not
show a significant impact
on quiz scores from
either nonparametric or
parametric standpoints.
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Table 4
I\?HSeT Analyses of Module-Quiz Scores as Impacted by*? Native Language and Learner
Variable Statistic Povalue Effect-Sizel® Estimate
Module 2 / Native English-Speaker f:f;; g:ggg f;?gjgﬂigg
Module 2 / Location ﬁ; 33131 g:ggg @_ﬁ;ﬂéi m%
Module 3 / Native English-Speaker }‘; :f(jl j{fg{?l 50 E?:;m%
Module 3 / Location ﬁ; 2;5)33 f{-}?g{?l @_f;ﬂ (L\?I m§
Module 4 / Native English-Speaker H; :893“ g:ggg ae_?;ﬁi mg
Module 4 / Location ﬁ; :3323 g:g?g a&_f;dﬂ (ij cfd\‘;e;lg
Module 6 / Native English Speaker o ) #T;Ug; o e;g
Module 6 / Location ‘5;:212 9 gggg @E%ﬁ ;’.;’::;13
Module 7 / Location H; :;0131 g:gg; @.I;:;U (1& m§

Table 5
NHST Analyses of GUALS-Score as impacted by Native Language, Learner
Location, and Gender Identity

= g e . Effect-Size
Variahle Test conducted Statistic P-value —

Native English-Speaker Erskal-Wallis H=6.19 0.013 =013 (Weak)
Independent T-Test =272 0.007 d=1651 (Moderate)

Location EKruskal-Wallis H=11.73 0.001 #=1037 (Weak)
Independent T-Test =3.17 0.002 =670 (Moderate)

Gender Eruskal-Wallis H=8.65 0.034 n*=.020 (Weak)
ANOVA F=126 0292 12=1025 (Weak)

To help understand the strength of the relationship between variables in the
population, the effect size was reported for each test. The results indicated that the effect sizes
for nonparametric tests were weak, but moderate for parametric ones.

Results for Observation Oriented Modeling (OOM)

We used pairs of orderings in the OOM software to determine relationships. We
adopted the results from the NHST tests of significance to set the stage (Step Five, Figure 1) for
using OOM as a post hoc pairwise comparison procedure. Those results are covered in Table 6.

2 The authors will use the slash symbol “ / ” as a separator with the first term indicating the outcome variable and the
second term being the explanatory variable.

13 For parametric effect size benchmarks, Cohen (1998) as cited in Tomczak & Tomczak, 2014 assigned score-ranges to
categories of weak, moderate, and strong. For nonparametric estimates of effect size, eta-squared values range from
0-1, with larger numbers representing a stronger effect (Tomczak & Tomczak, 2014) with “one representing a perfect
relationship” (p. 24).
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Table 6
OOM Results by Key Metrics from Deep Structure Analysis with 500 Randomizations
Values = Clasgﬁable Percent
Ordered Pairs of
Observations, Defined Pattern Otncaed Observations Cc_)ﬂect. M{:}iel L
. Percent | Classifications Value
Crossed Orderings - /Correct (®CC)
Obszervations
Module 2 / Native Non-native 11 25212 23.01 0.02
English-Speaker speakers will /5,801
score lower
Module 2 / North 0 20008 3115 0.002
Location Americans will /9344
score higher
Module 3 / Native Non-native 0 25,168 41.16 0.002
English-Speaker speakers will /10,358
score lower
Module 3 / North 0 20945 42.80 0.002
Location Americans will /9344
score higher
Module 4 / Native Non-native 0 24,639 2749 0002
English-Speaker speakers will 6,773
score lower
Module 4/ North 1 20,432 22.70 0.002
Location Americans will /6,682
score higher
Module 6 / Native Non-native 43 24630 40.76 009
Englizh-Speaker speakers will /10,044
score lower
Module 6/ North 7 20432 43.46 0.m
Location Americans will 12,101
score higher
Module 7/ North 1 20,892 4497 0.002
Lacation Americans will 13441
score higher

It is important to reiterate that the results from the NHST significance tests defined the
patterns (Step Five, Figure 1) in each set of crossed ordered observations presented in Tables 6
and 7 (see above and below, respectively). To discuss the revelations OOM provided, we will
first discuss Module 2 scores crossed with learners’ native languages, after which we will examine
the implications of the results from pairing GUALS-scores and gender identity. As covered in the
previous NHST section, when analyzing quiz scores from Module 2, we learned two things: 1)
although the overall medians for the two groups were the same, non-native English-speakers’
quiz scores were more often below the median than native speakers” scores were; and 2) that
the population mean for non-native speakers, on average, was estimated to be significantly
lower than the mean for native ones, for Module 2 quiz scores. From the OOM analysis we
learned that 23% of the ordered observations conformed to that expectation. Remember, this
figure is an observation, not an estimation; when we compared a Module 2 quiz score from a non-
native English-speaker with one for a native English-speaker, it was lower 23% of the time.
Furthermore, out of more than 25,000 comparisons randomized 500 times, that did not hold
true in only 11 instances. Less than two times out of 500 would we accidentally see this result. If
our course were intended to reach more non-native English-speakers, this might be important
information to know.

However, it is also true that any result with a PCC value of less than .50 is generally
discarded. We wondered what would happen if we eschewed NHST findings and used only
OOM for analysis. Thus, we further analyzed the data for Module 2 scores with an adjusted
expectation®®. Our supposition this time was that both native and non-native English-speakers’

1> Astute statisticians will recognize this adjusted expectation as analogous to what NHST terms the null hypothesis, or
whether the differences across groups had a “zero value”; in NHST testing a “non-zero value” would indicate there was
a difference in means across groups (Ramsey & Schafer, 2012, p.11). This example is provided to illustrate that OOM can
be used with the same presumptions if desired.

Less than two times out of
500 would we accidentally
see this result. If our
course were intended to
reach more non-native
English-speakers, this
might be important
information to know.
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Table 7
Ordinal Pattern Analysis (Crossed Orderings) for MOOC Module 2 Quiz Scores
and Native Language of Participant

Classtfication Results:
Ordinal relations between pairs of observations classified according to the defined pattern(s)

of expected score-equality across groups

Classifiable Pairs of Observations 25212
Correct Classifications 17.073
Percent Correct Classifications 67.72
Randomization Results
Observed Percent Correct Classified Pairs 67.72
Number of Randomized Trials 500
Mintmum Random Percent Correct 6431
Maximum Random Percent Correct 8377
Values »= Observed Percent Correct 487
Model c-value 0.97

Table 8
OOM Results by Key Metrics from Deep Structure Analysis with 500 Randomizations
Ordered Values Classifiable Pairs Percent
Observations, i Pt ~pCC of Olbsen-‘anons Cosract Mo.d:l C-
fioied Value . it
Orderings Observations
GUALS Non-binary =Non- 41 12.481/5,671 4544 0.08
sCores / disclosed, Men, and
Gender Women; Women = Men
and Non-disclosed:
Men = Non-disclosed
Non-binary = Non- o7 15/10 66.67 0.19
disclosed
Non-binary > Men g 310/242 78.06 0.02
Non-binary =Women 17 855/ 624 73.10 0.03

quiz scores would be equal. The data were not normally distributed, A = 382.29, p < 0.005, and
the medians of the two groups were identical (5.0). Table 7 lists the detailed OOM output with
the critical values.

Reviewing the results, we observed that 67.72% (PCC value) of the ordered observations
conformed to our supposition that scores for both groups would be equal. However, since the
model c-value is 0.97 (487 ordered observations out of 500 randomizations exceeded the PCC
value), completely ruling out chance occurrences is not possible.

To further illustrate a compelling use for OOM, we explored GUALS-score differences
using the OOM crossed orderings procedure (Step Six, Figure 1) as a post hoc test following the
NHST Kruskal-Wallis results (Steps Four and Five, Figure 1). Table 8 lists the OOM critical
values for GUALS-score cross-ordered with gender identity. Specifically, we wanted to use OOM
in comparison with the Dunn’s test’¢, a frequently recommended post hoc procedure following
a significant Kruskal-Wallis result.

© The Dunn’s test is described in great detail by Dinno (2015) as well as the rationale for including the Bonferroni
adjustment, which illustrates the confidence intervals of the groups. According to the R- companion handbook
(Mangiafico, 2016), the Dunn’s test is preferred over the Mann-Whitney U. as a post-hoc test for the Kruskal-Wallis
because the Dunn’s preserves the rankings from original data, whereas the post hoc Mann-Whitney U. fest re-ranks the
oe, data based on the particular pairwise comparison.
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Figure 2
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Table 9
Kruskal-Wallis Conclusions

Groups Bonferroni critical Z-value P-Value
Man / Non-Binary 2.90930 > 2,128 0.0036
Woman / Non-Binary 2.6924022.128 0.0071

To recap, we used the NHST results from the Kruskal-Wallis test (Step Four, Figure
1) to define the patterns of the ordered observations (Step Five, Figure 1) listed in Table 8.
Introducing OOM into practice as another post hoc analytical tool is perhaps the least intrusive
way we could imagine to introduce the methodology for newcomers to OOM’s analytical
procedures. Because those traditional NHST results were statistically significant (suggesting
that the population median for participants identifying as non-binary was estimated to be
higher than any other gender-identity groups), we conducted a post hoc Dunn’s test with
Bonferroni correction in order to determine the exact source of this statistical significance (see
Figure 2 and Table 9). Then, we evaluated OOM as a post hoc tool in comparison with Dunn’s
test results (Step Seven, Figure 1) displayed in Figure 2.

We observed through Dunn’s test results that the sources of significance were indeed
the two pairwise comparisons of man/non-binary and woman/non-binary. It is clear that the
maximum values within the confidence intervals for both men and women were approximately
equal to the lowest values within the confidence intervals for persons identifying as non-binary.
Equally compelling, our OOM crossed-ordering analysis provided a rich description of our data,
but was based on disaggregated individual observations, rather than abstract estimations of group
properties. Participants identifying as non-binary achieved higher GUALS scores than men
(78% of the time) or women (73% of the time); the chances of getting those results randomly
were extremely low, 2% and 3%, respectively. While both tests report significance, OOM’s
outputted results are quite exact, fo the person.

Discussion

While online education provides unique opportunities for people to access learning
content, course design or execution might reduce efficacy among some subpopulations. Using
traditional analyses, smaller groups’ outcomes may be masked because of their reduced impact
on aggregated results. To illustrate this shortcoming, we used OOM analysis to compensate for

While both tests report
significance, OOM’s
outputted results are
quite exact, to the person.
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Most importantly, our
findings showed that
small-n groups could

be used to illustrate
better outcomes than
large-n ones.
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our small sample size after disaggregation. Through our findings, we would advocate for OOM
as an important supplemental method for people with NHST familiarity and background to
consider for use. OOM provided more immediate source and relationship insight with respect
to variables (orderings) and small-n interactions than NHST, as NHST required additional
steps which typical evaluation procedures may not lead someone to conduct, especially with
such small sample sizes. The strength of the OOM analysis lay in its ability to achieve nearly
12,500 randomized pairwise comparisons from a small-n (10) group of people whose personal
demographic information was still de-identified. Through the combined NHST and OOM
approach, results are more grounded in reality of actual observation as opposed to abstract
estimations from NHST methods alone.

More specifically, our OOM results showed that, across multiple NHST tests and both
traditionally recommended and OOM post hoc analyses, status as a native English-speaker and
locations outside North America had impacts on cognitive outcomes while self-reported gender
identity had an impact on affective outcomes; all findings were significant, statistically. These
findings can point the way to improving learners’ outcomes; for example, over the past six years,
students outside North America received lower scores than those inside. This result—which
NHST results may not have illuminated—indicates that course materials could be redesigned
to better assist non-North American learners, if increasing international participation be an
intended output. Similarly, non-native speakers of English had GUALS scores below 4 at a
disproportionately higher rate than native speakers did.

Most importantly, our findings showed that small-n groups could be used to
illustrate better outcomes than large-n ones. Typically, the assumption is that struggling
learners belong to marginalized or minority groups (Lu, 2023). With that in mind, we found
it particularly illuminating that our OOM results showed that, to the contrary, the GUALS
scores of persons identifying as non-binary were higher than those of men or women. Further
analysis could investigate the why behind the success of students identifying as non-binary.
Were the instructors more accessible to people who identified as non-binary? Are there other
characteristics of persons identifying as non-binary which may indicate deeper capacity for
reflexivity? Investigating these outcomes deeper may provide insights which could not only
help other educators create programs that are similarly helpful for gender minorities, but might
also be used to help majority-group learners attain better outcomes as well.

Conclusion

A national survey result on needed skills for assessment professionals in higher
education indicated that analyzing quantitative data, disaggregating data, and communicating
assessment results to stakeholders are the highly rated needed skills (Morrow et al., 2022).
However, assessment professionals, taught as they were to primarily rely on NHST, may not
be aware of worthwhile alternative approaches or seek them out. Course insights aside, the
important message to take away from this research project is a confirmation that OOM can be a
worthwhile option in conjunction with NHST, in certain cases, especially in learning outcomes
assessment. OOM does not attempt to generalize to greater populations, rather it generalizes
to the best explanation for what we observed in our dataset. This is crucially important as we
assess learning outcomes because generalization to the whole population is usually not our
goal; exploring how our outcomes are not (or are) met is the task at hand.

Our analyses showed that observations can effectively demonstrate the relationships
between affective learning and disaggregated identities, and thus are more meaningful than
methods whose output can only suggest the likelihood of group differences. The moderate
effect sizes we saw from the parametric tests show how the rote use of only Cohen’s d as an
alternative rather than as a complement to p-values can potentially be misguided; decision-
makers sometimes rely on parametric measures, regardless of distribution, which may not
give a full picture of students’ attainment. Based on HNST results, a decision could have
been made using a moderate Cohen’s d to alter directions of the course because of students
outside North America having lower quiz scores. But when we look at the holistic results
(including confidence intervals with alternate nonparametric effect sizes and OOM results),
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such overall adjustments might not be necessary because OOM illustrated that modules one
and five would not need to be adjusted. Furthermore, procedures such as oversampling,
while convenient, are not the same as random sampling and lead to overfitting. Instead of
using such ad hoc fixes, approaches such as OOM could offer more meaningful results and
understanding of collected data.

Assessment professionals should always keep in mind that the ultimate goal is to
improve the lives of individuals, and not let themselves be distracted by an abstract theoretical
average student. A strength of OOM is that the outliers are not sacrificed, but can reveal high-
performers or low-performers for program improvement purposes. Breaking free of the focus
on averages and examining instead the variations within and across persons recognizes that
an outlier is important as a human, and should not be sacrificed for data homogeneity. The
mindset shift we advocate may take a few more years (after all, OOM was created in 2011, while
NHST has been around for roughly 80 years), but our team hopes this project inspires others
to consider OOM—or other non-traditional approaches—as a meaningful approach alongside
traditional methods. As Grice (2015) opined, the time has come “to return to a study of the
person as an integrated, individual whole” (p. 11).
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