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Introduction

A Course Level Analytics: Evaluate course effectiveness as well as
student performance within the course. Examine course performance
data, learner attributes, and learning assessments and correlations
between them.

A Synthetic class data (authoring tool): Given minimal amount of
existing intelligent tutoring data, an authoring tool for generating
synthetic data would enhance the ability to build models and conduct
robust experiments.

A Report based natural language generation: Need for simple, user-
Intuitive way will aid course evaluators, instructional designers, and
content managers to better assess the effectiveness of a course.
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Data Modeling and Analysis Approach ARL

Develop synthetic class assessments and correlations

Develop distributions of data based on characteristics of profiles
Evaluate data analytics and answer research questions
Validate results compared to synthetic data model
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..,. RDECOM'  Generating Synthetic Data  ARL

U.S.ARMY

The authoring tool is designed to generate a population of data that can
be used to model persona attributes and class characteristics and
correlations within and between these.

The tool is divided into three major sections:

1 - APersona, which is a representation of
a type of student with attributes in a class

31 Assessments,
which are ways that
the class is evaluated

2 - AClass, which
contains groups of

students 4
i
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Developing Populations with Personas ARL

A Persona is an aggregate representation of a group of

Individuals each containing similar random attributes such
B as age, experience, and other demographics

Senior Scientist
Age: 45-65

Experience: 20+
Education: PhD

Mid Level PM
Age: 25-30

Education:
MA/PMP

Sr. Level ISD
Age: 35-42
Experience: 8+

Education: MA/PhD

Example Attributes

Experience: 6+

Age

A Nearly one-half (49.6%) of Active Duty enlisted
personnel are 25 years of age or younger, with
the next largest age group being 26 to 30 years
(22.1%),

A 31 to 35 years (14.0%), 36 to 40 years (8.8%),
and those 41 years or older (5.6%).

A More than one-quarter (25.7%) of Active Duty
officers are 41 years of age or older, with the
next largest age group being 26 to 30 years
(22.5%),

A 31 to 35 years (20.7%), 36 to 40 years (17.8%),

and those 25 years or younger (13.4%). Overall,

the average age of the Active Duty force is 28.6
years.

Marital Status:

A Just over half (55.3%) of Active Duty military
members are married, which is lower than the
percentage that were married in 1995 (59.9%).

A In 2014, over half (52.1%) of enlisted members
and a majority (69.9%) of officers report
themselves as married.

A Over half (57.0%) of Active Duty males and
nearly half (45.4%) of Active Duty females are
married. In addition,

A 64percent of DoD6s Act.i
in dual-military marriages.?

A During the 2014 fiscal year, 3.5 percent of
enlisted personnel and 1.8 percent of officers

are estimated to have divorced.
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Developing Assessments ARL

Assessments allow the system operator to
simulate performance at multiple levels of
evaluation (Kirkpatrick)

This model uses two of the four levels of
evaluation that are used to evaluate
performance (Kirkpatrick, 1994).
A Level 1 learner's reaction and
satisfaction post-event
A Level 2 knowledge and skill gains that
the learner exhibits

Type
Continuous/Discrete
Mean

SD

Distribution Types
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Developing a Class ARL (

A Class is a generic representation of group of students and
assessments given to those students

A Distribution of persona types. For example | may select
A 40% of persona A,
A 10% of persona B
A 50% of persona C

A Sequence of assessments: For example, pre-test, post-test,
survey

A Assessment and cumulative weighting and grading scales

Personas Assessments 7
s
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Dependencies (via correlations) are statistical relationships
that describe how two or more random variables are linked to
each other.

Correlations can take place

1-Between attributes (age/experience)

2-Between assessments (pre-test/post-test)

3-Between attributes and assessments (experience/pre-test)

Persona Assessments
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Simulating Dependency with Copulas ARL f_

A Copula functions: efficient method for describing non-normal
(and normal) bivariate/multivariate correlated joint distributions of

data.
I For example, when describing the relationship between Age and
Experience, we will want to descriob

direction, as well as a shape and tail behavior.

A Tightness describes the amount of correlation (0-1 with one being
perfectly correlated), direction could be positive or negative, and
the shape and tail behavior describes the symmetry and extreme
probabilities respectively.

A Our model uses three types of Archimedean copula functions;

Gumbel, Clayton, and Frank.
Gumbel Clayton Frank
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Generate variable distributions with flexibility using authoring tool

Lognormal distribution
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Results

Sample of Attribute Clusters by Persona From topleft to bottom
right, left to right acrossthedistributions forage;the scatterplot of
experience andge;the distributions for pretestoresthe scatterplot
of posttest and praestscoresthe scatterplot of age amcperience;
the distributions foexperiencethe scatterplot of preest and postest
scoresand the distributions for poegtst scoreKernel distributions

shown. 11
n
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