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ASSESSMENT REPORT  
ACADEMIC YEAR 2017 – 2018 

 

Academic Effectiveness Annual Assessment Resource Page: 

https://myusf.usfca.edu/arts-sciences/faculty-resources/academic-effectiveness/assessment 

 

Email to submit the report: assessment_cas@usfca.edu 

Important: Please write the name of your program or department in the subject line. 

For example: FineArts_Major (if you decide to submit a separate report for major and 

minor); FineArts_Aggregate (when submitting an aggregate report) 

 

I. LOGISTICS & PROGRAM LEARNING OUTCOMES 

 

1. Please indicate the name and email of the program contact person to whom feedback should be 

sent (usually Chair, Program Director, or Faculty Assessment Coordinator). 

 

Terence Parr, parrt@cs.usfca.edu 

 

2. Were any changes made to the program mission statement since the last assessment cycle in 

October 2017? Kindly state “Yes” or “No.” Please provide the current mission statement below. 

If you are submitting an aggregate report, please provide the current mission statements of both 

the major and the minor program. 

 

No 

 

3. Were any changes made to the program learning outcomes (PLOs) since the last assessment cycle 

in October 2017? Kindly state “Yes” or “No.” Please provide the current PLOs below. If you are 

submitting an aggregate report, please provide the current PLOs for both the major and the minor 

programs. 

	 MS in Data Science 
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Note: Major revisions in the program learning outcomes need to go through the College 

Curriculum Committee (contact: Professor Joshua Gamson, gamson@usfca.edu). Minor editorial 

changes are not required to go through the College Curriculum Committee. 

Yes, here are the new PLO ratified by a vote of faculty members over email on March 23, 2018: 

(1) Program Learning Outcome 1. Possess a theoretical understanding of classical statistical models 

(e.g., generalized linear models, linear time series models, etc.), as well as the ability to apply 

those models effectively. 

(2) Program Learning Outcome 2. Possess a theoretical understanding of machine learning 

techniques (e.g., random forests, neutral networks, naive Bayes, k-means, etc.), as well as the 

ability to apply those techniques effectively of data. 

(3) Program Learning Outcome 3. Effectively use modern programming languages (e.g., R, Python, 

SQL, etc.) and technologies (AWS, Hive, Spark, Hadoop, etc.) to scrape, clean, organize, query, 

summarize, visualize, and model large volumes and varieties of data. 

(4) Program Learning Outcome 4. Be prepared for careers as data scientists by solving real-world 

data-driven business problems with other data scientists. 

(5) Program Learning Outcome 5. Develop professional communication skills (e.g., presentations, 

interviews, email etiquette, etc.), and begin integrating with the Bay Area data science 

community. 

The map of PLO to courses appears below. 

4. Which particular Program Learning Outcome(s) did you assess for the academic year 2017-2018?  

We assessed 2 through 4 (All PLOs provided at the end of this document): 

(2) Possess a theoretical understanding of machine learning techniques (e.g., random forests, neutral 
networks, naive Bayes, k-means, etc.), as well as the ability to apply those techniques effectively;  

(3) Effectively use modern programming languages (e.g., R, Python, SQL, etc.) and technologies 
(AWS, Hive, Spark, Hadoop, etc.) to scrape, clean, organize, query, summarize, visualize, and 
model large volumes and varieties of data;  

(4) Be prepared for careers as data scientists by solving real-world data-driven business problems 
with other data scientists 

 
 

II. METHODOLOGY 

 

5. Describe the methodology that you used to assess the PLO(s). 

For example, “the department used questions that were inputted in the final examination 

pertaining directly to the <said PLO>. An independent group of faculty (not teaching the course) 

then evaluated the responses to the questions and gave the students a grade for responses to those 

questions.” 

 



3	|	P a g e 	
	

Five data science faculty contributed representative questions from one or more written exams taken 

from six data science courses related to the three learning outcomes mentioned above. These 

learning outcomes are loosely described as computing–related. We decided on a scoring 

mechanism that could be used across all courses and all questions on those exams used in this 

report: 

3. Student has mastered material necessary to answer a specific question 

2. Student did not give a perfect answer to the question but has a solid grasp on the concepts 

1. Student did not achieve a minimum level of competency for a specific question 

0. Student did not answer 

	
For the purposes of this assessment report, faculty returned to their exams, sometimes months after 

initially grading the students, to select and score assessment questions as 3, 2, or 1. All scoring data 

is attached, as are the exam questions themselves. 

Here are the number of questions broken down by program learning objectives and course: 

PLO Questions in 
category 

PLO2 10 

PLO3 27 

PLO4 9 

 

Course PLO2 PLO3 PLO4 

MSAN621 5 0 0 

MSAN630 5 0 1 

MSAN691 0 3 3 

MSAN692 0 5 3 

MSAN694 0 9 1 

MSAN697 0 10 1 

 

All exam questions used in the creation of this assessment report are provided at the end of this 

document. 

 
III. RESULTS & MAJOR FINDINGS 

 

1. What are the major takeaways from your assessment exercise? 

This section is for you to highlight the results of the exercise. Pertinent information here would 

include: 

a. how well students mastered the outcome at the level they were intended to, 

b. any trends noticed over the past few assessment cycles, and 
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c. the levels at which students mastered the outcome based on the rubric used. 

 

After compiling all of the data from six courses, we found some variation in score levels across 

courses but the overall average score for a single question was 2.58 out of 3. According to our score 

metric listed above, therefore, students achieve above “solid grasp on the concepts,” but below 

complete mastery when we aggregate all questions from all courses. Here's a graph that shows the 

average score per question broken down by course: 

 
(Please note that the number of questions per course varied significantly and so the average scores 

must be weighted appropriately to reach the correct 2.58 average). 

 

Courses MSAN694 and MSAN697 show improvement over the earlier courses MSAN691 and 

MSAN692. MSAN621 was taught by an adjunct and graded cooperatively between the instructor 

and two full-time faculty and so it is harder to directly compare those scores with the others, as they 

were taught and evaluated by the same full-time faculty member. 

 

Here is a graph that breaks down the average scores by program learning objectives: 
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(As described above, not all learning objectives are covered in each class and so some of the bars 

are 0.) 

The scores across learning objectives are very consistent within the same course, which indicates 

that the faculty member explicitly or implicitly instructed the students consistently across objectives. 

Breaking down the scores even further, here's a distribution (histogram) showing how many students 

got what average score per class (class average shown as orange rectangle): 

 
 
At the opposite end of the spectrum, we see that in MSAN621 students master the course material 

for the most part. The courses are somewhere between “solid grasp” and “mastery”. Here are 

average scores for each learning objective, computed across all courses and all students: 

 

PLO Average score per question across courses 

PLO2 2.53 

PLO3 2.67 

PLO4 2.46 

 

Given the difficulty of our graduate program, we consider 2.53 to be an excellent outcome for 

PLO2 (theoretical understanding of machine learning techniques). PLO3’s 2.67 average score is 

even higher and shows a solid grasp of the material, heading towards mastery. This PLO deals 

with distributed computing, which is typically very far outside of the students’ prior experience 

(and the score is also reduced because of the blanks). We might have a bit more work to do for 

PLO4 (prepared for careers as data scientists by solving real-world data-driven business problems) 

as it is slightly lower at 2.46, but still shows solid grasp of the material.  
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IV. CLOSING THE LOOP 

 

2. Based on your results, what changes/modifications are you planning in order to achieve 

the desired level of mastery in the assessed learning outcome? This section could also 

address more long-term planning that your department/program is considering and does 

not require that any changes need to be implemented in the next academic year itself. 

 

Based upon these results, the data science faculty will discuss at the next faculty meeting and make 

recommendations to faculty about areas and topics to focus on. We might also recommend changing our 

scoring mechanism from 1..3 to 1..4 to get finer granularity on our metrics. We are discussing new and 

innovative forms of direct assessment on exams going forward. For example, we’d love to have students 

write small programs and have them automatically executed and tested as part of an online examination. 

3. What were the most important suggestions/feedback from the FDCD on your last 

assessment report (for academic year 2016-2017, submitted in October 2017)? How did 

you incorporate or address the suggestion(s) in this report? 

 

I believe that, due to the lateness of our previous report, we did not receive feedback. 

ADDITIONAL MATERIALS 

(Any rubrics used for assessment, relevant tables, charts and figures should be included here) 

Program Learning outcomes (PLOs) 
	
Upon	successfully	completing	the	Master	of	Science	in	Data	Science	(MSDS)	program,	our	graduates	will:		
	

(1) Possess	a	theoretical	understanding	of	classical	statistical	models	(e.g.,	generalized	linear	
models,	linear	time	series	models,	etc.),	as	well	as	the	ability	to	apply	those	models	
effectively;		

(2) Possess	a	theoretical	understanding	of	machine	learning	techniques	(e.g.,	random	forests,	
neutral	networks,	naive	Bayes,	k-means,	etc.),	as	well	as	the	ability	to	apply	those	
techniques	effectively;		

(3) Effectively	use	modern	programming	languages	(e.g.,	R,	Python,	SQL,	etc.)	and	
technologies	(AWS,	Hive,	Spark,	Hadoop,	etc.)	to	scrape,	clean,	organize,	query,	
summarize,	visualize,	and	model	large	volumes	and	varieties	of	data;		

(4) Be	prepared	for	careers	as	data	scientists	by	solving	real-world	data-driven	business	
problems	with	other	data	scientists;	and		

(5) Develop	professional	communication	skills	(e.g.,	presentations,	interviews,	email	
etiquette,	etc.),	and	begin	integrating	with	the	Bay	Area	data	science	community.		

	
The	latest	version	of	the	MSDS	program	learning	outcomes	was	ratified	by	a	vote	of	faculty	members	over	
email	on	March	23,	2018.		
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PLO course mapping 
	

	
	
	  



8	|	P a g e 	
	

MSAN692 Data Acquisition Final Exam  
	

3.	(1	points)	What	part	of	an	HTTP	web	page	fetch	request	sends	URL	parameters.	 

5.	(1	points)	Give	a	single	terminal	command	that	fetches	http://foo.com/bar	and	also	prints	out	
the	HTTP	protocol	“conversation”	with	the	web	server	program	at	foo.com.	 

10.	(1	points)	Imagine	you	have	launched	an	instance	at	Amazon	Web	services	and	started	a	
server	program	listening	at	port	8080.	The	server	program	responds	using	curl	from	the	
command	line	on	the	server	but	curl	does	not	work	from	your	laptop	using	the	public	IP	address.	
What	is	the	most	likely	problem?	 

15.	(2	points)	What	two	primary	advantages	does	Selenium	have	over	requests/BeautifulSoup?		

18.	(3	points)	You	are	given	a	nonempty	list	of	URLs,	urls,	and	an	accompanying	list	of	page	titles,	
titles.	Write	Python	code	to	create	a	list	of	dict	objects,	one	per	URL/title	pair.	Call	the	list	data.	
Each	dict	must	have	two	keys,	url	and	title,	with	the	appropriate	values.	(Note:	I’m	not	asking	for	
a	single	dict	mapping	each	url	to	its	title	or	vice	versa.)	 
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MSAN 697 Distributed Data Systems exams 
	
Quiz 1 
	

	
	

	
	
Quiz 2 
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Quiz 3 
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Quiz 4 
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MSAN	694	Distributed	Computing	
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MSAN 691 Relational Databases exam 
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MSAN621 Introduction to Machine Learning Final Exam  
	

1.	(3	points)	Given	a	forest	of	n	tree	estimators,	treei,	in	a	Random	Forest	(RF)	regressor,	give	
Python	code	or	pseudo-code	using	elements	like	treei.predict(x)	for	single	observation	x	to	yield	a	
RF	scalar	prediction.	(Ignore	that	scikit	predict()	actually	wants	a	matrix	not	vector.)	 

5.	(1	points)	With	a	RF	regressor,	the	R2	score	is	0.83,	the	out-of-bag	R2	score	is	0.80,	and	the	
validation	R2	score	is	0.29.	Circle	which	of	the	following	most	likely	explains	the	situation.	 

1.	The	model	is	overfit	
2.	The	model	is	underfit	
3.	The	validation	set	is	not	like	the	training	set	 
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MSAN 630 Advanced Machine Learning 
	

	


