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Abstract 
Many studies have investigated various factors of retention and success in STEM (Science, 
Technologies, Engineering and Mathematics) undergraduate education, including demographics, 
financial aids, test scores and grades, courses and curriculums, intellectual skills and abilities, 
motivational factors, academic and social environments, and interventions. Existing findings on STEM 
retention and success are usually obtained using analytical techniques that do not capture interactive, 
concurrent effects of multiple factors. This paper presents a study that employs the new PVAD 
(Partial-Value Association Discovery) algorithm to identify characteristics of students who achieve 
engineering retention and success based on both individual and interactive effects of multiple factors. 
The PVAD algorithm also addresses a shortcoming of existing analytical techniques in their inability of 
modelling variable relations that exist for some but not all values of variables or are different for 
different value ranges of variables. 
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1 INTRODUCTION 
Many studies [1-22] have investigated various factors of retention and success in STEM 
undergraduate education, including demographics, financial aids, test scores and grades, courses and 
curriculums, intellectual skills and abilities, motivational factors, academic and social environments, 
and interventions. Existing findings on STEM retention and success are usually obtained from 
statistical analyses that do not model interactive, concurrent effects of multiple factors. Among 
statistical analysis techniques used are the longitudinal analysis [1], a hierarchical linear regression [2, 
12], basic statistical analyses and linear regression [4, 17, 20], stepwise regression and logistic 
regression [8, 13, 16], structural equation models [5], and event history analysis [11, 14]. As indicated 
in [18], analytical techniques that can analyse and model interactive and concurrent effects of multiple 
factors are needed to produce a complete framework of STEM retention and success.  

Many statistical models [25-29] (e.g., regression models and basic statistical tests such as ANOVA) 
and many data mining techniques [28-37] (e.g., decision and regression trees, artificial neural 
networks, and support vector machines) require us to know which variable is a dependent variable (an 
output variable or a target variable) and which variable is an independent variable (an input variable or 
an attribute/predictor variable). This requirement is not appropriate for identifying characteristics of 
engineering retention and success which involve a large number of factors/variables where a variable 
can be an independent variable in one relation but a dependent variable in another relation in the 
complete framework of engineering retention and success characteristics. 

Structural equation models [5, 38], Bayesian networks {28-29, 39-41] and reverse engineering 
algorithms [42-51] for discovering gene regulatory networks can model multiple layers of variable 
relations. However, a significant shortcoming of these techniques and many other statistical learning 
and data mining techniques is their focus on discovering relations of variables that cover all values of 
variables and modelling relations of variables in the same one relation model that covers all values of 
variables. For many fields including the education field, a relation may not exist among all values of 
variables but among certain values of variables. For example, many physical systems behave 
differently under normal temperatures, extremely low temperatures, and extremely high temperatures. 
If variables have different relations for different ranges of values or relations exist for only certain 
values but not all values, the same one model of variable relations for all values of variables produced 
by many existing statistical modelling and data mining techniques will not provide a good fit to data 
(that is, a poor representation of data), or will fail to discover a rich set of information from data. 
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In contrast to this shortcoming of many statistical modelling and data mining algorithms, the new 
PVAD (Partial-Value Association Discovery) algorithm [23-24] focuses on discovering partial-value 
associations of variables which can be defined using certain values of variables rather than all values 
of variables. If all values of variables have the same association, the PVAD algorithm consolidates and 
generalizes the same associations for various value ranges of variables into the same association for 
all values of variables. Hence, the PVAD algorithm can model both partial-value and full-value 
associations of variables.    

This paper presents a study that employs the new PVAD algorithm to identify characteristics of 
engineering retention that capture both partial-value and full-value associations of factors based on 
both individual and interactive effects of multiple factors, using data of engineering students at Arizona 
State University (ASU). 

2 METHODOLOGY 
In this section, the PVAD algorithm is presented. Data of engineering students at ASU is described, 
along with the application of the PVAD algorithm to the analysis of the engineering student data for 
identifying student characteristics of engineering retention.  

2.1 The PVAD algorithm 
The PVAD algorithm [23, 24] is employed to obtain characteristics of engineering retention which are 
represented using structural models of variable associations called associative networks [23, 24]. 
Each node in an associative network represents certain value(s) of certain factor(s) or variable(s). 
Each directed link from a conditional node A to an associative node B, A  B, in an associative 
network represents an association from node A to node B and indicates that certain value(s) of certain 
variable(s) in node A affects certain value(s) of certain variable(s) in node B. An association can 
represent a causal relation such as A causing B or some other kind of associative effects.  Figure 1 
shows an example of an associative network with three variables in the space shuttle O-ring data 
(http://archive.ics.uci.edu.ml): T for launch temperature with three values of L for Low, M for Medium 
and H for High, O for the number of O-rings with stress having three values of 0, 1 and 2, and P for 
leak-check pressure with three values of 50, 100 and 200. 

T = L

O = 0

P = 50 or 
100

T = M

O = 1 O = 2

P = 200

T = H

. 

Figure 1. An example of an associative network for space shuttle O-ring data 

The PVAD algorithm consists of three steps:  

− Step 1. Identify value ranges/categorical values of variables,  
− Step 2. Discover partial-value associations of variable values,  
− Step 3. Construct a multi-layer structural model using partial-value associations. 

In Step 1, we consider that there are two kinds of variables: categorical variables and numeric 
variables. A categorical variable already comes with its categorical values which can be used directly 
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in Step 2 of the PVAD algorithm. For a numeric variable, the following two methods are used to 
determine categorical values of the numeric variable. 

• Method 1: we plot the sorted values of the numeric variable, identify data clusters, and use the 
non-overlapping intervals of data clusters to define the categorical values of the numeric 
variable. Figure 2 shows an example of using this method to determine the data clusters and 
the categorical values of the numeric variable, Ratio, in the chemical data set 
(http://www.stat.columbia.edu/~gelman/book/data/). The data plot in Figure 2 shows three data 
clusters with the non-overlapping intervals of Ratio: [5.3, 13.5] = Low, [17, 17] = Medium, and 
[23, 23] = High. These three data clusters are identified by inspecting visually biggest jumps in 
the value distances of consecutive data points. As shown in Figure 2, the value distances of 
consecutive data points within each of these three data clusters are smaller than the value 
distances between the data clusters. Based on this principle of having distances of data points 
within a data cluster smaller than distances of data points in different data clusters, clustering 
techniques such as hierarchical clustering [28, 29] can also be used to produce the same data 
clusters. We can use elbow points in the data plot that start line segments with different slopes 
to identify data clusters too since changes in line segment slopes indicates big changes in 
distances of consecutive data points.  

• Method 2: if the data set has some categorical variables in addition to the numeric variable, we 
determine the non-overlapping categorical intervals of the numeric variable corresponding to the 
categorical values of each categorical variable, and select the set of categorical intervals with 
the smallest number of categorical intervals based on the minimum description length (MDL) 
principle [28, 29] to define the categorical values of the numeric variable. For example, the 
space shuttle O-ring data set ((http://archive.ics.uci.edu.ml) has a numeric variable, Launch 
Temperature, and a categorical variable, Number of O-rings with Stress. Three non-overlapping 
intervals of Launch Temperature corresponding to three categorical values of Number of O-
rings with Stress are: [53, 53] = Low, [57, 63] = Medium, and [66, 81] = High.  

The two sets of the categorical values from Method 1 and Method 2 are compared to select the set of 
the categorical values with the smallest number of categorical values based on the MDL principle [28. 
29]. 

 
Figure 2. The plot of the sorted values of Ratio from the chemical data set. 

Step 2 of the PVAD algorithm discovers partial-value associations of variable values, and each partial-
value association is in the form of X = A  Y = B where X and Y are the vectors of one or more 
variables, A and B are the value(s) of X and Y, respectively, X is called conditional variable(s), and Y 
is called associative variable(s). Step 2 of the PVAD algorithm consists of the following steps. 

Step 2.1 Discover partial-value associations of one conditional variable and one associative variable, 
x = a  y = b. For each value a of each variable x and each value b of each variable y, we 
compute the following co-occurrence ratio to determine if we have a partial-value 
association, x = a  y = b: 

. 

If cr(x = a  y = b) ≥ α with α being set to a value close or equal to 1, we have x = a  y = 
b.  

Step 2.2 Discover partial-value associations of multiple conditional variables and one associative 
variable, X = A  y = b. For each value combination A of variables X and each value b of 
each variable y, we compute the following co-occurrence ratio to determine if we have a 
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partial-value association, X = A  y = b: 

. 

 If cr(X = A  y = b) ≥ α, we have X = A  y = b. This step starts from two conditional 
variables in X to three conditional variables, and so on.  

Step 2.3 Discover partial-value associations of multiple conditional variables and multiple associative 
variables, X = A  Y = B. For each value combination A of variables X and each value 
combination B of variables Y, we compute the following co-occurrence ratio to determine if 
we have a partial-value association, X = A  Y = B: 

. 

 If cr(X = A  Y = B) ≥ α, we have X = A  Y = B. This step starts from two associative 
variables in Y to three associative variables, and so on.  

Hence, Step 2.2 and Step 2.3 look into interactive, concurrent effects of multiple conditional variables 
on one or more associative variables.   

In Step 3 of the PVAD algorithm, a multi-layer structural model of partial-value associations is 
constructed. Step 3 of the PVAD algorithm consists of the following steps. 

Step 3.1 Use partial-value associations from Step 2 to construct an associative network which is a 
multi-layer structural model of partial-value associations. A node is added to the associative 
network to represent every X = A and every Y = B found in the discovered partial-value 
associations in Step 2. A directed link, called an associative link, is drawn in the associative 
network to represent each partial-value association discovered in Step 2. An example of an 
associative network is shown in Figure 1. 

Step 3.2 Remove a direct link between X = A and Y = B if there are multiple paths from node X = A to 
node Y = B since the direct link can be derived from a path of associative links from node X 
= A to node Y = B. This step checks each node X = A in the associative network from Step 
3.1 to see if there are more than one path of associative links going to the node X = A. If 
there are more than one path to the node X = A, each path is traced backward to examine if 
each node Y = B on the path to the node X = A has multiple paths. If there are multiple 
paths from Y = B to X = A and there is a direct link Y = B  X= A, the direct link Y = B  X 
= A. is removed. For example, if we have two paths going to node x7 = 1: x1 = 1  x7 = 1 
and x1 = 1  x5 = 1  x7 = 1, we remove the direct link x1 = 1  x7 = 1 because the direct 
link x1 = 1  x7 = 1 can be derived from x1 = 1  x5 = 1  x7 = 1. 

Step 3.3 Consolidate and generalize partial-value associations in the associative network from Step 
3.2. For example, if we have x = a1  y = b, x = a2  y = b, a1 and a2 are two consecutive 
values of x, we replace x = a1  y = b and x = a2  y = b by a consolidated/generalized 
relation, x = a  y = b, where a is a new categorical value of x including a1 and a2. Hence, if 
all values of variables have the same association, this step will consolidate and generalize 
the same associations for various value ranges of variables in the associative network into 
one association for all values of variables. Hence, the PVAD algorithm can identify both 
partial-value and all-value associations of variables.  

2.2 The application of PVAD algorithm to the analysis of engineering student 
data 

Table 1 lists factors in the data of engineering students who entered ASU in Fall 2009. The data is 
analysed using the PVAD algorithm with α set to 0.8.  

5036



Table 1.   Data of engineering students who entered ASU in Fall 2009. 

1. Entering fall semester 32. High school class rank 
percentage 

63. City of residence for entering 
semester 

2. Total number of freshmen for 
entering semester 

33. High school ABOR GPA 64. Marker for living on campus 

3. Entering college (engineering) 34. High school city 65. Marker for living in engineering 
residential community 

4. Entering plan/major code 35. High school district 66. Dollars of financial aids 
received not including loans 

5. Entering plan/major description 36. High school rating 67. Remaining financial needs 

6. Enrollment in engineering in 
spring semester 

37. Marker for charter schools 68. Dollars received from 
scholarships 

7. Enrollment in engineering in 
next fall semester 

38. ACT and SAT combined score 69. Credit hours enrolled at the 
beginning of the first semester 

8. Enrollment in university in next 
fall semester 

39. SAT combined score 70. Credit hours earned at the end 
of the first semester 

9. Next fall college code 40. SAT verbal score 71. GPA at the end of the first 
semester 

10. Next fall college description 41. SAT quantitative score 72. End of the first semester GPA 
minus high school GPA 

11. Next fall plan/major code 42. ACT composite score 73. Count of D, E, W at the end of 
the first semester 

12. Next fall plan/major description 43. ACT English score 74. Count of As at the end of the 
first semester 

13. Age at time of entry 44. ACT math score 75. Count of As and Bs at the end 
of the first semester 

14. Gender code 45. ACT math range 76. Math class taken in the 
entering semester 

15. Gender description 46. ACT reading score 77. Instructor of math class taken 
in the entering semester 

16. Minority status at entry 47. ASU calculated index (CI) 
based on ACT, SAT, ABOR GPA, 
and HS rank 

78. Grade received in math class 
taken in the entering semester 

17. Minority status description 48. CI group for admission  79. Credit hours enrolled at the 
beginning of the Spring semester 

18. Marker for Under Represented 
Minorities 

49. ALEKS math score 80. Credit hours earned at the end 
of the Spring semester 

19. National Origin 50. ALEKS group 81. GPA at the end of the Spring 
semester 

20. Chicano/Mexican national 
origin 

51. AP hours 82. Advisor name in the entering 
semester 

21. Arizona residency 52. Marker for any AP hours 83. Participation in the engineering 
camp 

22. Arizona residency description 53. Marker for any math, chemistry 
or computer science AP hours  

84. Camp number/session 

23. Target market from admission 
(AZ, CA, other out of state and 
international) 

54. Marker for MAT 270 AP credit 85. Participation in EPICS (an 
engineering activity designed for 
high school students) 

24. Marker for non residents 55. Application date 86. Participation in Fulton Match 

25. Marker for California 56. Application earliness 87. Number of visits to the tutor 
center in the entering semester 

26. Marker for international 57. Orientation sign up date 88. Marker for more than two visits 
to the tutor center 

27. Marker for Arizona 58. Orientation earliness 89. Range of tutor visits 
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28. Marker for other out of state 59. First program student applied 
to 

90. Participation in summer honors 
institute 

29. Marker for first generation 
college student 

60. First plan/major student 
applied to 

91. Participation in undergraduate 
research in the entering semester 
and the next Spring semester. 

30. High school name 61. Marker for Honors college 
admission 

 

31. High school state 62. Residence hall name for 
entering semester 

 

3 METHODOLOGY 
Figure 3 shows the associative network obtained from the PVAD analysis to identify student 
characteristics of engineering retention. Because students entered ASU in Fall 2009, the variable, 
FA10EngRetention, indicates whether or not they remain in engineering in Fall 2010 and indicates 
engineering retention. In Figure 3, two nodes containing FA10EngRetention = Yes and 
FA10EngRetention = no, are shaded. The associative links involving these two nodes reveal the 
factors affecting engineering retention as follows:  

• Students with AP hours or high ASU grades (>= 3.5) have high FA10 college retention 

• Students with scholarships >= $23,000, students of Asian/Pacific Islander, or students from 
Chandler HS (where many families of students live with parents working in tech fields) have 
high FA10 college retention 

• Students with no AP hours may or may not be in FA10 college, but students not in FA10 college 
have no AP hours   

• Students with poor FA09 GPA have low FA10 college retention 

• Students with poor ASU grades, HS grades or SAT/ACT scores have no AP hours 

• Students of African American OR American Native/Alaska Native have no AP hours. 

FA09GPA < 3.0

FA09GPA < 3.5

FA09GPA >= 3.5

APhours = no

BarrettHonorsCollege 
= no

FA10EngRetention = 
yes

Underrepresented 
Minority = no

APhours = yes

FA10EngRetention = 
noFA09 DEW in [4, 7] MathPlacementTestScore 

in [120, 150]

BarrettHonorsCollege 
= yes

Scholarship >= $23,000

HSCity = ChandlerMinority = Asian/
Pacific Islander

Minority = African 
American OR American 

Native/Alaska Native

HS GPA in [2, 3)

SAT-ACT Index in 
[86, 120]

MathPlacementTestScore 
in [50, 100]

Financial Aid = no

SAT-ACT Index in 
[129, 146]

HS ClassRankPercentile 
in [31, 99]

 
Figure 3. An associative network for student characteristics of engineering retention and success. 

The thick line in Figure 3 highlights the important association of completing any AP course (not 
necessarily on a STEM subject but a social sciences/humanity subject) in high school with engineering 
retention. That is, completing any AP course in high school is a better indicator for engineering 
retention of students than traditional measures of high school performance measures such as SAT 
scores, ACT scores and GPA in high school. 
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