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ABSTRACT

This study analyzes current rankings and develops a new program ranking score for
MS in Data Analytics and Data Science programs regarding institutional,
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educational, and environmental performance measures. Due to the variation in % cal program information |
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submitted from those ranked institutions, we use predictive analytics to estimate

what input levels are needed to achieve a certain rank for each ranking system.

This study is novel in that programs can identify where their strengths and
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weaknesses lie with the goal of using their resources to make more strategic / DATA CLEANING & PRE-PROCESSING \ [ DATA PARTITION A students, parents may utilize our ranking system to achieve their
decisions to improve their future rankings_ 1. Assign data types to input features and target "I» K-fold Cross Validqﬁon goals- ; Y
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During recent years, the global expansion of access to higher education has 4. Merge columns (Combined classes) 7@% @ (=] = 2 3@% (J + Career Fairs E] ‘
. . . . . . 5. Identify correlated predictors, linear dependencies, ? ’(I; @ * Industry Projects
increased demand for information on academic quality. Therefore, ranking systems limited variation & ) 4 + Company Sponsors Such as R, Python, SQL, SAS, etc.
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now play such a big role in shaping the opinions of current and potential students, \_ 6. Standardize input features »
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institutions. However, the emergence of this ranking obsession also causes a Predict Program Score MODEL SELECTION Number of Benefits:
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promotional purposes (Marmolejo, 2015). Hence, without truly knowing what
factors go into making these ranks, or how these factors were collected, and
measured, it would be difficult to fairly judge these programs.
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Figure 1. QS BA Masters Rankings 2021 Breakdown Model Selection Figure 2. Study Design Figure 5. Potential Improvement on Rank Indicators
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Universities may use data from rankings for analysis, strategic planning,
and policy making. Companies can pick their qualified employees by
expecting the ability that the student will equip out of the university
after evaluating the ranking score of each master program.

Alumni Return on Thought Class & Faculty . . . . . . . .
Employability Outcomes Investment Leadership Diversity By running regressions through multiple variables, we finalized using random forest and linear

@ 1’[ regression model to determine good indicators in ranking MS in DS and DA programs. Random

forest is preferred to reduce the variance, increase accuracy and less overfitting in decision
trees. We used k-fold cv since it has less variance and train time than LOOCV. Models are
evaluated with adjusted R? and comparing test set to train set to check model's generalizability. CONCLUSIONS
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This study aims to answer the following research question: STATISTICAL RESULTS <» Through our research, we have successfully developed a ranking
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