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Outline	
  

•  Where	
  is	
  predic1on	
  useful	
  at	
  the	
  University?	
  
•  Predic1ng	
  grades	
  at	
  Michigan	
  
– Example:	
  Physics	
  140	
  

•  Replica1on	
  outside	
  of	
  Umich	
  
•  Building,	
  tes1ng,	
  and	
  improving	
  grade-­‐based	
  
models	
  

•  Conclusions	
  



Predic1on	
  

•  Improving	
  advising	
  
– Meet	
  students’	
  needs/expecta1ons	
  

•  Iden1fying	
  irregulari1es	
  
– Outlier	
  terms,	
  groups	
  

•  Research	
  in	
  teaching	
  
– Does	
  a	
  “treatment”	
  affect	
  learning?	
  

•  Grades	
  are	
  one	
  metric	
  of	
  performance	
  



Different	
  Predictors	
  

•  Grade-­‐based,	
  e.g.	
  GPA	
  
–  Tim	
  McKay:	
  grade	
  penalty	
  
–  Becky	
  Matz:	
  inter-­‐ins1tu1onal	
  grade	
  penalty	
  (next	
  SLAM	
  
seminar)	
  

•  Demographics,	
  High	
  School	
  informa1on	
  
•  Exams	
  
–  Standardized	
  tests,	
  diagnos1c	
  tests,	
  placement	
  exams	
  

•  Other	
  validated	
  Instruments	
  
– Affec1ve	
  characteris1cs:	
  a[tude,	
  self-­‐concept	
  (e.g.	
  CSCI)	
  



Why	
  grades?	
  
•  History	
  of	
  grades	
  
– Schinske	
  and	
  Tanner	
  (CBE—Life	
  Sciences	
  Educa1on,	
  
2014)	
  

– “The	
  result	
  of	
  this	
  inves1ga1on	
  [le^er	
  grades]	
  is	
  that	
  
the	
  experiment	
  started	
  by	
  the	
  faculty	
  five	
  years	
  ago	
  
must	
  be	
  pronounced	
  	
  complete	
  failure”(M.	
  Meyer,	
  
Science,	
  1908)	
  

•  Incen1ves	
  produced	
  are	
  problema1c	
  (Achen	
  and	
  
Courant,	
  J.	
  Economic	
  Perspec1ves,	
  2009)	
  

•  Flawed	
  but	
  s1ll	
  informa1ve,	
  me1culously	
  
recorded	
  and	
  abundant	
  



Grades	
  at	
  Michigan	
  

Light	
  yellow:	
  3.85	
  mean	
  course	
  grade	
  à	
  dark	
  red:	
  2.65	
  mean	
  course	
  grade	
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Top	
  10	
  courses	
  by	
  enrollment	
  in	
  Departments:	
  
Science/Engineering,	
  Social	
  Sciences,	
  Humani1es,	
  and	
  Other	
  	
  

	
  	
  	
  
Department	
  

	
  	
  	
  
Department	
  



Predic1ng	
  Grades:	
  Physics	
  140	
  



Predic1ng	
  Grades:	
  Physics	
  140	
  

The	
  story	
  is	
  the	
  same	
  in	
  other	
  courses:	
  grades	
  are	
  the	
  best	
  predictors	
  of	
  grades	
  in	
  
future	
  classes!	
  But	
  they	
  aren’t	
  the	
  whole	
  story…	
  



Predic1ng	
  Grades:	
  Physics	
  140	
  

(GPAO,	
  ACT,Credits,	
  	
  
College,Ethnicity)	
  



Do	
  these	
  predictors	
  replicate	
  
elsewhere?	
  

•  Compare	
  to	
  CIC	
  ins1tu1ons	
  
–  Similar	
  to	
  Umich	
  	
  

•  Idea:	
  Standardize	
  student	
  data,	
  keep	
  it	
  local,	
  do	
  the	
  
same	
  analyses	
  (i.e.,	
  run	
  the	
  same	
  code)	
  
–  Build	
  standard	
  tables	
  like	
  this:	
  

•  Difficul1es:	
  Heterogeneity	
  among	
  ins1tu1ons,	
  
expecta1ons	
  of	
  the	
  par1cipants	
  

•  Ongoing	
  work	
  (see	
  Becky	
  Matz)	
  



How	
  far	
  can	
  we	
  go	
  with	
  grades	
  to	
  
predict?	
  

•  GPA	
  	
  
–  Baseline	
  grade	
  predictor	
  
–  Credit	
  hour	
  weighted-­‐mean	
  of	
  grades	
  
–  But:	
  agnos1c	
  to	
  subject,	
  student	
  performance,	
  term,	
  etc.	
  

•  GPAR	
  (grade	
  points	
  above	
  replacement,	
  e.g.	
  Caulkins	
  et	
  
al.,	
  1996)	
  
–  For	
  a	
  student	
  in	
  a	
  course,	
  compute	
  mean	
  course	
  grade,	
  
subtract	
  that	
  student’s	
  grade	
  

–  Created	
  credit	
  hour	
  weighted	
  average	
  of	
  this	
  
–  But	
  maybe	
  you’re	
  in	
  a	
  class	
  full	
  of	
  awesome	
  students!	
  

•  Student	
  “fixed-­‐effect”	
  (SFE,	
  Murdock	
  et	
  al.,	
  2015)	
  
–  In	
  each	
  course,	
  use	
  the	
  global	
  performances	
  of	
  your	
  peers	
  to	
  
improve	
  accuracy	
  



Course-­‐Taking	
  at	
  Michigan	
  
Nodes:	
  high	
  enrollment	
  courses	
  
Edges	
  :	
  Courses	
  co-­‐taken	
  by	
  students	
  
	
  

Sciences	
  

Econ/Business	
  

Bio/PreMed	
  

Engineering	
  



Course-­‐Taking	
  at	
  Michigan	
  
Nodes:	
  high	
  enrollment	
  courses	
  
Edges	
  :	
  Courses	
  co-­‐taken	
  by	
  students	
  
	
  



Student	
  Fixed-­‐Effect	
  

•  Each	
  of	
  grade	
  at	
  U	
  of	
  M	
  is	
  a	
  linear	
  combina1on	
  of	
  
a	
  course/term-­‐invariant	
  student	
  effect,	
  and	
  a	
  
student-­‐invariant	
  course	
  effect	
  

–  In	
  prac1ce	
  this	
  creates	
  a	
  matrix	
  of	
  ~6,000,000	
  grades	
  
x	
  150,000	
  student/course	
  effects,	
  LS	
  solu1on	
  not	
  
tractable,	
  but	
  matrix	
  is	
  sparse	
  

–  Solve	
  for	
  the	
  fixed	
  effects	
  using	
  Arcidiacono	
  (2012)	
  



Which	
  of	
  GPA,	
  GPAR,	
  and	
  SFE	
  	
  
predicts	
  grades	
  be^er?	
  

•  Compare	
  grades	
  for	
  ALL	
  
undergrad	
  courses	
  in	
  
Winter	
  2014	
  to	
  our	
  
predic1ons	
  

•  Best	
  predictor	
  has	
  the	
  
highest	
  correla1on	
  
coefficient	
  

SFE	
  

GPA	
  

GPAR	
  

GPAR2	
  

Correla1on	
  coefficients	
  between	
  
predicted	
  and	
  actual	
  Winter	
  2014	
  
grades	
  

ρpearson	
  

~	
  150,000	
  



Which	
  of	
  GPA,	
  GPAR,	
  and	
  SFE	
  	
  
predicts	
  be^er?	
  

•  Chemistry,	
  Winter	
  2014	
  



Which	
  of	
  GPA,	
  GPAR,	
  and	
  SFE	
  	
  
predicts	
  ranks	
  be^er?	
  

•  S1ll	
  depends	
  on	
  course	
  size,	
  subject,	
  level	
  

	
   •  None	
  of	
  these	
  methods	
  work	
  well	
  for	
  courses	
  with	
  
narrow	
  grade	
  distribu1ons	
  (i.e.	
  everyone	
  gets	
  an	
  A)	
  



Conclusions/Next	
  Steps	
  

•  Grades	
  predict	
  other	
  grades	
  well	
  
•  Student/course	
  rela1onships	
  allow	
  us	
  to	
  
improve	
  predic1ve	
  power	
  
– On	
  a	
  final	
  transcript,	
  final	
  GPA	
  and	
  final	
  SFE	
  will	
  
tell	
  different	
  stories	
  

•  Advising:	
  which	
  metrics	
  for	
  which	
  students	
  in	
  
which	
  context?	
  

•  Con1nue	
  to	
  reconsider	
  the	
  meaning	
  of	
  grades	
  
and	
  the	
  GPA	
  students	
  carry	
  with	
  them	
  upon	
  
gradua1on	
  



A	
  Sidebar	
  of	
  the	
  Modeling	
  



Course-­‐Taking	
  at	
  Michigan	
  



Example:	
  STEM	
  interest	
  at	
  UMich	
  

NONSTEM 
 9368

STEM 
 7620

STEM 
 7313

NONSTEM 
 8489

NO DEGREE 
 1186

Initial Major Degree

6806

389

425

507

8100

761

Degree Persistence − Counts


