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Abstract— Innovative Practice. The past decade has opened
up MIDFIELD to the use of novel methodologies. Three
particular phenomena – grade variance due to course size and
enrolled section, and degree program change – are of particular
interest. This work demonstrates three useful methodologies for
analyzing these phenomena, how they are used, and preliminary
results. The first, Markov chains, can examine links between
success (graduation) and changing majors. The second,
Hierarchical Linear Models (HLMs) can show nested
relationships between different courses, including the effect of
course size and section on grade variances. The third, mutual
information, can uncover relationships between sets of students
who switched majors and those who did not, relative to a
variable such as GPA. Some novel results include: course size
has no effect on grade variance, but section does; students who
switch majors graduate at a higher rate; and the effect of
switching majors is more random for those who leave college
than those who graduate.
Keywords—MIDFIELD, analytics, big data, data science,
information theory, informatics, Markov, HLM, MLM, hazards
models, cluster, First-Year Engineering.

I. INTRODUCTION
The purpose of this paper is to describe the methodologies
employed in recent efforts to apply more advanced statistical
analysis techniques in traversing the MIDFIELD dataset. Some
of these efforts are a few years old, and others are either in
review or about to be published [1-6]. Most of these
methodologies were employed when the data set was in its
second stage of growth, with between nine and eleven
institutions fully incorporated, and of course now is on its way
to an order-of-magnitude expansion [7, 8].
The first impetus behind this push is to demonstrate to the
community the usefulness of these methodologies, and how they
can be applied to great success. The second reasoning here is to
provide a pathway forward for young and aspiring MIDFIELD
researchers to employ new methods otherwise ignores or
considered too time-consuming or onerous. The third – and this
may be the most subversive – is that most MIDFIELD work until
this time has been studying in aggregate relationships between
variables. Being that summation or aggregation of categorical
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variables is the primary way educational reports operate at
institutional and state levels, this makes sense. The statistical
methodologies a researcher employs must match those that his
contemporaries respect and that can be understood by their
audience!
II. BACKGROUND
We will cover a brief outline of three tools used recently within
MIDFIELD to analyze student data. The first being a Markov
chain model [9], the second being a hierarchical linear model
(HLM) analysis [1, 3], and the third being a information
theoretical model based on Shannon entropy [4]. There are
other more recent analyses that we will cover in our special
topic session, including one on cluster analysis and another on
an expanded hazards model treatment – the cluster analysis
focusing [5]on first-year courses in engineering and the hazards
model focusing on sets of students who switch majors multiple
times [6].
A. Markov Chains
Markov chains are a commonly utilized modeling technique for
incorporating elements of uncertainty into arbitrary dynamic
systems. These models map or append some sort of parameter
domain, to an arbitrary state space, the values of which the
process can take. The parameter domain may or may not be
temporal, but often times is time-based in some fashion. These
models are suited for studying long-term, probabilistic behavior
of convoluted or coupled systems which cannot be fully
characterized by traditional descriptive statistics. We have seen
the importance of Markov chain understanding increase as its
utilization in research continues to expand.[10] We continue this
trend by using this framework to model student attrition and its
relationship with major switching.
Reviews of modeling theory in the educational space [11]
suggest that such a mathematical construct could provide some
relevant information about high level problems with regards to
educational systems, hence eschewing the high variability
present in building probabilistic models on an institutional level.
Hence, to build our chain we employ the Multiple-Institution
Database for Investigating Engineering Longitudinal
Development (MIDFIELD) database to address student attrition
on a multi-institutional level.

B. Hierarchical Linear Models
Perhaps the most in vogue amongst modern educational
statistical methods is the hierarchical linear model or multi-level
modeling technique. For reasons that are obvious (“it’s in the
name,) this technique is a hierarchical or nested linear model.
The power of such a model is that it can provide a glimpse into
the how an outcome is primarily affected by variables endemic
to the nested structure of the data itself, or if the bins make no
significant difference. Finally and most importantly, the primary
assumption of any HLM is that variance of parameters occurs
at more than one level. Throughout the literature, the name of
the game within HLM is variance. We will explore this in our
example.
As a note on background, these models are known by a plethora
of names, such as hierarchal linear models [12], multilevel
models [13], generalized linear mixed models [14], nested
models [15], mixed models or mixed effects models, random
coefficient models [16], random effects models [17], random
parameter models [18-21], split plot models; covariance
components models, and others. It is important for the reader to
know that while the sheer number of names is confusing, the
fact the names mean different things outside of the world of
HLM further compounds this confusion. Ex. A split plot model
is not a HLM according to our colleagues in the world of
nursing statistics.
Historically, this model’s efficacy became mainstream in the
infamous High School and Beyond survey analysis performed
by Coleman, Hoffer, and Kilgore [22, 23]. In this study, the
researchers wanted to determine the effect of attending a public
school versus attending a private school on mathematics
achievement scores (the outcome). They looked at groups of
schools (the clusters or nested models) versus the overall group
of students without clusters (aka the grand ensemble and grand
mean). What they noticed was stunning – while the herd effect
of poorly-achieving students being surrounded by overachieving
students was realized, it appeared that private schools did a
better job of improving the math achievement gradient over time
than public schools. This is only one example of many of how
HLMs have been employed in educational statistics, but it is by
far one of the most discussed.
C. Mutual Information Theory
A more modern technique (perhaps as popular as compressive
sensing within electrical engineering) in data science is mutual
information. Put simply, this exploits the Shannon entropy of a
state or system of states to allow the researcher to make a base
conclusion about the order or disorder of a system. So what
makes this approach different than, a chaotic (indeterministic)
or fractal (deterministic) approach employing a Kolmogorov
factor? First, the results are to determine the overall entropy
contained between two sets – nothing more, nothing less.
Whether or not the sets can be mapped to a phase space together
or whether or not they lead to a repeated factor of some sort like
a strange attractor or a fractal coefficient is inconsequential.
Secondly, and more important, the measure of mutual

information tells me on a visceral level whether or not a series
of measurements is like or unlike another relative to a third
element. It allows us to determine if the two measurements are
indeed purely random, thus contain no mutual information
relative to the third element, or are alike.
III. THEORETICAL UNDERPINNINGS
We include a brief primer here on all three models so the reader
can use this as a primer.
A. Markov Chains
In order to consider a student progressing on a random walk,
we’ll need to formulate some introductory theory. If we define
as the set of possible states in time for a random variable
, ∈ ℕ describing the various epochs in which the random
variable is defined. Suppose
takes values in the state space
= 1, 2, … ,
and that the epochs over which it is defined is
a discrete time space. To define a Markov chain we define:
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We then define the Markov Property [24] which reduces the
probability in (1) to obtain,
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This equation means in common terms that the previous past
measurements are conditionally independent from the future
given the most recent calculations. This is the most powerful
assumption in Markov chain analysis.
The second assumption we exploit is time homogeneity, which
allows us to assume that probabilities that define state
transitions do not change over time and leads to the following,
(
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Finally, we build what is called the probability transition
entry
matrix. We denote this matrix with , and allow the
of the matrix to be the probability of transitioning from state
to state for all , ∈ . We also normalize, so that the sum of
the rows of the matrix add up to one. This is because each row
refers to the current state of our Markov system and the each
column refers to an immediate future state.
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B. Hierarchical Linear Model
All HLMs/MLMs begin with the construction of the linear
regression formulae,
Yi = β0 + β1Xi, + ei

(6)

Yi is the dependent variable, β0 is the intercept, β1 is the slope,
Xi is the predictor variable, and ei is the residual. Depending on
the level and treatment of the equation itself, the residual is also
the error.
In HLM, a standard model equation looks like,
Yij = β0j + β1jXi, + eij

(7)

Here j here denotes our clustered unit factor. For every subset
of j, there is a subset that includes an outcome (dependent
variable), an intercept, a residual, and a slope.
For the papers that published with MIDFIELD data so far, the
following equation has been exploited repeatedly,
Yij = β0j + eij

(8)

This is called the null model or the intercept only model, and in
some disciplines the empty model or the fully unconditional
model [12].
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Finally, we calculate the intra class correlation factor. The
factor τ is the variability between levels and σ2 is the
variability within levels. To interpret this, here is an example, a
value of the ICC of 0.10 means that 10% of the variability in an
outcome lies within the nested or hierarchical structure we have
defined. If we have defined the levels as being different
classrooms the students occupy, then that means 10% of the
variability lies within that structure.
C. Mutual Information Theory
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∈

∈

IV. PRELIMINARY RESULTS OF ALL THREE METHODS
All three methods have produced novel results in MIDFIELD
using preliminary data, and we will present them here. The
Markov results study the relationship between two state spaces
– the terms spend within the university system and the number
of major changes in the system notwithstanding switching out of
first-year engineering. The HLM method studies the amount of
variance of the final grade related to the overall course size of
first year classes common among engineers, and the amount of
grade variance endemic to the section of a course the student is
in of a first year course.
A. Markov Chain Results
The with Markov chains allow one to consider a random walk
of students along a various progression. We care primarily about
two factors: first, the number of terms enrolled at the university;
and second, the number of changes of degree program (or
major). If students who have excessively switched programs are
removed (stopping at over twenty – yes, such student exist). For
brevity, consider one set of engineering students, all aggregated
students in the MIDFIELD data set. In the larger paper for this
work, students who switched majors multiple times and were
only ever engineers were considered, as well as students who
switched multiple times and had engineering as their final
declared major.
For leaving or graduating the system for the set of all students,
there are two states derived from an analysis of a transfer matrix
of our Markov chain: first, a student who fails to graduate or F;
and second, a student who graduates or G. Summarizing the
analysis for the first four major changes for the set of all
students, the following can be derived,
Major
Switch #

Mutual information theory depends on the extrapolation of the
following equation, which should be familiar to those from an
educational statistics background or who have taken statistical
mechanics,
( ; )≔

a way of measuring the uncertainty around of the random
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Breaking this master equation down into component parts, the
most basic is the familiar Shannon Entropy, defined by [25], the
entropy of a random variable can be expressed by the following
quantity,
( ) = −∑

log( )

(8)

By using a base of 2, we can create a “dimensionless” unit of
measure – referred to as bits. The value then is then defined
as the probability of event given that is located within the
event space of the random variable. In other word, we now have

F

G

0

0.51695

0.483051

1

0.387187

0.612813

2

0.330237

0.669763

3

0.304362

0.695638

4

0.29814

0.70186

Table 1. Failure to graduate (F) versus graduation (G)

B. Hierarchical Linear Model Results
For this cut of the MIDFIELD, there are 701,190 first-time-incollege students matriculating in any major at participating
institutions [7, 8]. The first cut of data began with 137,071 firsttime-in-college (FTIC) students who ever matriculated in
engineering at one of nine MIDFIELD institutions between
1988 and 2011. The data for these students is complete, in other
words we have everything that the registrar has for these
students. There were 161,456 grades for instances of where
students who sometime in their careers declared an engineering

major took one of three introductory courses: chemistry I;
calculus I; and physics I.
From this analyzes, two sets of charts have been produced. In
Table 2, we have the ICC numbers for a HLM that analyzes the
grade variance endemic to the section a student is in of a set of
calculus I courses across multiple institutions. Table 3
demonstrates the grade variance contained by the course size of
all calculus I courses across multiple institutions in the
MIDFIELD database.
Institution
ALL

UN(1,1)

SE

Residual

SE

ICC

Intercept

SE

0.2507

0.0089

1.4429

0.0083

0.1480

2.3047

0.0099

1

0.1903

0.0161

1.5184

0.0230

0.1114

2.5309

0.0184

2

0.1096

0.0252

1.6834

0.0469

0.0611

1.9803

0.0299

3

0.1958

0.0184

1.5044

0.0235

0.1152

2.1321

0.0237

4

0.155

0.0152

1.3719

0.0202

0.1015

2.4528

0.0227

5

0.1695

0.0177

1.3168

0.0159

0.1140

2.5186

0.0233

6

0.3222

0.0431

1.6478

0.0482

0.1636

2.3323

0.0403

7

0.0473

0.0086

1.2952

0.0189

0.0352

2.3486

0.0229

8

0.4001

0.0524

1.7531

0.0434

0.1858

2.0184

0.0482

9

0.1743

0.0292

1.5974

0.0436

0.0984

1.8378

0.0332

Table 2. Table of results from the first core calculus course
Institution

SE

ICC

0.0662

0.0081

1.2416

0.0079

0.0506

2.3047

0.0099

1

0.1064

0.0298

1.6443

0.0250

0.0608

2.5309

0.0184

2

0.0953

0.0363

1.9132

0.0526

0.0474

1.9803

0.0299

3

0.0159

0.0101

1.7758

0.0464

0.0089

2.1321

0.0237

4

0.0128

0.0056

1.5109

0.0218

0.0084

2.4528

0.0227

5

0.1068

0.0321

2.0088

0.0483

0.0505

2.5186

0.0233

6

0.0238

0.0085

1.5395

0.0255

0.0153

2.3323

0.0403

7

0.0336

0.0083

1.3098

0.0191

0.0250

2.3486

0.0229

8

0.0634

0.0228

1.6661

0.0239

0.0366

2.0184

0.0482

9

0.0587

0.0242

1.7281

0.0447

0.0329

1.8378

0.0332

ALL

UN(1,1)

SE

Residual

Intercept

SE

Table 3. Table of results from the first core calculus course

C. Mutual Information Results
The mutual information treatment is perhaps the simplest of
the three. For the same set of data as in the Markov analysis,
the mutual information treatment assumes a random variable
of S, which represents the number of times a student switches
majors, and two subsequent variables, G and T, which
represent the student’s Final GPA and the Final Term
Enrolled, respectively. For the total cohort of students, we
have three sets, all of the students, those who leave, and those
who graduated.
All
Leaving
Grad
I(T;S)
0.1111
I(T;S)
0.1409
I(T;S)
0.0284
I(G;S)
0.0317
I(G;S)
0.0312
I(G;S)
0.0187
Table 4. A randomness relationship between variables

V. DISCUSSION AND CONCLUSION
Among the Markov chain models that have been produced, one
novel relationship is that they match the conclusions of the
aggregate study of the effect of switching majors multiple times
performed on the complete MIDFIELD data set [2]. One
parallel result that is impressive is that both the aggregate data
and the Markov analysis conclude that for students who remain
after switching a major, the probability of success (aka
graduation) increases per successful change. While this may not
be intuitive, it is almost universal across MIDFIELD. In other
words, “Those who survive the switch end up having a higher
chance of graduating per switch.”
The hierarchical linear model conclusions are perhaps more
important and novel. First, the effect of course size being
indeterminate to the point where a structural equation model
(SEM) may be more useful is important. Generally, when there
is less than 3% variance explained by the presence of a nested
structure, an SEM treatment will prove valuable. This is one
area that MIDFIELD has yet to touch and would prove
complimentary to these results. Second, the HLM analysis of
course section has demonstrated that for three sets of
introductory courses most engineers take at MIDFIELD
institutions, the section of the course is in on any one semester
will determine to a great degree the variance of the final grade!
While this is not enough to conclude whether or not taking one
course over another yields a higher grade, an industrious
student with a little bit of institutional data could determine the
grand mean (aka overall average) of grades for any one course,
and from that make a good prediction whether or not switching
sections was worth it given this data.
The mutual information results are straightforward. If we
consider all students in the database, we find that between the
final GPA of all students and the final term enrolled of all
students, there is a separating effect between those who have
graduated and those who have not (or have simply left the
database). Another way of saying this is that the number of
times one switches majors is seemingly more random for those
who leave the institution or fail to graduate than ones who do
graduate. Once again, this is another item that seems nonintuitive, but makes sense. Perhaps students who switch majors
who graduate have done some with a greater deterministic
purpose, as opposed to at random.
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