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Abstract
A substantiakhare of university instructidmappens inutorial sessions-
small group instruction given parallel kectures. In this paper, we study
whether instructors with a higher academic rank teach tutorials more
effectively in a setting where students are randomly assigned to tutorial
groups We find this to béargely notthe caseAcademic rank is unrelated
tostudent s’ current and f upasitvely per f or manc
rel at ed tcoursesdavaludtiensBuikling on these results, we
discuss different staffing scenariosthat show that universities can
substantidy reduce costs by increasingly relying on lower-ranked
instructors fortutorial teaching
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l. Introduction
Instructors are crucial, yeexpensive input in university education. As a resnéinyuniversities
have responded to cost pressures by increasingly relyindjonca professoror lecturing® A
large share of university instructiomoweverhappens in tutorial§.utorials—also callecexercise,
lab or TA sessions- are small group teaching sessions that cover material epraptary to
lectures.Thesetutorials are often respomée for more than half of the total wage costs per course
especially in large firsyear course$

Universitiesdiffer widely in how they staff tutorials. In some universitiel tutorials are
taught bystudentsputin othess, tutorialsare taught by anixture of studentsand higherranked
staff includingfull professors. The usef different types of instructors for tutorial teachirgy
surprising given théarge differences inwagecosts by academic ranRrofessors for example,
cost much moréan sudent instructorsvhich raisesanobvious questiorareprofessorsvorth it?

In this paper, we examine the costs and benefits of aisiogal instructors with different
academic ranks. Wesedata from a Dutcbusiness schoeVhere students within treame course
are randomly assigned to instructors of different academic ranks, which randelfoonstudents
to full professorsWe first estimate individual n st r u c taddeds(VA)on eolrse grades,
grades in followon coursescourse evaluationsgs well as earnings andbjesatisfaction after

graduation and thetestwhethereach of these VA measurdsgfer by instructor academic rank.

! See, for exampleEhrenberg (2012¢oncerning the increase of adjunct professors in the United SFidgis,
Schapiro, and Soter (2018ihd that adjunct professors have a positive effect on student grades and that this effect is
driven by low effectiveness of the bottom quarter of tenure texulved facultyBettinger and Long (2010ind that

adjunct professors have a small positive effect on st uc
2 Becauseourses largely pair one large lecture with several tutorials, enelerate wage cost differences between
l ecturers and tutors wild.l result in over half the cour :

prevalence of tutorial teaching, we conducted a small survey among OECD universities. Egaesults suggest

that 63 percent of OECD universities use tutorials, and in these universities, tutorials make up around 30 percent of
students' contact hours. See Section II.A and Appendix B for a detailed description of the survey methodology and
resuts. The survey data are available onlinatgi://ulfzoelitz.com/research/material
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Based on these resultsewhen discusshe costsavings potentiabf different staffing scenarios
that relyonincreasinghe share ofower-rankinstructors.

We find that individual i nstruct-onrgsades i gni f
and course evaluations, although effect sizes are quite small. An instructor with a one standard
deviation higher A i ncr eas es s t.2ipereenttofsa’standardadevatson. Beplacihg
the bottom 5 percent of instructors with average instructors would lead to &.B@ercent of a
standard deviation increase in the average student grade. Moreover, weraknnat the null
hypothesis that individual instructors have no effect on earnings and job satisfaction.

Instructor s’is @era dneclatecc or ankdent s’ dleandste mi ¢ o
effective instructos—postlocs—addless tharl percent of astandard deviatiomoret o st udent s
gradesthan studentinstructors All other types of instructors, includinglf professorsare not
significantly more effectivéhan studerstin tutorial teachinglmportantly, hese findings are not
driven by a laclof statisticalpower Wecan rule outlifferences between instructor types small
as1 percent of a standard deviatioha gradel nst ruct or s’ academic ran
studens grades in followon courses, where our results are also precestlgnated.

Looking at nonacademic outcomes find that instructors with higher academic rank add
more value tostudens course evaluationgHowever, hese differencearealsosmall. Students
taught by dull professor, for example, evaluate the cewsly 3 percent of a standard deviation
more positively than students taught by a student instru€twally, using matched survey data on
university graduatesye find some evidence that PhD students and professors have a small positive
effect on studes’ job satisfaction after graduation. We find no systematic relationship between
instructorac ademi ¢ r ank a nTtheseesultsdreless psetisely estimatpyatgvs .
can still rule ousmaltsized differences between masitructor ranksOverall our results suggest

that replacinghigherrankedinstructors with student instructors has no economically significant
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effects on students’ C U randesubsequertrhingandonlysmalla c a d e 1
negative effects on course eaionsand job satisfactiarin other wordspur results show little
evidence that it is wortktaffing tutorials with professars

Building on these results, wmnduct a simplaccouring exercisehatshows thesaving
potential under differentutorial staffing scenarios. In the most extrerseenario in which all
tutorials are taught by student instructors, wagesd¢osthe average tutori@an be reducelly 47
percenforab a c h dautodatahdsy 55 percent fama s t tatarial. ¥nder anore onservative
scenarioin which some potentially importanthigherranked instructors remain teachingin
bachaeddtodalsasd t he staff compositi onwdstlicalcol@est er ' s
potential savings @1perceni n bac hoedlsor * s t ut

Previous studies have mostly focuseduwmversityi n s t r effectiveness iecturing
large classe$ These studies consistently find that individual instructors mattewever, the
estimated relationship between academic rank and instreffemtivenesdiffers substantially

across studiearrell and West (2010ind that instructors at the U.S. Airforce Academy with a

hi gher academic rank and terminal d egsitivelg negal
affect st ude nBragg Pafcaghellaarel PallizzariP@l8)f i nd t hat i nst
academic rankat Bocconi University s unr el ated to students,’ curr

and earnings after graduatiorloffmann and Oreopoulos (2009)iso find no significant

relationshp between academic rank and course dropout, gramelscourse choice in a large

3 Another extensive strand of literature has looked at the effectiveness of teachers in primary and secoatlary educ

This |Iiterature typically finds that teachers matter a
market outcomes (for exampfehetty, Friedman, and Rockoff, (2Cd)}. However, there are conflicting findings about

the relationship between formal qualifications and teacher effectiveness (for a review, see Harris and Sass (2011)).



Canadian Universit§.De Vlieger, Jacoband Stange2018)findth at i nstruct or s’ ef
one algebra course at the University of Phoenix is unrelatibeirosalary.

Only a fewstudieshave looked at the effectimess of instructors in tutoriééaching and
other related tasksuch as holding office hoursh&se studies have focused on the ethnicity and
origin of graduateeachingassistars (TAs). Lusher, Campbelland Carrell (208) study the role
of graduate TAs’' ethnicity and find that stud:¢
ethnicity graduate TASBorjas (2000)and Fleisher, Hashimotcand Weinberg (200tudy the
effect of foreignbornascompared to native graduate TAs and reach opposing concluBumnjess
(2000)finds that foreigrborn TAs negatively affect student gradesieread-leisher et al. (2002)
find that foreignborn graduate TAs have negligible effects on student grades and that, in some
circumstances, these effects can even be positive. None of these ctutjpese the effectiveness
of tutorial instructors with ifferent academic ranks.

We make threenaincontributions First, thisis the first study thatocusesoni nstr uct or s
effectivenes#n tutorial teaching Becauseutorialsareacritical part ofmanys t udent s’ uni v
education our studyfill s an importantknowledgegapin the literature on teacher effectiveness
Second, our ricllatasetallows us to look at a broad range of student outcomes, incladinge
gradesstudentcourse evaluains, andvarious posgraduationlabor market outcomegiving us
a comprehensivp i ct ur e o fimpactnoastudents ih the short, mediymnd longrun
Third, we discuss potential savings under different staffing scenahesize of thee potential
savings along with our main resultswill help universiy administrators make betterfformed

staffing decisions

41n another studyBettinger, Long, and Taylor (201&)ok at the effect of PhD student instructors compared to senior
faculty on student course choice. They find that students are more likely to major in a subftbitudent taught
the first course in that subject



Il. Background and Data
A. Tutorial Teaching in OECD Countries
To understand how common tutorial teaching is and how it differs between institutiens, w
conducted a sma#imail survey among univatiesin OECD countriesln this survey, wgathered
information about the nature of tutorial teaching from academic st3¥etonomics and business
university departments Bl OECD countriesWe describe the survey questions and methodology
in greate detail in Appendix B

We present@me important insights from this survey in Tablelri thistable, we report
weighted means to correct for oversampling of universities in small countries, using as weights the
share of universities in the country r@latto the share of universities in the OECIe results
indicate that 8 percent of universities in OECD countriefer tutorials athe undergraduate or
graduate level. The average tutorial group sizeist@dents. In universities where tutorials are
used, students sperdound30 percent of their contact hours in tutorials. During these contact
hours, students typically discuss and solve exercises, discuss course material, and do group work.
Importantly, universities differ in how they staff tutosaAbout % percent of all universities use
only student or PhBBtudent instructors, whereas gercent use a mixture of student and higher
ranked instructors, such as assistant, assoaiadegull professors. Aboutpercent of universities

staff theirtutorials exclusively with professors.



Table 1
Statistics on Tutorial Teaching in OECD Countries

Obs. Mean Min Max
Prevalence of tutorials:
University uses small group (tutorial) teaching 69 0.63 0 1
Number of students scheléd per tutorial 49 22.23 0 140
Number of students attending per tutorial 49 16.34 2 100
All tutorial groups use the same course materie 49 0.64 0 1
Programs that use tutorials:
Only at the undergraduate level 49  0.32 0 1
Only at thegraduate level 49  0.16 0 1
Both at the undergraduate and graduate level 49  0.53 0 1
Percentage of total contact hours spent in tutorials:
Undergraduate 43 31.67 9 100
Graduate 23 26.89 9 50
Who teaches tutorials:
Only students 49 0.25 0 1
A mix of both 49  0.46 0 1
Only professors 49  0.29 0 1
Bachelor's students 49  0.06 0 1
Master's students 49 0.25 0 1
PhD students 49  0.52 0 1
Teaching fellows 49  0.39 0 1
Adjunct instructors 49  0.23 0 1
Assistant professs 49 0.61 0 1
Associate professors 49  0.69 0 1
Full professors 49 0.64 0 1
Instructional method in undergraduate tutorials:
Instructor stands in front of the class and expla 46  0.49 0 1
Instructor explains solutions to exercises 46 0.67 0 1
Students solve exercises 46 0.54 0 1
Students discuss material/exercise solutions 46  0.66 0 1
Students do group work 46  0.48 0 1
Instructional method in graduate tutorials:
Instructor stands in front of the class and exgla 23 0.28 0 1
Instructor explains solutions to exercises 23 044 0 1
Students solve exercises 23 0.60 0 1
Students discuss material/exercise solutions 23 0.86 0 1
Students do group work 23 057 0 1

Summary statistics representative for the OECD. Statistics calculated using poststratification
weights by the share of universities in the country relative to the share of universities in the OECD.

For more details, see Section B in the Appendix.



B. Institutional Environment and Sample Restrictions
To estimate the effect afstructoracademic rank on student outconves,use data fromlausiness
schoolof a Dutch university fothe academic years 208 to 2014152 The bulk oftheteaching
at thisbusiness schodk done in four reglar teachingperiods of eight weeksduring which
students typically take two courses simultaneodbye the distinction we make betweaoursé
and“subject throughout the papewe use subject to refer to the material coverér example
Princigdes of Microeconomicsand “coursé to refer to a subjegtearperiod combination(for
example Principles of Microeconomics in period 1 of 2010yver the entire teachingeriod
students usuallyake three to sever®0-minute lectures for each cours&hich aretaught by
lecturersor assistant, associater full professors. The bulk of the teaching, however, is done in
twelve twehour tutorials. These tutorials are at the center of our analysis.

Tutorials are organized in groups of up to 16 students whassigned to one instructor.
In these tutorials, students discassigned readings review solutions to exercise#s in many
other universitiestutorials within a courseare quite homogeneous: they use identical course
material, have the same assigmeadings and exercise questions, and follow the same cour&e plan.
The main role ofnstructor is to guide tutoriaessios and help students when thane stuck.
Instructors do not prepare their own lesson plan or select teaching material themeeleshey
hold office hours.This narrowly specifiedrole of the instructor allows us to isolate the effect of
i nstructor s’ ontstwdentbuicongs del i very

In contrast to other universities, tutorial attendance is compulsecprded by the

instructor, and norattendance can easily result in failing the coussetching between assigned

5 For more detailed information on the institutional environmentf-stband Zolitz (2017andZ6litz and Feld (2017)

5 The course material and plan are designed by the course coordinator (or, in rare instances, by two people who
coordinate the course together), who is typically a lecturer, or an assistant, assocfalieprofesor. Course
coordinators are not required to teach tutorials in the courses they coordinate, though often they do.
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tutorial groupss explicitly prohibitedand informal tutorial switching isxtremelyrare.Thetutorial
group compositionve observen our datas thereforenear-identical totheassignedutorial group
composition

Our institutional background and the method we use to calcuistieictor VA impose
some sample restrictionBecauseave aim to distinguish course effects from instructor effects, we
limit our sampe to courseshatwere taught by at least two different instructdvreover,we
follow Chetty et al. (2018 for our VA calculation(see Sectiotll) in three ways. First, we limit
our estimation sample tostructos whoteach the sam&ubjectin at least twgeriodsbecausaeve
needwithin-instructor time variation in outcome$o calculate our VA measureSecond, we
exclude instructeperiods withfewer than seven students to make sure each VA estimate contains
sufficientinformation. Thirdb ecause an i nstructor’s efwheacti ver
heor sheteaclesdifferentsubjectswe consider each instructsubjectcombination as separate
instructor.Thus, the same person teachivigroeconomicsaswell asMacroeconomics isounted
as two separate instructars our data We discuss these and a few other sample restrictions
greater detail in Appendi. Our final estimationsample consists 0f559 instructorsubject
observationgwhich we refer to as instructors from now @891 differentcoursesn 160subjects

and12,257 studentourse observatiorfs.

"Table Al in the Appendix A shows how the sample courses differ from the nonsample @ursesnple courses

are larger and rely more otudents, PhD students, and lecturers as instructors. There is also a lower proportion of
master’s courses in the sample, as these are often taucg
our estimates because we do not use betweerse variation in estimating instructor VA (see Section Ill). However,

they are important for interpreting our results.



C. Tutorial Instructors
Students in the same course can be assigredtudent instructor, PhD student, postdoc, lecturer,
assistant professor, associate professor, or full professor. Having different instructors teaching the
same course allows usgeparately identify theme-varying effects of individual instructors fro
the effect ofcourse heterogeneipn student outcomes

Table 2describe®ur sampled instructorghesubjectshey teach, and their wage cobts
academicrank. nstructors’ gender and nationalities v
sharesof female and noiutch instructors in the higher academic rar®sr data also reflect
substantial variatiorby academic rankn the number of course®r which instructorstaught
tutorials ranging froman average o2.27 coursesaught bystudent instictors to 3.68taught by
full professors. These differences mask even larger differences in teaching experience because
higherranked instructors have accumulated more teaching experience before our sample period.
Consistent with this, there are also diffieces in the number of tutorials and students taugbsscr
academic rank. PhD students are more likely to teach mathematical courses, whereas postdocs and
lecturers teach more firgear courses.

Higherrankedinstructorsalsoearn moreéhanlower-rankedinstructors We base the wage
costs reported in Table 2 on monthly gross wages from the lowest experience pay scale of the
respective instructor rank (see Table A2 in the AppeAdjgivingus a lower bound of the actual
wagecosts of higheranked instuctors.Still, the hourly wageof full professorsfor examplejs
3.4 timeslargerthan the wagef student instructorsand twice as large dse wageof postdocs
The business schotilereforepays € 143norefor a tutorialsessiortaught by a full professor than
for a tutorialsessiortaught by a student. Thes@agecost differencearethemselvesikely a lower
bound for thetotal cost differences between instructor raag¢hey ignore overheand hiring

costs, which areisuallygreaterfor higherranked instructorsThey are also nalampenedy in-
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kind benefitsreceived by lowerankednstructordbecausstudeninstructordo not receivéuition

waivers or any other nonmonetary benefits bedideis salary.

Table 2
Summary Statistics by Instructor Academic Rank

By instructor academic rank:

Student PhD Postdoc  Lecturer Assist. Assoc. Prof.
Female instructor 0.53 0.34 0.43 0.33 0.22 0.17 0.15
Dutch instructor 0.24 0.19 0.18 0.60 0.39 0.62 0.87
German instructor 0.37 0.30 0.22 0.11 0.24 0.10 0.00
Belgian instructor 0.00 0.02 0.30 0.00 0.10 0.25 0.09
Other nationality instrctor 0.15 0.47 0.30 0.28 0.27 0.04 0.00
Courses taught 2.27 2.70 3.23 3.54 3.56 3.23 3.68
Tutorials taught 7.13 7.30 9.17 10.71 8.76 7.77 8.97
Students taught 94.4 93.6 121.4 141.4 108.2 97.0 110.3
Mathematical courses taught 0.37 1.17 0.33 0.85 0.79 0.51 0.54
Firstyear courses taught 0.55 0.76 1.16 1.17 0.21 0.37 0.06
Hourly wage € 1 € 2 € 2 € 3 € 3 €43 € 4
Total wage costs per tutoris¢ssion € 5 € 7 € 9 € 1:¢ € 1. € 1° € 1!
Instructors 55 157 20 182 85 32 28
Observations 3,942 12,254 1,882 19,763 6,735 2,235 2,031

This table summarizes demographic characteristics, teaching experience, course characteristics, and wages of instructors by their academic
rank. The table is based on our estimation sample, which s comprises 48,842 observations from 12,257 students who took 651 different courses
in 160 different subjects, taught by 559 instructors over 24 teaching periods between the academic years 2009-10 and 2014—-15. Total wage
costs per tutorial session include paid preparation time. Missing nationality information not shown.

In addition totheir differentteachingresponsibilities instructors contractial termsand
nonteachingesponsibilitiegliffer as well Professorslecturersandpostdos work on permaent
or temporary contract®lthough lecturers mainly teach,rpfessors anghostdos also perform
academicresearch and fulfill administrative dutieBhD students and studemistructorsalso
pursue their own studieBhD students argypically requiredto teach 20 percent of theiontract
time. Student instructors axdtenhiredon shoriterm contractsvhen there are not enough regular
staffor PhD students available covera ¢ o ueachirg losgtherefore they disproportionally

teach large bacheo r * s ¢ o are tyiealy. hired byaryiversityadministratomainly based
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on their grades, previous experience with pagticular course and a sufficient command of
English,which isthe language of instruction for all cours&beir contracts i@ alwaysparttime

andtutorial teaching isheir onlyteachingobligation

D. Student Outcomes
We estimatethe effect of academic rank on five differsttidentoutcomescoursegrades, grades
in follow-on courses,s t u d eaqurses eévaluationsand eanings and job satisfactioafter
graduation Figure 1 shows the distributisiof all these variableand reports their mearand
standard deviati®in our estimation sample

Course grades are given on a s¢aden 1 to 10, with 5.5 as the lowest passingdg. The
final course grade usually consists of multiple graded components, with the highest weight
typically placed on the final exarAll instructors involved in the course usually mastamswith
each instructograding the same questions for all gnts.For example, for a tQuestion exam in
a course with two tutorial instructors, the first instruct@aygrade questions oneroughfive, and
the second instructamay grade questions sithroughten for all students Consequently,he
student's owrnnstructoronly grades pardf the exanf. The other graded components ahdir
weights varyacrosscourss, and sme of thesecomponentssuch as group work or tutorial
participation, are gradetirectyby t he student s’ instructor .

In our data we only loserve finalcoursegradesso onepotentialconcern is that there are
differences in grading standards by academic rankakyieein SectionlV thatpotentialgrading

biasdoesnotdrive our resultsAnother potential concern is that we only observe grafistudents

8 SeeFeld, Salamanca, and Hamerm¢ad16)for a detailed discussion of the examination and grading procedure.
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who did not drop out of our sampldowever instructor rank is unrelated to course dropout,-first

year completion, and etime graduatiorfsee Columns-13 of Table A3 in Appendi).
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Distribution of Student Outcomes

Job satisfaction

We define bllow-on gradessthe gradestudents receive in the next cee on a similar

subject matterthat is, the next course offered by the same department. There are eight different

departments offeringourses on a range of topics in economics, finzaroe usiness.

We measuretsu d eonetrai course evaluationwith the following question included as

part of the course evaluati@urveys which students take toward the end of the teaching period
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“Please give an overall grade for the quality of this course (1 = very bad, 6 = sufficient, 10 = very
good).” The @urse evaluation surveyavean averageesponse rate of 38 perceandthere is
someevidence of selective nonrespomskated to instructor rankhe fourth column of Table A3

in the AppendixA shows that PhD students and full professors achieve significantly lower survey
response rates than student instrucMs show mn SectionV thatnone of our results change once
we account for this selectivity.

To collect dataost udent s’ e a tisfaation gfter gradnadion \veosbrvegead
students whabtained their undergraduate degbmtween 2011 and 20161 this survey, &
measure &ningswith the answer to the questiofWhat is your yearly income before taxes from
your main job? (including bonuses and holiday allowances).” We measurgob satisfactiorwith
the answer to the questiofHow satisfied are you, overall, with your current work?”, which
graduates could answer on afddint scaleThe survey response rat@as 37 percent andin the
matched datave haveinformationon earnings and job satisfaction frdnv37 students in our
estimation sampl&.hereis weak evidence of sonselective nonresponselated to instructor rank
in this survey The last column of Table A3 shows that studenigith by PhD students have a
somewhat higher response rate, yet instructor ranks are not jointly significant in predicting survey

responseWe showin SectionlV that correcting for this selectivity does not change our redults

E. Random Assignment of Students and Instructors to Tutorial Groups
A key feature of our setting is thatithin a course, students are randomly assigned to tutorial

groups conditional on scheduling confliéfsFor all bachelor students, this assignment was

9 See Table A4 in the Appendix for a comparison of the characteristics of our student population, estimation sample,
and the respondent sample for the course evaluation and gradueeys.

10 Courses are usually scheduled in a way that avoids scheduling conflicts. For examyyleaficgtmpulsory courses

that students take in parallel are scheduled on different days. The main source of scheduling conflicts is students' taking
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unconditionally random ui the 2009-10 academic yeafFrom 201611 onward,the scheduling
office balanced tutorial groups by nationality (making sure that the proportion of German, Dutch,
and other nationality students were the same across tutorial groups in each coursegy\iseot
the assignment remained random. Instructors are then assigned to tutorial groups, generally in
consecutive time slotdmportantly, this assignment is unrelatedthe characteristics of the
studens in the tutorial About 10 percemf instructos in each period indicate time slots in which
they are not available for teaching. However, this happens prior to any scheduling of students or
otherinstructors andequires the approval of the department cl@iher papers using data from
the sameenvironmenthave showrthat tutorial group assignment has the propedm@swould
expect under random assignméreld and Z6litz 2017; Zo6litz and Feld 2017; Mengel, Sauermann,
and Zalitz 2018)

Random assignment of students to tutagralups implies that instructor characteristics are,
in expectationsunrelated to observable and unobservgmereatment studentend tutorial group
characteristics. To support this claim, we test whether in our estimation sacagkmic ranks
relatel to: previougrade point averag&PA), gender, age, the rank of the studdentification
number (D) (aproxy for tenure at the univers)tyand tutorial size. We do this by regressing each
of these fivgpretreatmentharacteristics on sirstructoracademic rank dummies (keeping student

instructors aghe base group)and instructor gender, nationalityynd teaching experiencaVe

different elective courses. To account for potentially nonrandom assignment due to other courses taken at the same
time, we control for fixed effects for all combinations of courses that students take in each period. A small number of
students have otherlseduling conflicts because they take language courses, work as student instructors, have regular
medical appointments, or are top athletes and need to accommodate inflexible training schedules. Importantly, none of
these exceptions is a response to thé&ruo®r or students of a tutorial group. One exception from the random
assignment process is that before the fall of 2015, students cowddtaftparticipating in tutorialthatstaredat 6:30

p.m. Students in these evening tutorials represent onlyegdgnt of our observations. Limiting our estimation sample

to courses without evening tutorials leads to qualitatively similar results.
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includecoursefixed effects as well afixed effectsfort he t ut o rtimadf-dagamdday on s’
of-theweekas contols.

Table 3 shows that academic rank is not systematically related to any of these five
pretreatment characteristics. None of thée$ts for joint significance of the instructor rank
dummies rejects the null hypothesis at the 5 percent level, nor dofahg Ftests for joint
significance of all instructor characteristics. Looking at each academic rank coefficient
individually, we se@nly that postdocs tend to teach younger studétdasever, his difference is
small and likely due to chance given thetestimate®0 academic rank coefficients. Nevertheless,
we include a cubic polynomial of student age, among other controls, when constructing VA
measures. Overall, our results confirm that instrucémademic rank is not systematically related

to preteatment student artdtorial group characteristics

Il Estimation of Instructor Value-added
A Empirical Strategy
We estimate the effect of academic rank on instructor effectiveness by testing whether instructors
academic rankredicstheir VA, thatis,t hei r i ndependent contributio
simplicity, we focusour discussionn this sectionon current gradesbut we also construct VA
measures for other outcom&ur VA construction broadly follows the methodology described in
Chettyetal. (201d,whi ch we I mpl ement vansStamgrogédmeithanmdr St e p
modifications.

The VA construction process has three core steps. First, it models student grade as a
function of student andutorial groupcharacteristics and theextracts the residuals from this

model . These residual s contheat o dgrddéednd estenatioru ct or

15



noise. Second, it creates averages of the residuals at the instimettevel. This step reducase
estimation noiseyetits main purposes to aggregatelatasothatit variesat the appropriate level.

Third, it predicts the average residuals for each instructor at each point in time with the average
residuals of that same instructgrevery other point in time. Thesepredictons are the final VA
measures.

Table 3
Balancing of Predetermined Characteristics on Academic Rank

Previous Female Age D rank Tutorial
Dep. Variable: GPA (years) size
1) (2) 3) (4) (5)
Instructor academic rank (Base: Studen
PhD 0.032 -0.021 -0.024 -90.470 0.205
(0.043) (0.017) (0.053) (133.151) (0.127)
Postdoc 0.036 -0.005 -0.138** -25.050 0.191
(0.061) (0.025) (0.069) (211.064) (0.156)
Lecturer 0.029 -0.007 -0.004 -108.071 0.146
(0.037) (0.015) (0.044) (132.700) (0.110)
Assist. 0.045 -0.014 -0.083 -180.238 0.092
(0.043) (0.018) (0.054) (151.702) (0.127)
Assoc. 0.060 -0.026 0.0 -177.155 0.223
(0.061) (0.026) (0.078) (186.527) (0.175)
Prof. 0.043 -0.011 -0.001 -146.954 0.069
(0.066) (0.028) (0.091) (225.900) (0.225)
Instructor gender, nationality, experienc n n n n n
Tutorial schedule FE: n n n n n
Course FE: n n n n n
F-test all inst. characteristics-jalue] [0.927] [0.871] [0.129] [0.977] [0.785]
F-test inst. academic rank-fmlue] [0.961] [0.874] [0.066] [0.922] [0.685]
R-squared 0.70 0.05 0.49 0.01 0.75
Instructorby-time 1,486 1,490 1,490 1,490 1,481
Observations 44,616 48,842 48,842 48,842 3,782

This table reports OLS coefficients of regressing student predetermined characteristics on instructor characteristics. All regressions
additionally include time-of-day and day-of-week fixed effects, and a dummy for students who registered late for the courses. Pair
bootstrap standard errors clustered at the instructor-by-time level are in parentheses. *** p<0.01, ** p<0.05, * p<0.1

The third step is the true innovation of the Chetty et al. methaddithree improvements
to simply taking residual averages as Wi#easures. First, by predicting ygaresiduals with all
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other year residuals, it makes sure that grdédeestimates do noinclude contemporaneous
unexplained gradedhis allows researchers to teshethergrade VA predit current grades
without worrying about spurious results. Seconsing all other yearsaveraged residualas
separate predictors allowsesidualscloser in timeto be betterpredictorsthan residualshat are
further apart. Chetty et al . sohsampletvAfarecastshi s *“ i
Third, usingpredicted VA instead of residual averages shrinks VA estimates toward their mean.
Becauseaveraged residuals contain some estimation naibech leads to biased estimates when
using averaged residuals as regressors, the shrinkage ensures that thg k&ulttieasures are
the “Best Linear Unbiased Predi ¢gtades] (Kafeara t e ac |
Staiger, 2008, ). Intuitively, shrinking average residualeward the meahasthe same effect
as correcting regression coefficients for attenuation bias caused by measurement error.

To formally describe the stepsaonstructingour VA measureswe start by modelinthe

gradeof studentQaking coursevand assigned to instruct@and timed as

0T ® - h (1)
where® is avector of comprehensivstudent and tutorial characteristics at timeStudent
characteristics includecubic polynomial ofthestudent'sage and dummies for gender, nationality,
whether thestudentis in & a ¢ h eptogram'whkether thestudent is aexchange studenghether
the student igepeatinghe courseandwhether thestudentis taking part in he business schdel
special researehasedprogram We alsoinclude a cubic polynomial grevious GPA, with all
terms interacted with the repeat student dumhuyorial characteristics include tutorial size and
tutoriaklevel averages of all student caeteristicsWe also include dagf-theweek and timeof-

the-dayfixed effectsfor the tutorials and a dummy for whethbe student registered late for the
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courset! The parameter vectprcaptures the contributions all these characteristics to the csei

grade andwe assumeéhe error-  to have the following structure:

- | | '8 (2

In this error structure, timearying coursespecific unobserved heterogeneity, , can be
correlated with stud# and tutorial characteristic®, , and with timevaryinginstructorspecific
heterogeneity, . The correlation structure in  captures obvious sorting patterns such as
students sorting into courses based on their observathlereobservable characteristics as well as
instructors systematically sorting into cours&¥oreover, importantly, it allows both sorting
patterns to be timearying in an arbitrary way. isthe usuatandom error term

To construct our VA meaures, we begin by estimating Equation (1) using a withinrse
transformation of the outcome and regressors, including a set of instructor fixed effects, and
adjusting the varianeeovariance matrix estimatesofn this regression to account for the
addiional parameters added by the witltiourse transformatior{step 1) For the within
transformation, we regress the transfordf@d @'QQ "Qi ®Q Qi W QM @
@ , where'Qi ©'Qdmdw are coursdevel averages of the outcome and regressoEgjiration
(1). This is mathematically identicto adding course fixed effects in the estimation procedure,
which the originalvam program does not allow us to includecauseve are already absorbing
instructor fixed effectsWe add instructor fixed effects because leaving them out when estimating
Equation (1) makes estimatesiofunderstate the effect of student and tutorial characteristics if

instructor VA is correlated witkh , aswe would otherwise attribute part of the instructor effect

1 We have a few missing values for nationality and age. We include a dummy for missing nationality, and we impute
missng age as the tutoriével mean or, if unavailable, the coutegel mean. We create an imputed control dummy

and interact it with all our controls in Equation (1). We impute a previous GPA of zero for the first period in our data,
where we cannot obsex it, and interact a dummy for this period with our GPA measure. All these choices follow
Chetty et al. (2014a).
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to these covariates (Chetty et al., 281& herefore, § adding instructofixed effects, we leave
morevariation in instructor effectivenegsthe regression residuals, which are the basis for the VA
estimates. More importantly, the withoourse transformation eliminates the influence ofas a
confounder.Our analysisexclusivelyrelies onwithin-course variationtaking advantage of the
random assignment of studenmdsinstructors and tutorial grougsee Sectionl.B). Estimating
Equation (1)with only within-course variatiorjustifies our identifying assumption thétne-
varyinginstructorunobserved heterogeneiythe key element of our instructor VA measuiis
conditionally uncorrelated with other observable and unobservable determinants of grades.
However, with this empirical design we cannot estindiféerencesin instructor VA across
courses

From the estimates ofgation (1) we construct the residuals:

Ql OQQ QI GQQIT @ | "H 8 (3)

These residuals are the basis for the grade VA estinvdeaggregate the residuals to instructor
timeweightedaveragesQi @ Qs i ng Chetty et al .’s precision
tutorial groupswith moretutoriaklevel variance irgraderesidualgstep 2)

Finally, we predict he average residual grades at tinweth average residual grades from
all other timesQ o (step 3) Our final VA measure is equivalent tioe predictionsof averaged

grade residuals at tinte

[R's) QOO
4)

wherg s the bivariate OLS coefficient from regressif o’ 0QQi ©’Qf6r Q 6, manually

constructed usinthe corresponding autocovariances which efficiently uses all idateever,we

restrict our residuadutocovariances to be constant akier 1, which is similar to imposing some
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equality restrictions on the OLS coefficients used for constructing predictibhis. type of
covariane restriction isillustratedclearly in Chetty et al. (20B% To enforce tkse restrictions,
we manually generate tipeedictioncoefficientsby first estimatinghetime-varying variances and

autocovariances ifQi  O"Q-Qthe numerators and denominatorsthé restricteccoefficients in

instructoryear residual autegressions-and then using them to construct the coefficients,
which isused for creating our final VA measurés

Once we have calculated our VA estimates for our five different student outcomes, we
follow Carrelland West (2010) by regressing@her VA estimates onto grade VA to explore the

persistence of grade VBy estimatinghe following specification

WO [ WO T h (5)
wherew follow-on grade, course evaluation, legrnings, and job safition.
Finally, we answer our main research question by testing whether our measures of instructor
VA vary by instructor rank by estimating the following models
W —YOR Qh (6)
where'Y @8 is a vecto of instructor rank dummies that excludes student instructors, which we
leave as our base group. The coefficients-othen show the differences in average VA between
each instructor type and student instructors. We also explore the heterogefemtsisfhstructor
rank by estimating variations &fjuation(6) for mathematical and nemathematicasubjectsand
for first-year and notiirst-yearsubjects In these regressions, we cluster our standard errors at the

instructorby-time level to accounfor potential correlation of the error term within instructdrs.

12 Because the teaching in our setting is done in four regular teaching periods throughout the year, but most courses
are taught on a yearly &ia, our initial autocovariance estimates were sparse and had an inconfamnigrmriod
cyclicality. To solve this issue, we restructured our data to have a synthetic insspetdic time counter. We can

do this without c o miytoaocbustifoncgmnoh periothghocks batduse wa use wibhirse
transformation in the construction of the residuals (step 1).
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increase efficiency, we produed estimates oEquations (5) and (6) via weighted least squares,
weighting each instructerme observation by the square root of the number of studesets$ to

calculate its VA.

B. Estimates of Instructor Value-added
Table 4 summarizesur short and longrun VA measuresvhich, by constructiorhave a mean of
zera There is some variation in instructor VA, but it is quite compres3adstandard deviain
of gradeVA is 0.04, which means that an instructor who is one standard deviation more effective
i ncreases student s’ omavesadgeor® peocgnt d a staddard deaatiom poi n-
gradesTo formally testwhetherthedifferencesdetwea instructorsarestatistically significantwe
regressgrade VA on instructor fixed effect&nd testwhetherthese fixed effects are jointly
significanty different from zeroColumn Q) reports the fvalue of this Rest, which shows that
we have signitantheterogeneitypetween instructors gradeVA.

Our estimatedariation ini n s t r gradeVa insutorial teachings small compared to
gradeVA estimates in university lecturingshich range from Ppercent to 1®ercent of a standard
deviation(Braga et al., 2016; Carredind West, 2010; Hoffmanmand Oreopoulos, 2009)As a
reference achievementVA estimates in primary and secondary school teactangefrom 8
percent to 36 percent of a standard deviatitenushelandRivkin, 2010)

Another way to illustrate the importance of instructors is to estimate the effiegilacing
the bottom 5 percent of instructors with instructors of average qysdieyChetty, Friedman, and
Rockoff 2014; Hanushek, 2011)This backof-the-envelope calculation is based on the
di stribution of instructors’ aver ageiodgradede VA

VA displayed in Table 4Replacing the bottom 5 percent of instructors withrage grade VA

21



instructors in this distribution would lead to a m8:r& percent of a standard deviation increase in

the average student gratfe.

Our estimated standard deviation follow-on grade VA is 0.05@rade points, which is

quite similar in size t@ur grade VA estimates. The standard deviatioooofse evaluation VA

which, like gradesjs measured on a 3jfoint scaleis about three times as large0.122points.

For both measures, we also observe significant heterogeneity between instruecstantard

deviation ofjob satisfaction VA is 0.069oints on a 1{point scale which ismore similar to the

standard deviation of course evaluation VA. The standard deviation-eatogngs VA is quite

large at 0.052, suggesting that a-stendaredeviation-moreeffective instructor adds 5 percent to

student s’

ear ni {earengs VAN and ply satisfactioh YAve canonogreject the

null hypothesis that individual instructors do not affect these labor market outcomes.

Table 4
Summary Statistics of Value-added Estimates
Percentile:
F-test of
Obs. No. Std. Min. 1st 500 ogh Max. Instructor
inst. Dev. FE
(€8] (2) 3 (4) (5 (6) ) (8) 9
Value-added estimates:
Course gade 1,432 502 0.040 -0.146 -0.110 0.001 0.110 0.211 [0.000]
Follow-on grade 958 346 0.056 -0.330 -0.170 0.003 0.130 0.232 [0.000]
Course evaluation 1,417 499 0.122 -0.667 -0.283 0.003 0.326 0.419 [0.000]
Log earnings 1,303 481 0.052 -0.951 -0.151 0.000 0.129 0.563 [0.999]
Job satisfaction 1,318 482 0.069 -0.961 -0.167 0.000 0.178 0.725 [0.999]

This table reports summary statistics of value-added estimates at the instructor-period level for different outcomes. The number of
observations differs by value-added measures due to missing values of outcomes. Column (9) reports the p-value of a joint significance
test of the time-invariant instructor fixed effects as predictors of each value-added measure. F-Test based on regular standard errors.

13 We do this baclof-thee nv el ope

cal cul ati on

in

three

steps.

First

weighting by the square root of the number of students taught in each insttinwtoperiod. Second, we create a
counterfactual instructor mean VA distribution where welaee all instructors below the fifthbercentile with the
average i nst r ucdcolatethe difference i heans df bothvdistribatidresjuencyweighting by the
total number of students taught by eawdtructor across all periods.
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These results naturally raise the question of how the different VA measures are related. Do

instructors who raise students contemporaneo:
evaluatiors, or their earnings @hjob satisfaction in the labor market? Figure 2 answers this
guestion by showing scatterplotsthé relation between grade VA and all other VA estimdgs

vingtiles of grade VA as well as the bivariate regression coefficients underlying their linear

relations in the disaggregateddata | nst ruct or s effectiveness in
grades are significantly relatelbn i nstruct or who adds one point
adds 0.3 points to their followon grades. Thipersstenceof grade VA contrastwith Carrell and

West (2010) who find that current and future VA are negatively correlated. It is, however,
consistent witllacob, Lefgrerand Sims (201QWho also document a small degree of achievement

VA persistence in primary and secondary education. There is also a relationship between grade VA
and course evaation VA: instructors who add one more poiattt hei r st udomurse’ s gr
rating0.18points betterNone of the relationships between the other VA measures shown in Figure

2 is statisticallyor economicallysignificant, suggesting that insttoc VA on grades does not

perss8 onto students’ | abor mar ket outcomes afte

IV.  AcademicRank and Instructor Value-added

A Main Results: Value-added by Academic Rank

Table 5 shows regression estimates of VA measures on dummies for acaddgweith student
instructors as the base category. To ease the interpretation of our results, from this section onward
we rescale our VA estimates by dividing them by the standard deviation of their respective
outcome. Our regression coefficients tramwespond tahe VA differences betweeacademic

ranks in standard deviations of student outcomes. The exceptionestoggs VA, which we
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keep in logpoints. For logearnings VA, the regression coefficients should be interpreted as semi

elasticities, apmximating percentage differerse earnings between each instructor type and

student instructors.
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Figure 2

The Relation Between Different Instructor Value-added Estimates

Looking at all coefficients togaeedgmeesare we f |
systematically related to instructbecademic rank. While the-tést for joint significance rejects

the null hypothesis that academic rank is unrelated to grade VA, all differences are economically
tiny. The largest grade VA difference istveen PhD students and postdocs, and it amounts to

little more tharmone percent of a standard deviation in grades. These small differences though are
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precisely estimated. We can, for example, rule outtheatlifference in effectiveness between full

professors and student instructors is more than one percent of a standard deviation in grades.

Table 5

Value-added and Instructor Academic Rank

Value-added on:

Std. Course Std. Follow Std. Course Log Std. Job
Dep. Variable: grade on grade evablation earnings satisfaction
(€) 2 3 4) 5)
Instructor academic rank (Base: Studen
PhD -0.003 -0.008* -0.012* -0.003 0.012**
(0.002) (0.004) (0.007) (0.004) (0.005)
Postdoc 0.010*** 0.007 0.035** -0.001 0.007
(0.004) (0.006) (0.014) (0.006) (0.008)
Lecturer -0.002 -0.006 0.005 -0.007 0.007
(0.003) (0.004) (0.007) (0.005) (0.007)
Assist. 0.005* 0.002 0.025*** -0.002 0.011*
(0.003) (0.005) (0.008) (0.004) (0.005)
Assoc. 0.004 0.005 0.035*** 0.017 0.017**
(0.003) (0.006) (0.009) (0.013) (0.007)
Prof. -0.001 -0.004 0.033*** -0.001 0.014**
(0.003) (0.006) (0.009) (0.004) (0.006)
F-test inst. academic rank-falue] [0.004] [0.033] [0.000] [0.444] [0.082]
R-squared 0.02 0.02 0.05 0.01 0.00
Instructors 502 346 499 481 482
Observations 1,432 958 1,417 1,303 1,318

This table reports WLS coefficients of regressing measures of value-added on several student outcomes on instructor academic rank, weighting by
the square root of the number of students identifying each value-added estimate. Effect sizes in terms of non-standardized raw scores can be
recovered from Columns (1)-(3) and (5) by multiplying the coefficient estimates be the respective standard deviation of the corresponding raw
score. One standard deviation of grades is 1.73 points, one standard deviation of follow-on grades is 1.79 points, one standard deviation of course
evaluation is 1.78 points, and one standard deviation of job satisfaction is 1.17 points (see Figure 1). Heteroscedasticity-robust standard errors

are in parentheses. *** p<0.01, ** p<0.05, * p<0.1, p<0.1

Follow-on courseVA is also not related to academic rar@®ur coefficients in this

specification are again tiny and precisely estimaléds helps us dispel thmncern thaburgrade

VA estimates couldeflect differences in grading standardsimstructorgraded components or

teaching to the tesather than student learnin@verall, we conclude thatstructor academic rank

i's unr el at andentam fusireaurdepenfdrrsance.c
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Looking atthe relationship between course evaluation VA and academic rank, we find that
students evaluate a course more positively if they are taugbodigos andprofessos of any
rank However, he estimated effect sizese again small The largest coefficiestsuggesthat
postdos, associat@rofessorsand fullprofessors add.4 percent of a standard deviatitmcourse
evaluationsover student instructors. PhD studemémd tothe worstcourseevaluations of all
instructor types.

One concern is thahésecourseevaluation VA estimatesre driven by some small
systematic differences in course evaluation survey respdmysénstructorrank Compared to
studeninstructors, PhD students and fulbfessors achieve significantly lower response r@ies
TableA3). This selective response may drive some of our results or hide even larger differences
between instructor typedepending onvhat the course evaluation thie marginal nonresponding
students would havieeen for each instructor ranko correct for ptential bias due to selective
responseywe follow Wooldridge (2007) anchlculate course evaluation VA giving more weight to
studentsvho have a lower predicted probability of responding to the evaluation saraegiven
course These inverse probabilitweighted VA measures correlagdmost perfectly(” 180 w
with the original course evaluation VA measures. Unsurprisingly, our resultgual¢atively
identical wherusing the reweighted course evaluation VA measurasiapendent variabRé.

Finally, we estimate instructor VA on earnirgsneasured in pretax lggoints—and job
satisfaction, both of which are important labor market outcomes. We thus test the possibility that

instructorsaffect studentslabor market outcomdsy, for examplegiving careeradvice even if

14Table A5 in the Appendix A shows the main resatiourse evaluations, earnings, and job satisfagiith inverse

probability weighted (IPW) VA estimatés account for potentially selective survey nonresponbke weights for the

IPW analysis were calculated using predicted response probabilities from the model in the fourth column of Table A3
windsaized at the $and 99' percentiles. Under the assumption that our rich set of observed characteristics can inform

the selection process (thatikie* coar sened at random” selection), the | PW
than OLS (Wooldride, 2007).
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they do not affect their grades and course evaluatiéoslogearnings VA we find no significant
differences between instructors of differatademiaanks. Our log-earnings VAestimatesare
alsosomewhat noisiethan those on univergibutcomesThis is partcularly true for the effect of
associat@rofessors, where we would not be able to detect a wage differendgpef&ent versus
student instructors bas e @loweverthe toefficiend estimbhtéec i e nt ' ¢
all the other instructor ranks goeeciseenoughthatwe can rule out earnings differencesofund
onepercent comparetb student instructorOn the other hand, even small increases in earnings
would addup to significant amounts if we consider stade s |l i feti me earning
having more effective instructors in multiple courses. While we do not have enough statistical
power to ruleoutany meaningfutelationship between instructor rank and future earnmgyiew

our results as evideachat they are not strongly related.

Instructor rank is also not jointly predictive of job satisfaction,\& shown by the
insignificant Ftest on instructor rankThe largest differencdetween instructorgassociate
professorsversusstudent instructas) is a mere 1.percent of a standard deviatidfowever, ly
inspecting the coefficients,seemghatPhD students and professors of all levels have a higher job
satisfaction VA than student instructors, postdacsl lecturersRecallthat professorgank also
tend to add mor e t o Taken hgethdilese resutistarcomsesterd with | u at |
the idea thahigherranked instructorsicrease the nonpecunidrgnefits of education for students.
However, ve arehesitantto draw strong cordasions on thematter becauseour evidence is

statistically too weak®

15 Our estimates for legarnings VA and job satisfaction VA are virtually identical when we use predicted survey
response probabilities from the last column of Table A3 to obtain IPW VA estimates. We show these results in the
second and third d@emns of Table A5 in Appendix A.
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Our main resultssupport the idea thdahe academic ranlof tutorial instructorsdoes not
relateto objectivelymeasuredtudent outcome$Ve can confidently ruleut that academic rank
i's systematically rel at ed and@argaeytcandueethasiristructar r r e n
rank isunrelated to subsequent earnin@air results on course evaluation and job satisfaction are
suggestive of some nonpecuniary benefits of higaated instructorsyet the magnitudes of these
effectsare minuteTheseresults are consistent with the existing literatheghas repeatedly shown
that observablenstructorcharacteristicare not strong determinantsdifferences in teacher VA

(see Koedel, Mihalyand Rockoff (2015) for a recent review)

B. Heterogeneity by Subject Type
Althoughwe do not find meaningful differences in VA lacademic rank, these average effects
may still hide important heterogeneity Isybjecttype. In this subsectiome testwhetherhigher
ranked instructors matter more for mathematiaatl nonrfirst-year subjects as these are
presumably more difficultvhich may affect thextent to whichinstructorscan add value to their
studentsMoreover, looking agiradeVA separately for firstyearsubjectprovides uswith a further
test ofwhethergrading biasearedriving our main results. In firstearsubjectswe expecgrading
biases to besmaller because for thesebjectsthe final grade we observe is equivalent to the exam
grade which often consists of machiggaded multiplechoice questions. Grading bias is likely to
matter more in noffirst-year subjeds, which may contain componentgaded by the tutorial
instructorlike participation grades or presentation grades. If grading$as hiding effects of
academic rank on student learnimg would expect largeacademic rank differencesgnadeVA
for first-yearsubjects

We define math subjects as those that have at least one of the following words in their

descriptionmath, mathematics, mathematical, statistics, statistical, theory focused. The definition
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of first-year subjects is setixplanatoryEmpirically, we estimate the heterogeneity by subject type
by regressing instructor VA on instructor rank dummies fully interacted with the indicators for
subject type. We then estimate the average differences in VA across subgroups from these

regressions.
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Figure 3

Value-added and Instructor Academic Rank in Mathematical and Non-Mathematical Subjects

Figure 3 shows differences in VA for math and moath subjects. For each of the five VA
measures we see 14 estimatesich show the average VA of eachtbé seven academic ranks
for math and nommathsubjects Looking at all70 estimates together, we see no evidence that the
effect of academic rank differs systematically between math andatimsubjects The estimates

are also small. When looking at deaand followon grade VAwe only see tiny point estimates
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most ofthem smaller thawnepercent of a standard deviation. As in the main specification, the
estimates for course evaluation VA are somewhat larger, but they alsonsheystematic
differencein the performance diigherranked instructorbetweenmathand nosamath subjects
For logearnings VA, the only economically significagtimatesuggests that associate professors
I ncr eas eearpings thenomhath’ subjects, but neither this nanyaother estimate is
statistically significant. We also see no systematic or economically meaningful heterogeneity for
job satisfaction VA. Overall, we find little evidence that the effect of academic rank on student
outcomes differs by math coursentent

Figure 4 shows the average VA of instructors of different ranks foryiat and notfirst-
year subjects. The results again show no systematic or economically meaningful heterogeneity in
any of the VA measures. In particular, academic rank differeincgeade VA remain tiny and
similar for both firstyear and notfirst-year courses, reinforcing the conclusion that grading biases
are not driving our main results. Differences in average febavgrade VA, and job satisfaction
VA are also economically significant, with all point estimates being smaller than 2 percent of a
standard deviationAlthough the average differences are again somewhat larger for course
evaluation VA, there is no indication that higitanked instructors are systematically maréess
effective in adding value in this dimension. Similarly, we see no systematic heterogeneity between
first-year and nofirst year subjects for legarnings VA, though in this subgroup analysis some
of the logearnings VA estimates become imprecisakén togetheour results suggest thifiere

is little meaningful heterogeneity between fiys&ar and notfirst-year subjects.
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\sgﬁfagded and Instructor Academic Rank in First-Year and Non-First-Year Subjects

V. Savings Potential Under Various Tutorial Staffing Scenarios

In the previous section, we have provided evidence that there are no economically meaningful
benefits of having higheranked instructors in tutorials. Bding on these results, we explore in

this section the potential g of using loweranked instructors. We do this by conducting an
accountingexercisethat showcases potential savings from changing the staff compositiose The
savings are driven by wage differences between instructor types at the business school. The
magnitude of potential savings we discuss here is particularly informative for the 49 percent of
OECD universities that also use a tape of student and highaanked instructorsThe savings
potential at other institutions will of course depend on thewectitutorial staffing arrangemesnt
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and wage costshis exerciseneverthelesemphasizes the potential magnitude of two different
costsaving policies thatouldbe implemented in many universities around the globe.

Table 6 showshe proportion of tutorals taught by instructsiof different academic rank
and the average wage cost per tutorial in the stataslt also showswo alternativescenariosn
which we replace higkr-rankedwith lower-rankedinstructors In the statugjuo, lecturers and
profesor s of any rank teach 50 percent of . al/l b
Thewagec o st per t utabthebagHeloflevel atnidu &t ih@i6té&rlevel.

In our firstalternativescenariowe calculate costs for theasein which student instructors
wouldt each al | bachelor’”s and master’ s thottor i al ¢
29 percent of all OECD universitiegherestudents teacall tutorials The average wage costs per
tutorial in this scenaridl e cr easé ®rt o€ h bachel or.Thisissadd mas't
percent decrease the wage costeort he aver age lnadabeperoentdecreasesfdror i a
theaveragema st er '8 tutori al

These savings represent a substantial shateeft busi ness school ' s wa
Consider a typical fivdecture andwelvetutoriats e s si on bachel or’s cour se
professor. The business school attributes for each lecture eight hours for lecturing and preparation,
leadingtonage costs of €1,728 for all five | ecture
inthestatuy uo of €105, t twelvewager cakbktmeéobrngsl!l woul d
in a total wage cost f or ialstughtloystudensiestructors ww@d 0 2 8 .

reduce the overall wage costs per course to €

18 Another alternative is to have PhD students teach all tutorials. Such a reassignment would lead to average wage costs
per tutorial of €79, resulting in a 26 perancauctonfarage ¢ 0 S
master’s tutorials.
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It is worth pausinghere to detail the conditions under which these savings can be realized
without cost to the students of the busines®ast First, we are implicitly assuming that there are
enough student instructoo similar quality asthe ones sampled in our data to replace the higher
ranked instructorsThis is akin to conducting our analysis in partial equilibrig$acond, we are
leveraging our conclusion on the fact tha find no evidence that instructors of any rank have an
effect m laterlife earnings. Howeverbecausesach instructor affects arour8B students per
period, even small earning penalties on student instructor&lvgouckly accrue to large costs
borneby students later oMable 5 shows thate can reject the existence of quite small earning
effects which weexplicitly interpret as evidence of no differences in earnings between instructors

of different ranksWe lean on this interpretation for the current cost exercise.

Table 6
Tutorial Wage Costs Under Different Staffing Scenarios
Status-quo Scenario 1 Scenario 2
Bachelor Master Bachelor Master Bachelor Madger
Keep course
Wage costs Percentage of tutorials Student instructor teaching coor%linators Staﬁ“. .
per tutorial : composition
session currently t all tutorials and PhD unchanged
students
1) (2) 3) (4) (5) (6) (7)
Student € 56 21% 8% 100% 100% 63% 8%
PhD € 79 25% 15% 0% 0% 25% 15%
Postdoc € 93 4% 3% 0% 0% 0% 3%
Lecturer € 12 25% 16% 0% 0% 5% 16%
Assist. € 12 13% 28% 0% 0% 4% 28%
Assoc. € 17 8% 15% 0% 0% 2% 15%
Prof. € 19 4% 13% 0% 0% 1% 13%
Average wage
costs per € 10 € 12 € 56 € 56 € 72 € 12
tutorial
Total savings 47% 550 31% 0%
potential

This table reports wage costs per tutorial and share of staff allocated to tutorials by instructor ranks. For the average wage costs per tutorial, gross
wages are assumed to be in the lowest pay scale of the instructor type. This assumption leads to a more conservative estimate of the savings potential
because the actual cost reduction for substituting senior instructors is underestimated.
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Finally, weare not monetizing the small effect on cowesaluationf replacing higer
ranked instructors by student instructoiGourseevaluationsmay havea monetary value to the
business schopimoreover thedecrease iwourse evaluatiomatingscould be reflecting a loss of
nonpecuniary value of education for the studedtsvever,course evaluations would have to be
immensely valuable to the business school to warrant the use of the more expensive faculty as
tutorial instructorsFor example hiring a full professor instead of a student instructor for one
tutorial group anda set 6 twelve tutorial sessions wouldost the business school an additional
€1,608 in wagesThe expected return on this investment would #3gpercent of a standard
deviationincreasein course evaluationg he breakeven point of this tradeff would imply a
valuation of at leagl48,727perstandard deviation increase in course evaluapentutorial group
for the business schadhcreasing course evaluations hyirig postdocs would ba more cost
effective,though stillvery expensiveway to increas course evahtions with an impliegtaluation
of at leas€12,686perstandard deviation increase in course evaluapentutorial group

There are at least three reasons for considering a less extreme scenario in whieh higher
ranked instructors stilefich some tutorials. First, having the course coordinator teach at least one
tutorial may allow them to adjust the content of the lectures, adapt the learning material or exam
contenf and give advice to lowelanked instructors. Empirically, we do not diéy these
spillovers that would benefit all students in a colreeauseur estimateshownin SectionlV
only use withircourse variatiorin the VA construction. Second, taking PhD students out of the
teaching force might have unintended negative aunesace for their job prospects, especially in

academigsee Bettinger, Longand Taylor, 2016) Third, our VA estimates are mainly driven by

bachelor’s courses and our r esulForexampeyanynot ge
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of thesmalerma s t eourseshatare excluded from our estimation sample because they only
had ondnstructor, maye too technical for student instructtoseach

In our secondalternative scenario, we keep these caveats in mind sintulate a
courterfactual staffassignmenin whichwed o no't change the staff C (
courses, keep thatusquos har e of PhD st udeandallowthe higleesth el or
ranked instructors i n each ©isscénario,dthe averagewager s e t
costs decreader o m tE€ET20d kachelorlevel tutorials—a 31 percenteduction compared to
the statusjuo. This reduction, although smaller than in our first counterfactual scenario, still
signifies a large cut in wagests for the business school

Universitiesshould, of course, do more than an accounting exercise before changing their
staffing policies. In many situations maynot be feasible or desirable to dramatically change the
staff composition, especially ithe short runHowever, n all casesuniversities should still
considerthe opportunity costof time for higter-rankedinstructorsThese opportunity cosli&ely
differ between instructorgor example,here might beesearckinactiveandtenured profssors
for whom teaching tutorials would lfeemostvaluable use of timéHowever, ve generally believe
that professors are more valuable doirthey activitiessuch asresearchAlthough there are a
number of factors to consider, mardiosyncraticto the specific institution, we believe that
increasingly relying on loweranked instructors is a promising avenue to explore for universities

thatseek to reduce costs or want to give their professors more time for research.

VI. Conclusion
Universities aroundhe world have veryifferent policieson how they staff small teaching
sessions, often referred to as tutorials. I n

academic rank relates to their teaching effectiveness as measured by how mudieyaddel to
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s t u d eourdegrddesstudentsrades irfollow-on coursesthe evaluationsstudents give to the

course, and studerst subsequengarnings and job satisfaction. We show that, despite substantial
differences informal qualificatiors and wagecosts, instructor academic rank is unrelated to
student s’ folow-onrgedes. Pu difterently, professors are not better than student
instructors inincreasingstudent performanc®ur estimates are precise enough to rule out very

small differerces in instructor performance. For example, canrule outdifferences as large as

one percent of a grade standard deviatioteaching effectiveness between full professors and
studentsWe find evidence that professors receive marginally higher cewedaationsand lead

students tgobsin whichthey are more satisfied. Yet, these estimategsconomically miniscule.

We find no evidence that academic rank i s syst

There might be, of coursdifferences in tedung effectiveness that we do not capture with
our broad range of outcomdsor exampleprofessoramight beb et t er at deal i ng
family problems and mental health issueswerranked instructorsould also offer benefiti
their studentsha we do not observé=or example, student and PhD student instructors might be
better able to give students informal adwecenow to study for exams and which electomirses
to take We doubtthat these unobserved differences would jushi®y substandilly higher cost of
staffing tutorials withhigherranked instructors.

As with other studies that rely on data from one institution, it is not clear how our results
translate to other contextSutorials in other universities could be intrinsically differén ways
thatchallenge the external validity of our finding%r example, at the business school we study,
the main role of the instructor is to guide classroom discussions. Academic rankatte@ymore
in settings wher¢hei nst r uct or ® explardhe course anhterial.iTBis is an important

empirical question
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Taken together, our results raise an important question: Is tutorial teaching really the best
use of a professor’s time? Our findioagushysugge
assigning students instead of professors to tutorial teaching. We suspect most professors would be

fine with that.
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Appendix A
Additional Tables

Table A1
Comparison of Sample vs. Nonsample Courses

Sample .
COUTSes Other courses
(N =651) (N = 628)
Diff. in
Mean Mean Means
1) (2) (2)- (1)
Instructor academic rank:
Student 0.18 0.12 0.06
PhD 0.27 0.14 0.13
Postdoc 0.03 0.05 -0.02
Lecturer 0.28 0.14 0.14
Assist. 0.14 0.25 -0.11
AssocC. 0.05 0.18 -0.13
Prof. 0.05 0.12 -0.07
Student characteristics:
Grade 6.85 7.10 -0.25
Previous GPA 6.11 6.31 -0.20
Bachelor 0.65 0.46 0.19
Course characteristics:
Mathematical 0.27 0.42 -0.15
Firstyear 0.18 0.10 0.08
Offered by microeconomics dep 0.12 0.16 -0.04
Offered by macroeconomics
dept. 0.06 0.12 -0.06
Offered by finance dept. 0.16 0.08 0.08
Offered by other dept. 0.66 0.65 0.01
No. instructors 4.01 1.18 2.83
No. students 140.71 31.66 109.05
No. tutorials 10.77 2.65 8.12
No. students per tutorial 12.64 11.44 1.20

This table is based on data from 111,481 observations from 14,051 students who took 1,279
courses in 160 different subjects, taught by 2,054 instructors over 24 teaching periods between
the academic years 2009-10 and 2014-15.
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Table A2
Wage Costs and Contractual Time by Instructor Academic Rank

By instructor academic rank:

Student PhD Postdoc Lecturer Assist. Assoc. Prof.

Monthly gross wage €2, 2 €3,1 €3,7 €5, 0. €5, 0. €6, 9 €7, 5!
FTE teaching and preparation flexible 32 40 160 80 80 80
(hours per moth)

FTE Standard teaching load flexible 0.20 0.25 1 0.50 0.50 0.50
Hourly wage €14. €109. €23. €31. €31. €43. €47.
Hours peltutorial sessionn:

Paid preparation 2 2 2 2 2 2 2
Teaching 2 2 2 2 2 2 2
Total 4 4 4 4 4 4 4
Total wage costs e56. €79. €985 €125. €125. €172. €189.

per tutorialsession

Note: Monthly gross wages are assumed to be in the lowest pay scale of the instructor type, which provides a lower bound of the actual costs for more senior
instructors. Calculations based on a total of 160 Full Time Equivalent (FTE) hours in a month.
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Table A3
Dropout, Course Evaluation Response, and Survey Response by Instructor Academic Rank

Course

Course Firstyear Ontime Survey
. dropout dropout graduwation eval. respondent
Dep. Variable: respondent
1) (2) 3) (4) (5)
Instructor academic rank (Base: Student)
PhD 0.002 0.010 -0.008 -0.032* 0.019
(0.009) (0.009) (0.022) (0.019) (0.018)
Postdoc -0.004 -0.005 0.019 -0.041 -0.010
(0.011) (0.012) (0.036) (0.034) (0.026)
Lecturer -0.003 0.001 0.002 -0.006 0.007
(0.008) (0.007) (0.021) (0.017) (0.015)
Assist. -0.000 0.003 0.003 -0.016 -0.007
(0.009) (0.008) (0.026) (0.020) (0.017)
Assoc. -0.002 0.004 0.007 -0.025 0.013
(0.011) (0.010) (0.038) (0.024) (0.021)
Prof. -0.002 0.001 0.002 -0.061** -0.011
(0.012) (0.009) (0.042) (0.027) (0.023)
Instructor gender, nationality,
experience: n n n n n
Tutorial schedule FE: n n n n n
Course FE: n n n n n
F-test inst. academic rank-fmlue] [0.987] [0.754] [0.987] [0.171] [0.346]
R-squared 0.07 0.67 0.08 0.09 0.14
Instructorby-time 1,490 1,015 907 1,490 1,433
Observations 48,842 34,350 24,236 48,842 41,390

This table reports OLS coefficients of regressing student dropout and survey response dummies on instructor observable characteristics.
All regressions control for time-of-day and day-of-week fixed effects, a dummy for students who registered late for the courses, and course
fixed effects. Nonparametric bootstrap standard errors are clustered at the instructor-by-time level in parentheses. *** p<0.01, ** p<0.05,
*

p<0.1
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Table A4
Comparison of Student Characteristics for the Population and the Different Estimation Samples

Student population: Student sample:
Graduate Course Graduate
All Survey Estimation evaluation Survey
N =14,051 N = 10,566 N =12,257 N=7574 N=1,737
1) (2) 3) (4) (5)
Female 0.40 0.40 0.40 0.44 0.38
Age 20.71 21.00 20.67 20.72 19.83
Dutch 0.25 0.26 0.26 0.25 0.32
German 0.36 0.37 0.38 0.41 0.56
Course grade 6.76 6.77 6.72 6.86 7.02
Total courses
taken 7.93 9.29 3.98 2.48 7.54

This table reports means of student characteristics for the population of students in our data (consisting of 111,481 observations from 14,051
students who took 1,271 different courses in 274 subjects, taught by 2,054 instructors over 24 teaching periods between the academic years
2009-10 and 2014-15), the population of students eligible to answer the graduate survey, and all the estimation subsamples used in the paper.
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Table A5
Value-added and Instructor Academic Rank with Inverse Probability Weighting Corrections

Inverse Probability Weighted VA on:

Std. Log Std. Job
Course earnings satisfaction
Dep. Variable: evaluation
1) 2) 3)
Instructor academic rank (Base: Studen
PhD -0.012* -0.003 0.013**
(0.007) (0.004) (0.005)
Postdoc 0.034** -0.003 0.007
(0.013) (0.006) (0.008)
Lecturer 0.006 -0.007 0.012**
(0.007) (0.005) (0.006)
Assist. 0.024*** -0.003 0.012**
(0.007) (0.004) (0.005)
Assoc. 0.034*** 0.017 0.018***
(0.009) (0.013) (0.007)
Prof. 0.032*** -0.002 0.015%***
(0.009) (0.004) (0.006)
F-test inst. academic rank-falue] [0.000] [0.560] [0.146]
R-squared 0.05 0.01 0.01
Instructors 499 481 482
Observations 1,416 1,302 1,314

This table reports WLS coefficients of regressing measures of value-added on several student
outcomes on instructor academic rank, weighting by the square root of the number of students
identifying each value-added estimate. Value-added measures were calculated using the inverse
of the predicted response probabilities to each question as weights (Wooldridge, 2007). Predicted
response probabilities were calculated from the estimates in Columns 3 and 4 of Table A3 and
windosorized at the 5th and 95th percentiles of their values. Heteroscedasticity-robust standard
errors are in parentheses. *** p<0.01, ** p<0.05, * p<0.1
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Appendix B

Survey of Tutorial Teaching in OECD Countries

In this sectionwe describe the sampling procedure and show some summary statistics of the survey
discussed in Sectionl.A. We used the Universities Worldwide Database available at
https://univ.ccto obtaina list of the population of universities in OE@Duntries. This database

is based on théWorld List of Universities 1997 which is published by the International
Association of Universities antlis updated and maintained by Klaus Forster. From this database
we drew a stratified random sampl&hout replacement fromniversities in OECD countries. In
particular, we randomly selected three universivgbout replacemerftom each OECD country

to obtain a representative picture of tutorial teaching practices in different courttiees are tree
exceptiongto this sampling procedure. Féwo small countrieswe could only identify contact
details forfewerthan threeauniversities two in Latvia andone inLuxembourg.Additionally, we
oversampled thé&nited Statesvith 30 universitiedbecauseheyrepresent 40 percent share of
OECD universities. In total, owsampling population covers 4,938 universities from all OECD
countries through our surveywe contacted.39 of them Our statistical analyses account for this
complex survey design byl) stratifying by country,2) including finite population corrections
through stratum sampling rates, @)dncluding poststratification weights constructed as the ratio
of the population and the sample share of universities in the country.

We sent the surveyybemail to academic staff in economics, commgeesel business
administration departments of the sampled universities. The email addresses were collected by a
research assistant who chesademic stafivho, according to their C\Arelikely to speak Engsh
and have at least two years of teaching experience. To increase the response rate, we sent the survey

sequentially to up to four academics per institutions. More specifically, we first sent the survey to
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one academic per institution and followed up vatte reminder. If the academic did not respond
after the first reminder, we sent the survey to another academic in the same institution. After
repeating this procedure up to four times, we got survey response§dmmof139universities,
covering31 aut of 350ECD countries.

The survey consistlof up to 18 questions and took about 5 minutes to complete. All survey
guestions and the survey data stripped from university identifiers is available at

http://ulfzoelitz.confresearch/material
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Appendix C

Data Restrictions

Our sampleperiod coversthe academic yearsf 2009-10 through 2014-15. We derive our
estimation sample in two steps. First, we exclude a number of observations from our estimation
sample because they represent exceptions from theastduatorial groupassignment procedure

at the business school. Second, we limit our estimation sample following Chetty et a&) &014

that we are able to estimate instructor veddeled.

Becausehey represent an exception to the stantlziatial gioup assignment procedure at the

business school, we exclude the following observations:

T eight courses in which the course coordinator or other education staff actively influenced
the tutorial group composition. One course coordinator, for example, reduedtalance
student gender across tutori al groups.
informed us about these courses.

T 269 evening tutorials comprised of students vdig not opt out oBvening education

T 21 tutorial groups that consisted mgirdf students who registerddte for the course.
Before April 2014, the business school reserved one or two slots per tutorial group for
studentsvho registered late. In exceptionzdsesn which the number of late registration
students substantially exeded the number of empty spots, new tutorial groups were
created that mainly consestof late-registering students. The business school abolished the
late registration policy in April 2014.

T 46 repeater tutorial groups. One course coordinator explieijyestdto assign repeater

students who failed hisercourses in the previous year to special repeater tutorial groups.
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T 17 tutorial groups thahainly consisedof students from a special reseabzsed program.
For some courses, students in thiegran were assigned together to separate tutorial
groups withamore-experienced teacher.

T 95 parttime MBA studentsbecausehese students are typically scheduled for special

evening classes with only pdnne students

Following Chetty et al. (204a), and de to our own requirements for the identification of our
estimategsee Sectiotil ), we exclude fom our estimation sample

1 93 wtorials with fewer than sevestudentspecausehese tutorials are considered to have
too little useful variation to contribettoinstructorVA estimates

1 1,410 hstructorsubjectobservationghat we did not observe for at least twoeriods,
becauseve requirel at least two periods for each instruesmibject to construct our VA
estimates

1 649 oursegaught byonly oneinstructa, becauseve could not identify the VA of these
instructors solely using with-course variation

1 2,147 studenperiod observationfor students who were taking more than two courses at
the same timebecausethese students might have had rteake special sheduling
arrangements outside the usual system

1 71 studentyear observations for which we neither atved nor could reasonably impute

age
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