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Introduction  

Virtual Vikings is a weekly e- newsletter sent to Portland state university students by the internal office of 

university Communications every Sunday. The newsletter is published in the fall, winter and spring of each 

academic school year.  It contains information about the recent past week and upcoming week in form of 

snippets and links .The main aim of the Virtual Viking is to keep students engaged with the campus news, 

events, achievements etc.     

This project was done on the data provided by the BI team at PSU which manages the enterprise data 
warehouse and reporting suite (IBM Cognos) along with the university's budgeting and planning software (IBM 
Cognos TM1).   The enterprise data warehouse consists of data from the university's ERP system Banner along 
with data brought in from additional campus systems such as the campus CRM Talisma. 

 One of the Key business Goals of the Analytics Department at Portland State University is to engage students in 
attempts to help them achieve better outcomes. This is done through reporting all sorts of data being collected 
by the University. 

Project Objective  

This project is to analyze whether there is a correlation between students opening and clicking through URLs in 
the Virtual Viking email campaign and their performance that term in attempt to determine if engagement with 
the Virtual Viking email campaign is indicative of their engagement with the university and their studies. 

Virtual Viking email is sent every Sunday from domain virtualv@pdx.edu  and contains information about the 
recent past week and upcoming week  in form of snippets and links. The main aim of the Virtual Viking is to keep 
students engaged with the campus news, events, achievements etc. 

 

 

                                                                  Figure 1: Sample virtual Viking Newsletter Email 

 

 

Current Approach  
Business doesn't have any analytics tool or has any analysis mechanism in place. IBM Cognos is used to report 
the number of emails sent, the number of emails read and unread. 
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Currently there are no systems to analyze the correlation between a student engagement and their academic 
proficiency. 

 

                          Figure 2: Sample Cognos Report 

 Data set and Variable Selection  

For analysis, out of different type of students which is a whole data set, a subset of Undergraduate students are 
being considered and of different terms, fall of 2016 has been considered.  

Virtual_viking_random.csv was the file with undergrad students who have received mailers through the Virtual 
Viking email campaign for fall 2016 term.  Students are identified through an identifier which has been 
randomized for privacy. 

 Campaign_students_random.csv had more information on the student’s.  This is to give perspective on the 
student’s performance for fall 2016 term and whether they went on to register for winter 2017. 

For the scope of our analysis we combined the two csv files to get a picture of how the two files are related and 
introduced a few derived columns like Count of emails read, count of emails open, count of emails not opened, 
count of emails failed and GPA Level. The total data set that was used was 18089. 
Apart from that we made buckets of varying sizes for different attributes which have been described below in 
the sections that they have been used.  
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The key terms and their definitions have been explained in appendix A  

The columns and their descriptions are explained in Table I and Table II 

     Table I : Virtual-Viking-Random- Column Attribute 

 

  Table II : Campaign-Student-Random - Column Attributes 

 

Initial data analysis  

We wanted to find the high predictors that indicate student engagement levels and so an initial manual analysis of the data 
was done before we used any of the data mining algorithms .These Indicators are further used while doing the analysis. 

The tables were connected so that the student attributes and the newsletter attributes could be analyzed together .The 
ERD for the tables relationship is represented below 
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Figure 3: ERD Diagram Representing the Relations Between the tables 

 

We then set out to finding patterns manually using pivot tables and data .To identify the distribution of students in different 

years was very important since that would be a big indicator of  who could be the largest audience of the emails , based 

purely on numbers .The distribution of Students is  shown in figure 4. Number of students in their senior year, is the highest 

followed by junior and sophomore. 

 

                      Figure 4: Student Count Distribution by year  
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                                                   Figure 5: Student population distribution 

 

The data was then analyzed based on what emails were the most popular amongst students. This was based on the fact 

that from the emails that were opened which were the ones that were accessed the most. Party in the park, FAfsa 

applications and scholarship applications were the most popular amongst students. Harvest share emails were one of the 

most infrequently read emails amongst others. 
 

 

 

                                   Figure 6: Opened vs Unopened Mails and Student GPA Level Correlation 

Figure 6 here represents the distribution of students based on their GPA levels and how often they read the virtual Viking 

emails. It is evident that the students in the excellent and good category read much more emails compared to those in the 

other three categories. The Difference between opened and unopened Emails was the most apparent in the Inferior and 

failed Grade levels. 
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     Figure 7: Opened vs Unopened Mails and Student Classification Correlation 

 

Similarly the data was analyzed for which class of students read the most emails and the results are as represented in Figure 

7.freshman and sophomore students were the biggest readers of the Virtual Vikings newsletters whereas senior students 

were reading these emails less often. 

 

 

 
                                                               Figure 8: Student Academic Standing  

Figure 8 above shows the distribution of students according to their academic standing and their frequency of reading the 

Virtual Viking email. It is very evident that the high performing students i.e. those in the Excellent and Good categories, 

wanted to be actively involved with ongoing campus activities and hence had the most engagement out of the group. 
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                                              Figure 9: Term credits classified by student Yea distribution 

Distribution Of student and the credits taken that quarter are shown in figure 9. On an average students with 12-17 credits 
and in the juniors and seniors years read the most emails. 

We then analyzed the data based on what time the emails were sent and when they were actually read .Since the Mailing 
Job runs in batches therefore not emails were sent at the same time. The Columns had timestamps to help analyze these 
attributes 

 

.  

 Figure 10: Rate of Emails read based on the sent Time  
 

Figure 10 here gives the distribution of emails sent by time and how many of them are opened depending on the time of 
the day they were sent .Most of the emails being Opened are the ones that were sent early in the day and then the pattern 
falls to a low Read count as the day progresses, however it picks up for the emails being sent at 8Pm in the evening. 
 
This would be helpful in finding a suitable time to send most of the emails based on how many of them are being read early 
in the day . 
 
We also did an analysis on how soon do students tend to open the Virtual Viking emails and we found out that most often 
people read more emails within 12 hours to 1 day of it being sent. 
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Figure 11: Rate of emails being opened by Time distribution 

 
Figure 11 shows the amount of emails being opened within a few hours of being sent. The Highest Emails are 
opened within 1-2 days of being sent, which shows that people do not treat the virtual Viking emails as top 
priority, however 44% of the emails that do get opened are the ones being accessed in 0-1 Hour. Almost 91 % of 
read emails are opened within 12 hour-24 hours 
 

Data Mining Methodology 
We came up with a number of algorithm that were well suited for our analysis, however we used three that gave us better 

results. The reason for selecting these algorithms was to  

1. Find a pattern in the existing data  

2. Form a predictive model for new data for subsequent terms. 

The following Grade level buckets have been used all throughout for the Algorithms, the rest of the buckets used in 

different sections are shown in the individual sections. 

   Table III: Grade Level Buckets  

 
 

         Table IV: Email Read Count Buckets 
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Algorithms used 

1. The 1R algorithm 

The 1R algorithm was used since we wanted to come up with one single rule that suggests a pattern on the basis 
of a single predictive attribute.  

This algorithm was used to understand relationship between Student performance for the term (GPA_Levels) 
and the Virtual Viking emails read. 

 

Students with excellent and good grades read emails between 6 and 11 with the error of .63 and .68. This shows 
high engagement through emails with student with GPA >3 

Students with satisfactory and inferior grades appear to read 3 emails with error of .68 and .67 

Students who fail appears not to read the emails. 

 

                                                   Figure 12 : Student performance and count of emails Read 

        2. Covering Algorithm     

Covering is a Rule Based algorithm that works by concentrating on a particular class at a time and by maximizing 
the probability of the desired classification. 

Applying the Covering algorithm on the Virtual Viking data, we did  analysis on the level of email activity as 
described in table IV .For the purpose of this report, the analysis done  below are For level E & D which are the 
highest level of student engagement  (opening  and checking a large number of newsletter sent throughout the 
term ). The best rules were selected for every Iteration.    

Count of STUDENT_CLASSIFICATIONColumn Labels

Row Labels A B C D E Grand Total Max(A,B,C,D,E) MAX/TOTAL TOTAL-MAX Error Rate

Sat 266 435 268 371 21 1361 435 0.31961793 926 0.680382072 B

Excellent 1468 2913 2196 3967 420 10964 3967 0.3618205 6997 0.638179497 D

Fail 421 344 157 319 10 1251 421 0.33653078 830 0.663469225 A

Good 750 1208 772 1268 82 4080 1268 0.31078431 2812 0.689215686 D

Inf 108 139 76 106 3 432 139 0.32175926 293 0.678240741 B

Grand Total 3013 5039 3469 6031 536 18088 6031 0.33342548 12057 0.666574525 D
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The term credits were segregated into buckets as  

Table V: Credit Level Buckets 

 

 

Level E 

 

Antecedent 

Student Classification 

Term Levels 

GPA levels 

Consequent = Level E 

Support: Number of cases that match all antecedents  

Confidence: Total Number of cases in the antecedents divided by the Total number of cases for that instance  
The Algorithm has been done in a number of Iterations as mentioned below  
1st level Iteration        

The attributes and their values are shown in the table below  

                                           
                                                                                Figure 13 
The highest Confidence is for 5.4% for term credit level = Low, however the support for the same is very low so 
we are going to take the second best value that is student-classification = Freshman and consider only those 
cases. Here we found the best rule to be GPA_level =Excellent with a high confidence rating of 76.4% 
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                                                 Figure 14 

 
Ongoing down one level further and analyzing only freshman with GPA_Level = excellent. 

                                                       

Attribute Value Total Count Support ( E ) Confidence (E) 

Term credit levels Average 84 15 17.9% 

Term credit levels High 84 66 78.6% 

Term credit levels low 84 1 1.2% 

Term credit levels Very High 84 2 2.4% 

                                                       Figure 15 

 

Rule1 

If student classification = freshman and Term credit level = High and GPA_Level = Excellent then Email Read = E 
 
II Level Iteration 
Removing the 84 records from the first rule above and analyzing the results. 
                               

 
                                          Figure 16 

 

Using the rule If student classification = sophomore and going down a level further. 
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                                        Figure 17 

The rule now states If student classification = sophomore and GPA_Level = Excellent. 
Ongoing down one level further for the above rule  
 

 
                                 Figure 18 

Rule 2: If student classification = sophomore and Term credit level = High and GPA_Level = Excellent then Email 

Read = E 

Similarly the rest of the rules for Consequent = E 

Rule 3: If student classification = Junior and Term credit level = Average and GPA_Level = Excellent then Email 

Read = E 

If student classification = freshman and Term credit level = High and GPA_Level = Excellent then Email Read = E 

If student classification = sophomore and Term credit level = High and GPA_Level = Excellent then Email Read = E 

If student classification = Junior and Term credit level = Average and GPA_Level = Excellent then Email Read = E 

If student classification = Senior and Term credit level = High and GPA_Level = Excellent then Email Read = E 

If student classification = Junior and Term credit level = High and GPA_Level = Excellent then Email Read = E 

 If Student classification = sophomore and Term credit level = Average and GPA_Level = Excellent then Email Read = E 

  

This relates to the fact that students with high level of interest in College activity and those that are reading the 

virtual Viking emails regularly are the most academically well performing students. The dataset above gave all 

results for GPA_Level = Excellent and a good credit level for the term, both indicators of academic proficiency. 

 Level D 

Antecedent 

Student Classification 

Term Levels 

GPA levels 

Consequent = Level D 
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                                            Figure 19 

 

The highest Confidence is for Student Classification= freshman, and on using only those records we get 

 
                                    Figure 20 

 

The Student Classification= Freshman & GPA_Level = Excellent have the following records  

 
                                       Figure 21 

 

The Highest confidence is for term credit level = High and hence the First rule for D is  

Rule 1  

If student classification = freshman and GPA_Level = Excellent and Term credit level = High THEN Email Read = D 
Removing the 477 records and starting over. 
 
 II Iteration  

Removing the above records and starting over, the Highest Confidence is for Term Credit Levels = Very High 
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                                                Figure 22 

 

Using only the records for Term Credit level = Very high and going down a level further, we get freshman with the highest 

support and confidence. 

 
                                                            Figure 23 

 

Rule 2: If Term credit level =Very High & If student classification = freshman and GPA_Level = fail THEN Email 
Read = D 

III Iteration 
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                                                        Figure 24 
 

Removing the 55 records from Rule 2, we get the Highest Confidence for Student classification = sophomore, 

using records only for student classification = sophomore, we get the following records. 

 
                                                          Figure 25 
 

Drilling down on student classification = sophomore, the highest confidence is for GPA_Level = Excellent and the 

final rule is  

Rule3  

If student classification = Sophomore & GPA_Level = Excellent & Term credit level =Low and THEN Email Read = D 

Rules for Level D 

If Term credit level =Very High & If student classification = freshman and GPA_Level = fail THEN Email Read = D 

If student classification = freshman and Term credit level = High and GPA_Level = Excellent THEN Email Read = D 

If student classification = Sophomore & GPA_Level = Excellent & Term credit level =Low and THEN Email Read = D 

 

The results for Activity level = D also indicate that a high level of engagement is a result of high academic standards. One 

exceptions to that was rule 2, however the rest of the rules are consistent with the pattern that activity level increases with 

academic grades level. 
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Using the above two Activity Levels, the covering algorithm suggests that  

1. GPA = excellent is the highest Indicator of high Engagement  

2. Freshman and Sophomore students have the highest Involvement with the Viking newsletter  

3. Students with a term credit level = high/average have a high engagement. 

3. Bayesian Algorithm 

Using the Bayesian algorithm, the relationship between the following factors was studied with respect to the activity level-  

1> GPA of the Term 

2> whether the student registered for next term? 

3> Student category (which year of undergrad - freshman/sophomore/junior/senior). 
 

The students’ activity around the Virtual Viking emails was classified as follows 

 Table Voicemails read Activity Level  

  

 

Now, in order to use the Bayesian algorithm we need to find the product of the probabilities of all the factors that we 

decided to use in our model. For this, we created individual tables of the probabilities for each factor. This was done so we 

could easily automate the calculation by building a predictive model for our dataset using the excel function VLOOKUP on 

the probability (Bayesian) tables of the factors being considered 

Probability of GPA categories factor per activity level                                                             

                                        
                                                      Figure 26 
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Probability of registered next term factor per activity level. 

        
                                                      Figure 27                                                                                                    
 

Probability factor based on student Classification 

 
                                             Figure 28 

 

Probability for the activity levels is mentioned in fig 29 

 
                                    Figure 29 
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Below is the excel implementation that helps automate the calculation of the combined probabilities of the factors we have 

selected to establish a relationship between. 

 

Figure 30 

 

Using the above predictive model we could see the following: 

1. Freshmen/Seniors -  

What we observed is that freshmen irrespective of their performance actively use the Virtual Vikings     emails. 

Seniors on the other hand do not usually get actively involved with the Virtual Vikings email program. It was also observed 

that there is a high likelihood that seniors not signing up for the next term show low email activity level. 

2. Sophomores & Juniors -  

 It was observed that lower email activity meant lower GPAs and less signing up for next term. 

Evaluation Criteria  

For analysis different bucketing was used. This bucketing ensured that we were able to correlate the data 
without altering the content. 

Also it ensured that we were looking at different criteria’s based on different types of academic activities such as 
the GPA bucket was built according to the grading mechanism for undergraduates as per Portland State 
University and used in manual analysis and all the algorithms. 

       
  For Bayesian, the emails classification was according to the ratio. The students’ activity around the Virtual 
Viking emails was classified. 
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In 1R and covering algorithm the bucketing of email was considered on the read emails. 

               
The manual analysis through SQL, graphs and charts helped with the initial assessment and 1R, Bayesian and 
covering algorithms helped to conclude and predict. 

Conclusion 

 Based on our research below are the findings 

● Senior population is highest compared to freshman, sophomore and juniors. And the percentage of 

unopened emails is higher in Senior Students. Freshman Students have higher open ratio compared to 

the others. 

● Email regarding culture center grand opening, harvest share was the least read and the email with FASA, 

Portland State of Mind and party in the Park were the most read.  

● Irrespective of the class standing the students who did not open their emails is high compared to 

students who opened their emails. However this difference is low for excellent and good GPA students 

but very high between Satisfactory, Failure and Inferior GPA students. 

● The Highest Emails are opened within 1-2 days of being sent and almost 91 % of read emails are opened 

within 12 hour-1 day. Only 44% of the emails get opened in 0-1 Hour. 

● Using 1R algorithm it was found that students with excellent and good grades read emails between 6 

and 11 with the error of .63% and .68%. This shows high engagement through emails with student with 

GPA >3 Students with satisfactory and inferior grades appear to read 3 emails with error of .68% 

and .67%. 

● The covering algorithm suggests that the Students with GPA Level Excellent are the highest Indicator of 

high Engagement .Freshman and sophomore students have the highest Involvement with the Viking 

newsletter and Students with a term credit level high/Average have a high engagement. 

● Using Bayesian it was found that   

1) Freshmen irrespective of their performance actively use the Virtual Vikings emails. 

2) Seniors on the other hand do not usually get actively involved with the Virtual Vikings email 

program. It was also observed that there is a high likelihood that seniors not signing up for the 

next term show low email activity level. 

3) For Sophomores & Juniors it was predicted that lower email activity is related to lower GPAs and 

less signing up for next term. 
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Recommendations  

Based on these finding it can be concluded that students who don’t read these emails are more when compared 

to students who do, and also the students who are more engaged in academics through Good and Excellent 

GPA’s are more likely to read the emails. We recommend that - 

Target High Population Students 

● Department can make efforts to reach out to the senior students as they have high population and less 
readers.  

● Involve senior students by including articles of their interest like on campus interviews etc.   
 

Delivery Time 
 

● Perhaps choose a different time for the email to be sent as the maximum number of emails are opened 
after 12 hours of being sent. 

● It is most likely that emails are read in the morning rather than during the latter part of the day 
according to the data. Hence Saturday night or Sunday evening could be better time to send email. 

                    
Segment Audience  
 

● Have a forum for students to decide what they would like to read about in the emails. 
● Encourage student involvement through frequent feedbacks. 
● Check what content students like reading based on different patterns too. 

 
Make Emails Mobile Friendly 

● Since most of the emails are read on mobile phones, and students are mostly interested in on campus 
activities, it makes much more sense to have the main events of the week as top link along with Dates 
and times of events. 

●  People are more unlikely to open the different browser links individually on a mobile device and hence 
it would be better to have the most information on the first link itself. 
 

Further Research 
The data that was provided was for the fall 2016 and Undergraduate Students. There is a need for using this as a 
training data and establish test data for other terms or similar fall term for other academic years as well as other 
programs  and develop rules that can be further used to make changes to the Campaign in order to make it 
more effective. 
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   Appendix A 

 

Definition of terms 

Academic Period:  Term (ie Fall 2016 term, winter 2017 term etc).  Codes for this have 01 for winter, 02 for 

spring, 03 for summer and 04 for fall term.  For example 201604 is the code fall 2016. 

Campaign:  Type of email campaign in which there can be many mailers sent. 

Mailer: Email on with unique content and subject that was sent to students 

Random UID: Randomized identifier for the student 

CAMPAIGN_TALISMA_ID - only one  

MAILER_TALISMA_ID related to MAILER_SUBJECT (one to one) 
1- Good Graduate Standing 

AD- Accad Dismissal 

        AR -Acad Disq-Reinstated on Prob 
        AP-Academic Probation 
        AW -Academic Warning 
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