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tudies suggest that students’ prior performance can shape subsequent teacher

evaluations, but the magnitude of reputational effects and their implications for

educational inequality remain unclear. Existing scholarship presents two major
perspectives that exist in tension: do teachers primarily use reputational information
as a temporary signal that is subsequently updated in response to actual student per-
formance? Or do teachers primarily use reputational information as a filter that
biases perception of subsequent evidence, thus crystallizing student reputations and
keeping previously poor-performing students stuck in place? In a field experiment,
we recruited a random sample of 832 junior high school teachers from the second-
most populous province of China to grade a sequence of four essays written by the
same student, and we randomly assign both the academic reputation of the student
and the quality of the essays produced. We find that (1) reputational information influ-
ences how teachers grade, (2) teachers rely on negative information more heavily
than positive information, and (3) negative reputations are crystallized by a single
behavioral confirmation. These results suggest that students can escape their prior
reputations, but to do so, they must contradict them immediately, with a single confir-
mation sufficient to crystallize a negative reputation.

To what extent does reputational information shape subsequent evaluations of
student performance? When do students’ reputations crystallize, leading teachers
to apply them even in the face of disconfirming evidence? If students’ past per-
formance shapes how they are subsequently evaluated, then students perceived
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to be low performers may become “stuck in place,” limited by negative reputa-
tions regarding their educational capacities and performance (Brophy and Good
1974; Rosenthal and Rubin 1978). Of particular concern are crystallized reputa-
tions, where teachers and other evaluators rely so heavily on prior performance
that they discount contrary evidence. Because such reputations are resistant or
even immune to updating, students have little incentive to improve or continue
to do well. Moreover, to the extent that initial performance is based on chance
(Bol, de Vaan, and van de Rijt 2018), crystallized reputations entrench the posi-
tion of a fortunate few who happen to have favorable initial performance while
penalizing equally-talented students with fewer opportunities to succeed
(DiPrete and Eirich 2006; Salganik and Watts 2008; van de Rijt et al. 2014).

There remains ambiguity over the power of reputational information to shape
subsequent evaluations, both in educational settings and more generally. One
perspective is that reputational information serves as a temporary signal, which
evaluators use to make initial judgments but jettison as they have more opportu-
nities to observe performance (Kollock 1998; Podolny 2005; Smith, Jussim, and
Eccles 1999). A competing perspective is that reputational information affects
subsequent evaluation by acting as a filter, biasing teacher perceptions of subse-
quent evidence (Correll and Benard 2006; Knobloch-Westerwick and Meng
2009; Nickerson 1998). If reputational information is used more as a temporary
signal, the power of reputational information is limited: it is unlikely to crystal-
lize and will diminish in influence in subsequent evaluations. If reputational
information is used more like a filter, reputations are likely to crystallize: their ef-
fects persist even when teachers are exposed to student performance that contra-
dicts their expectations.

These competing intuitions remain unresolved in part because, with exception
to a handful of observational studies (e.g., Kelly 2008), little empirical work has
directly examined how the past performance of students might affect subsequent
evaluation. Although existing experimental work does show that evaluations are
shaped by teacher expectations, these studies focus on teacher evaluations at a
single point in time, leaving unknown how the expectations of teachers change
as they observe additional student performance. Finally, existing work tends to
hold student performance constant to observe how teachers grade when encoun-
tering different student identities. Without manipulations of underlying perfor-
mance, it is difficult to assess how evaluators respond to confirmatory versus
contradictory evidence.

In this study, we present field experimental results that enable us to observe
how evaluators react when faced with new information on student performance.
In our study, teachers are asked to grade multiple essays written by the same stu-
dent. We randomly assign both the student’s reputation (as someone who per-
formed well or poorly in the past) and the quality of essays produced, allowing
us to observe how teachers respond to confirmatory or contradictory evidence.
We also include a control group where the prior performance of the student is
not revealed. Our experiment is conducted among 832 junior high teachers in
China—a context where the sharing of prior student grades is both customary
and public. A novel feature of our study is that enumerators traveled to
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approximately 300 schools across the entire province to recruit teachers and
conduct our experiment. As such, not only did teachers believe they were grad-
ing real student essays, they were doing so in a setting that approximates day-to-
day grading.

Our results show that reputational information shapes subsequent teacher
judgment, and reputational information functions more (on average) as a signal
than a filter, such that students are able to escape from their reputations when
given opportunities to demonstrate their performance. However, our results sug-
gest two critical revisions to this perspective. First, teachers rely on negative rep-
utational information more heavily than positive ones, such that students who
are known as having low prior performance are more likely to be stuck in place.
Second, negative reputations that receive initial behavioral confirmation—a stu-
dent who is presumed to perform poorly produces a poorly written essay—
become crystallized: teacher reliance on reputational information remains
unchanged even after grading essays that contradict this expectation. This im-
plies that students can escape from their reputations. However, with initial
behavioral confirmation, a reputation becomes more persistent and likely to keep
students stuck in place. In this sense, one of our major contributions is to suggest
how existing perspectives are cases of a more contingent model: one where indivi-
duals rely heavily on reputations after initially putting them to the test.

Reputational Information: A Temporary Signal or Filter?

People regularly use reputational information' to decide whom to trust
(Feinberg et al. 2012), what products to purchase (Diekmann et al. 2014), or
whose ideas to cite (Merton 1968). Perhaps because reputational information re-
duces the time and energy required for individuals to make evaluations (Zahra
and George 2002), teachers also rely on how well students have done in the past
to evaluate their present performance (Allen 2005; Kelly 2008). Despite consen-
sus that reputational information can shape subsequent evaluation, social scien-
tists remain divided over the magnitude of reputational effects and their
implications for educational inequality (Botelho and Abraham 2017; Jussim and
Harber 2005). One line of scholarship asserts that teacher reliance on reputa-
tional information sets in place self-fulfilling prophecies (Rosenthal and
Jacobson 1968). This prior research focuses on how assessments of performance
are shaped by teacher expectations about student caste (Hanna and Linden
2012), immigrant status (Sprietsma 2013), or race (Botelho, Madeira, and
Rangel 2015). Outside the classroom context, employers’ expectations of perfor-
mance are often based on stereotypes. Existing laboratory and field experiments
show that expectations of better or worse performance often lead to biased judg-
ment as employers evaluate candidates in a way that is consistent with their ex-
pectations (Correll, Benard, and Paik 2007; Pager 2003; Pager and Shepherd
2008; Pedulla 2016).

However, recent work raises questions about the power of reputational infor-
mation to create self-fulfilling dynamics (Elashoff and Snow 1971; van de Rijt
2019; Wineburg 1987). Even if teachers rely on their expectations to make
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initial judgments, teachers update their expectations as they have more opportu-
nities to observe student performance (Swann and Ely 1984). Thus, even if a
teacher is initially biased when grading a student with a reputation for low per-
formance, the strength of this expectation might diminish with each subsequent
evaluation. Moreover, evaluations may be biased by but need not confirm ex-
pectations. For instance, expectations may lead to subsequent disconfirming eva-
luations, such as when evaluators who expect low performance judge
subsequent performances more leniently: “good work is evaluated much more
favorably when it follows poorer quality work (Guskey and Bailey 2001: 34).”
These possibilities collectively challenge the power of reputational information
to lead to self-fulfilling prophecies.

Underlying this debate is a theoretical divide over how reputational informa-
tion shapes subsequent evaluation. One perspective treats reputational informa-
tion as a temporary signal that helps individuals make judgments (Kollock
1998; Milinksi, Semmann, and Krambeck 2002; Podolny 2010). Each time evi-
dence is inconsistent with reputational information, individuals adjust their ex-
pectations to fit the evidence (Chamley 2004; Gilboa and Schmeidler 1993).
Because they update their expectations according to new evidence each time, in-
dividuals will rely less on reputations when given sufficient information.
Assuming teachers have multiple opportunities to assess student performance,
inequalities are less likely to become entrenched, and self-fulfilling prophecies
are far less likely to occur.

This view is implicit in theories of statistical discrimination, where evaluators
use signals like race or nationality to make judgments about job candidates
(Altonji and Pierret 2001) or green cards (Rissing and Castilla 2014) but jettison
these signals when better evidence is available. Even if teachers assign grades
that do not reflect underlying student performance initially, this is only an infor-
mational bias that will resolve as they receive more opportunities to observe stu-
dent performance. Thus, the solution to biased assessment is to give evaluators
more information, such as giving them additional opportunities to assess
performance.

A competing perspective is that reputational information filters subsequent
evidence. This perspective suggests that reputational information shapes the evi-
dence that teachers perceive (Knobloch-Westerwick and Meng 2009; Nickerson
1998). Put differently, reputational information colors the very process of judg-
ment itself, creating cognitive biases that cannot be addressed with more infor-
mation (Correll and Benard 2006). For instance, teachers may operate under
confirmation bias. Rather than updating their expectations, individuals may se-
lectively focus on mistakes or problems when grading a student with a reputa-
tion for low performance, thus confirming this reputational information (e.g.,
Darley and Gross 1983).

These two perspectives imply divergent implications for educational inequal-
ity. If reputational information serves as a filter, reputations are liable to crystal-
lize: the influence of reputational information remains constant even when
individuals receive disconfirming evidence (Rabin and Schrag 1999). If true, reli-
ance on reputational information could be keeping students stuck in place, and
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the use of reputations in schooling systems may entrench differences in perfor-
mance among students. By contrast, if reputational information serves as a tem-
porary signal, students will be able to overcome inaccurate reputations by
demonstrating contrary performance. In this case, a student can redeem a nega-
tive reputation given sufficient opportunities to demonstrate exemplary
performance.

Although these two perspectives imply divergent implications, existing work
has not adequately established which perspective most closely aligns with how
teachers rely on reputational information to make evaluations. More impor-
tantly, these perspectives are not mutually exclusive. It is possible that reputa-
tional information acts more like a filter in some situations and more like a
temporary signal in other situations. This point underscores the need to further
identify circumstances where teachers rely on reputational information more as
filters versus temporary signals.

Empirical Context: School Grading and Reputational
Information in China

Our study examines the effects of reputational information on the most common
form of school assessment: grades. The grades that students receive in school
have far-reaching implications (Fleming 1999; Wormeli 2006: 90). Grades are a
measure of a student’s academic merit, both in absolute terms and in relation to
peers (Marsh 1986; Marzano 2006). Students, parents, teachers, and school ad-
ministrators rely on grades to allocate opportunities and effort (Guskey and
Bailey 2001; Harlen and James 1997). Grades are also used to justify ostensibly
merit-based allocations of life-altering opportunities like scholarships and col-
lege admissions. If inaccuracies in teacher grading persist, school systems may
unfairly and incorrectly track students and misallocate financial aid (Callahan
2005; Hoxby 2007). Moreover, teachers may misallocate their efforts, which
may in turn affect long-term student outcomes as varied as college attendance,
future salaries, and teenage pregnancy (Chetty et al. 2014). Indeed, the impor-
tance of grades extends outside of school: absent other clear signals of ability,
employers rely on applicant grades to make hiring and wage decisions (e.g.,
Daley and Green 2014).

We study how reputational information shapes how teachers grade in China,
the largest public education system in the world (by enrollments). In general,
education contexts across different countries have converged in structure (Meyer
and Ramirez 2009), and the practice of student grading is similar across most
country contexts: a primary duty of teachers is to grade student assignments,
with the general expectation that they do so in a fair and unbiased manner
(Baker 2014). Almost all education systems aggregate grades into grade point
averages, a well-established device that communicates the prior performance of
students. Similar to the education systems of many developed and developing
countries (Clark 1986; Shavit and Blossfeld 1993), policymakers, school admin-
istrators, teachers, parents, and students in China rely on grades to make a host
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of educational decisions. For example, school administrators track students into
classes by prior grades: top scoring students are placed together in elite classes
and given the best teachers and resources (Postiglione 2015).

Although these shared institutional arrangements and uses of grading make
generalization from the Chinese context possible, we also acknowledge several
features of Chinese schooling that set it apart from contexts like the United
States. Although teachers in all schooling systems likely draw on reputational
information to make grading decisions, the Chinese context is one where reputa-
tional information is public and well-established. As students transition across
school years, administrators give teachers a roster with the accompanying grades
of students. After major assignments or examinations, teachers post student
grades publicly (Liu, Ross, and Kelly 2000). The public nature of academic repu-
tations simplifies its experimental operationalization, as the sharing of student
grades is customary. However, the high-stakes nature of grading and routinized
usage of reputational information likely affects how teachers rely on reputa-
tional information, which we consider more fully below in our discussion of the
external validity of the study.

Data and Methods
Sampling

Our field experiment was conducted in the second-most populous province in
China. Henan province has a population of over 94 million (as of the 2010
Census), and it was ranked 22 out of 31 Chinese provinces in terms of GDP per
capita (National Bureau of Statistics 2015). The province is becoming increas-
ingly urbanized, but 55 percent of Henan’s population lives in rural areas
(Henan Statistical Yearbook 2015). In 2015, there were 285,946 full-time tea-
chers across 4,565 junior high schools (Ministry of Education 2016).

Within this province in Central China, we sampled 298 junior high schools
from across 94 counties (there are 158 counties in total). We then randomly
selected 886 seventh and eighth grade language arts teachers in these schools. A
small percentage of randomly selected teachers (n = 54 or 6 percent) did not par-
ticipate in the experiment: 42 or 78 percent were not present or sick on the days
in which the study was conducted in schools; 4 or 7 percent declined to partici-
pate; and 8 or 15 percent began the study but left all grading forms blank.” This
yields a total sample of 832 teachers (mean age = 36.9 years; proportion female
= 0.676—see Table 1 for more details of this sample). Each consenting teacher
was then asked to grade a series of essays and fill out a questionnaire.

Experimental Design

A series of pilot studies were first conducted to ensure the grading exercise
would be understandable and routine. For instance, we adapted a grading rubric
from national scoring standards for standardized tests, such that the rubric
would appear standard for junior high school teachers. In addition to
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Table 1. Descriptive Statistics of the Variables Used in the Study

(1) (2) 3) (4)

Variables Mean SD Min Max
Outcomes

Total score for essay B, Standardized 7726  13.19 30 100

Total score for essay C, Standardized 81.14 11.66 38 100

Total score for essay D, Standardized 85.69 10.98 29 100
Treatments

Positive Reputational Information—High 0.333 0472 0 1

Prior Grades

Negative Reputational Information—Low 0.332 0471 O 1

Prior Grades

Low-quality Essay B 0.507 0.500 O 1
Background Variables

1. Baseline Essay Score (Standardized) 0.0948 0.950 —4.751 1.622

2. Female Teacher (1 = yes) 0.676 0.468 0 1

3a. Experience 0-2 years 0.056  0.230 O 1

3b. Experience 3-5 years 0.122  0.327 O 1

3c. Experience 6-12 years 0.107  0.310 O 1

3d. Experience 13-20 years 0.367 0482 0 1

3e. Experience +21 years 0.348 0.477 0 1

4. Went to college (1 = yes) 0.629 0.483 0 1

5. Majored in Chinese language (1 = yes) 0.594 0491 0 1

6. Urban residential registration (1 = yes) 0.767 0423 0 1

7. Grew up and works within same county 0.895 0306 0 1

(1 =yes)

Source: Authors’ Survey.

Notes: Observations here are of language arts primary school teachers, N = 832. For
comparison, 80.2 percent of teachers across China had a college degree, and 53.5 percent
were female (Ministry of Education of the People’s Republic of China 2016). Note that official
government statistics include teachers of all subjects.

routinizing the essay grading protocol, the pilot helped us select appropriate es-
says. Specifically, we asked teachers to grade (blind to information about the
writer) a set of candidate essays during the pilot. This created a distribution of
essay scores that allowed us to choose essays that were neither right nor left cen-
sored (too high or low quality). This information was also used to identify
“high” (top 25th percentile), “low” (bottom 25th percentile), and “average”
(50th percentile) quality essays.

After we incorporated feedback from the pilot study, we asked participating
teachers to grade a set of four essays according to a standardized rubric. The
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four essays (from henceforth, Essays A, B, C, and D) were selected from a series
of essays written by anonymous seventh grade students as part of a standardized
exam. The length of each essay was approximately one page or 700 Chinese
characters.

All teachers first graded the same Essay A, an essay of “average” (50 percen-
tile) quality. There was no reputational information attached to Essay A, and
thus Essay A provides baseline estimates for the strictness or lenience of individ-
ual teacher grading, which we use as a control variable. After teachers finished
grading Essay A, enumerators revealed that this essay was a solitary practice
exercise to ensure that teachers understood the directions. Teachers were then
told that subsequent essays B, C, and D were written by a junior high school stu-
dent at the teacher’s school. For these essays, we manipulated the reputational
information associated with the essay writer (low prior grades, high prior
grades, or no indication of prior grades) via a cover sheet. The cover sheet for all
teachers noted that “the following essays were written by a first semester seventh
grade student at your school.” Positive or negative reputational information was
manipulated by adding the following sentence: “In a previous assessment at this
school, this student had grades in the bottom (top) 25™ percentile.” This cover
sheet was repeated for each essay to remind teachers about the student’s
reputation.

We also manipulated essay quality for Essay B by assigning either a “high”
(top 25th percentile) or “low” (bottom 25th percentile) quality essay. The qual-
ity of Essays C and D were not manipulated and remain average quality (50th
percentile) essays. Although teachers initially understood that they were grading
the essay of a real student, enumerators debriefed teachers after the study in
accordance with an approved IRB protocol, explaining that the exercise was for
research purposes only and would not affect the grades of actual students.

In sum, our experimental interventions were randomly assigned per a 2x3
matrix (Table 2). The columns indicate teacher assignment to receive negative,
positive, or no reputational information, and the rows indicate assignments to
grade a high- or low- quality Essay B. Balance tests suggest that randomization
successfully created comparable groups of teachers across each treatment condi-
tion. Appendix Table 1a and 1b present balance statistics across the treatment
conditions for 7 covariates (we will discuss these covariates in the variables sec-
tion below). In the case of randomization in terms of reputational information,
we found that none of the covariates tested were significantly different at the 10
percent level (Table 3a). In the case of essay quality, we again found that none
of the covariates were significantly different at the 10 percent level (Table 3b).

Tests also suggest that our experimental manipulations were perceived as cus-
tomary. Approximately 93 percent of teachers said they used the same standards
in their day-to-day grading in a post-experiment questionnaire (Appendix
Table 2). More importantly, the responses did not differ between teachers who
were randomly assigned to receive prior grade information and those who
graded blindly. Indeed, teachers who saw information about student reputations
were more likely to state that the exercise was similar to day to day grading. For
instance, when positive student reputations were available, the proportion of
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Table 2. Treatment Assignment Matrix

Positive Reputational Negative Reputational
information (Prior Information (Prior No
Performance at Top Performance at Bottom reputational
25th Percentile) 25th Percentile) information
High quality 139 139 136
essay (Essay B at
Top 25th
percentile)
Low quality 141 140 145
essay (Essay B at
Bottom 25th
percentile)

Notes: Numbers in each cell refer to number of teachers in each treatment group. Numbers
are not equal because of variations in randomization.

teachers who believed the essay topics encountered were similar to day to day
grading increased by 6.6 percentage points (p = 0.098—versus the control group
that did not receive information about student reputations). The same was true
when teachers were able to rely on negative student reputations to grade (9.7
percentage points—p = 0.017).

Of course, an important consideration in any experimental research is reactiv-
ity. In our case, asking teachers to grade essays may itself have shaped teacher
recollection of their day-to-day grading practices, or the presence of out-of-town
enumerators may have led teachers to answer the questionnaire in a way they
thought best matched our research interests. Although we cannot claim to have
addressed all such possibilities, certain features of our experiment may reduce
the collective effect of reactivity. All enumerators were recruited from a local
university and could speak the local dialect. The essays were written by real stu-
dents from the same educational context. Teachers were asked to help grade the
essays as part of a broader study about teacher training, with clear protocols to
debrief teachers about this deception only at the end of the study. Pilot studies
helped us streamline our protocol, such as giving teachers familiar grading
rubrics.

Measures

The outcome variables of interest are the grades that teachers gave to Essays B,
C, and D according to the standard rubric. The rubric required teachers to grade
the essays along three dimensions: content (up to 40 points), language (up to 40
points), and structure (up to 20 points). Teachers were told that the scores for
the three dimensions would be summed to create a total score ranging from 0 to
100 points, which is also the outcome of interest for this study.

After teachers finished grading the essays, enumerators asked them to fill out
a questionnaire. Through the questionnaire, we collected information on teacher
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Table 3. Main Effects of Reputational Information on Subsequent Evaluation

(1) (2) 3) (4) (5) (6)

Dependent Var: Essay B Essay B Essay C Essay C Essay D Essay D
Total Grade of Each Essay Score (SDs) Raw Score Score (SDs) Raw Score Score (SDs) Raw Score
Positive Reputational Information 0.086 1.078 0.082 0.885 -0.045 -0.490
(Essay Writer Was Top 25 Percentile) (0.079) (0.980) (0.082) (0.883) (0.074) (0.802)
Negative Reputational Information —0.345%** —4.297%%* —0.294%** -3.166*** -0.177** —1.905%*
(Essay Writer Was Bottom 25™ Percentile) (0.090) (1.120) (0.085) (0.917) (0.079) (0.856)
Baseline Essay Score 0.404*** 5.034%%* 0.429%%* 4.617%** 0.285%** 3.074%**

(0.039) (0.489) (0.041) (0.441) (0.039) (0.416)
Constant -0.004 77.766*** 0.004 81.453*** 0.009 86.224***

(0.060) (0.744) (0.057) (0.610) (0.056) (0.600)
R-squared 0.153 0.153 0.155 0.155 0.070 0.070
F-test comparing top 25 to bottom 25 27.47 17.06 2.357
Prob > F 3.03e-07 4.71e-05 0.126

Notes:

1. Standard errors adjusted for clustering at the school level in parentheses. N = 832 participants.

2.%%*p <0.01,** p <0.05 *p<0.1.
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personal and professional background, such as whether the teacher was female
or not (1 = female), whether the teacher was from an urban or rural area (1 =
urban), whether the teacher attended primary school in the same county he or
she now teaches (1 = yes), whether the teacher attended any college (1 = yes),
whether the teacher’s major was Chinese language arts (1 = yes), and teaching
experience (broken into categories to capture any nonlinearities in how experi-
ence relates to teacher quality—Rivkin, Hanushek, and Kain 2005). As shown
above, these variables were used to test for balance across treatment arms.

Statistical Approach

We examine how varying student reputations affect teacher grading using the
ordinary least squares regression model below:

Y=a+ ﬁlPi + ﬂZN,‘ + ﬂ3Qi +yX; + & 1)

where Y; is the grading outcome for teacher i for Essays B, C, or D; P is a dummy
variable indicating that teacher 7 is grading the essay of a student with ostensibly
positive prior performance; N; is a dummy variable indicating that teacher 7 is
grading the essay of a student with ostensibly negative prior performance; O, is
a dummy variable indicating that Essay B was of high quality (75™ percentile)
versus low quality (25™ percentile); and X; is the baseline grade from Essay A.
The coefficients of interest are f; and f,, which correspond to the effect of posi-
tive or negative reputational information, relative to blind grading. Finally, all
standard errors are adjusted to account for clustering at the school level.

To examine whether reputational information is relied upon primarily as a fil-
ter or temporary signal, we assess how f, and f, change as teachers grade addi-
tional essays. To do so, we reformulate the basic model above by pooling essays
B, C, and D. By pooling observations, we can include indicator variables for es-
says B, C, and D as well as interaction terms of these indicator variables with the
reputational information treatment dummies. We have evidence that reliance on
reputational information is changing if the interaction terms are statistically sig-
nificant. Finally, to test how contradictory or confirmatory evidence may change
teacher reliance on reputational information, we add interaction terms between
O;, B, and N;. For instance, if the coefficient on the interaction term between Q;
(high quality essay) and P (high prior grades) is statistically significant, we have
evidence that confirmatory evidence changes teacher grading beyond high prior
grades or essay quality alone.

An important feature of this statistical approach is that it was strictly based
on a pre-analysis plan. Recent research suggests that experimental results fail to
replicate more than expected by chance and identifies two key reasons for the
low levels of replicability (Camerer et al. 2018; Freese and Peterson 2017). First,
experimental research may fall prey to the “file-drawer effect,” where research-
ers present only statistically significant results. Since five of every 100 regres-
sions will yield statistically significant results at the 5 percent level, the analyses
and regressions that yield non-significant results should also be presented,
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rather than left in a file-drawer. Second, experiments may have limited replica-
bility due to the “problem of forking paths.” Datasets can be analyzed in multi-
ple ways, and researchers can find statistically significant results by minor
adjustments in how they analyze a dataset (choosing different “forking paths”).
Low replicability occurs if the particular way a researcher analyzes the data
leads to a statistically significant result, but other approaches do not (Gelman
and Loken 2013).

In light of these concerns, we registered a pre-analysis plan detailing our pri-
mary hypotheses and analytical methods.” This was done prior to analyzing the
outcomes in our data. The usage of pre-registration does not solve all challenges
relating to replicability (Olken 2015). However, it is a useful tool and a current
standard for addressing replicability concerns (Nosek et al. 2018). Our experi-
ment is less prone to the file-drawer effect, as we commit to presenting all analy-
ses rather than only the ones that were statistically significant. Analyses that are
identified as under-powered and exploratory in the pre-analysis plan are also
labeled as such in the manuscript. Moreover, our experiment is less prone to the
problem of forking paths, as we commit to a plan to analyze the dataset in
advance, rather than adjusting our analysis to find a statistically significant
result. Prior to running our experiment, we also conducted power calculations
to ensure that the number of participants in the experiment were sufficient to
find statistically significant results on the dimensions that we hypothesized in
advance. Any handling or filtering of the data was registered in advance such
that we could not return and make adjustments after running results.

We note one discrepancy in sample size between our current analyses and our
pre-analysis plan. At the time we pre-registered our analyses, we believed that
we had a sample of 840 teachers, but our effective sample was only 832. This is
because eight teachers consented to the experiment but left us with blank grad-
ing sheets. We categorized these non-responses as teachers who declined to
participate.

Results

Initial Effects of Reputational Information

Reputational information shapes how teachers initially grade essays (Table 3).
On Essay B, negative reputational information causes teachers to penalize stu-
dents by 0.345 standard deviations (SDs) (p < 0.001—Table 3, Column 1, Row
2). In terms of raw scores, this is equivalent to a decline of 4.3 points or half a
letter grade. When a student is labeled as having high prior grades (positive rep-
utational information), teachers grade their essays with a 0.086 SD boost.
However, this latter effect is not statistically significant (p = 0.295—Column 1,
Row 1).* Moreover, the magnitude of the 0.345 SD penalty is larger than 0.086
SD boost (p < 0.001). As such, this result suggests that negative reputational
information shapes teacher evaluation more powerfully than positive reputa-
tional information.
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Teachers also correctly distinguish quality differences between essays, validat-
ing that the “high” or “low” quality essays identified in our pilot studies were
also perceived as such among the teachers in our sample. High quality essays
were graded 0.808 SDs better than low quality essays (Appendix Table 3,
Column 1). In raw terms, low quality essays were graded at the 33rd percentile
(with 95 percent confidence intervals crossing the 25th percentile), and high-
quality essays were graded at the 64th percentile (also with 95 percent confi-
dence intervals crossing the 75th percentile).’

How does encountering confirmatory versus contradictory evidence change
how teachers initially rely on reputational information? Figure 1 illustrates how
teachers graded high and low-quality essays across the reputational information
groups (these results can also be found in table form in Appendix Table 3,
Column 2). Blind grading is placed at the top of the figure and serves as the base-
line for comparison. For clarity, we use dotted vertical lines to indicate the mean
grades assigned to low and high-quality essays, respectively. The figure reiterates
our earlier finding that negative reputational information shapes teacher judg-
ment more powerfully than positive reputational information, highlighting that
the asymmetry is further driven by the interaction between reputational informa-
tion and type of performance: negative reputations are cumulative with confir-
matory performance, with confirmatory evidence increasing the penalty that
teachers apply to students with negative reputations. In our experiment, a stu-
dent with poor prior performance (had grades in the bottom 25th percentile in a
previous assessment) produces confirmatory evidence by writing a low-quality
(25th percentile) essay. In this confirmatory case, teachers penalize the essay by

Figure 1. Reliance on Reputational Information, across Confirmatory and Contradictory
Evidence.

blind grading - —— ——

positive rep. inf. - I —.

negative rep. inf. | ——&———
T T T T

-1 -5 0 5

Assigned Grade, in SDs

—— Low Quality Essay =~ High Quality Essay

Notes: error bars correspond to 95% confidence intervals.

All standard errors adjusted for clustering at the school level.

Dotted lines are of blind grading (control) group for either high (top 25th percentile)
or low-quality (bottom 25th percentile) essays.
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0.502 SDs (p < 0.001). By contrast, when negative reputational information is
contradicted by good performance, teachers only penalize such a student by
0.202 SDs (p = 0.057). The difference between these two estimates is statistically
significant (p = 0.045).

As with our average results, positive reputational information appears to
have a weaker effect on teacher evaluation, even when we decompose these ef-
fects by confirmatory or contradictory evidence. When positive reputational
information interacts with low quality performance, teachers assign a minor
boost of 0.137 SDs, but this effect is not statistically significant (p = 0.187—
Figure 1). When positive reputational information is confirmed by good perfor-
mance, teachers grade as if blind to prior grades (p = 0.911).

Effects of Reputational Information on Subsequent Essays

Central to our study is how reliance on reputational information changes as tea-
chers grade subsequent essays. Figure 2 illustrates the change in effects across all
three essays by plotting the effects (along with 95 percent confidence intervals)
from Table 3. Effects are statistically significant at the 5 percent level if the inter-
vals exclude the horizontal line, which indicates a zero effect. The
Figure demonstrates that, on average, reliance on reputational information di-
minishes in magnitude over subsequent essays. Students with low prior grades
receive a penalty across all three essays but this effect diminishes as teachers
grade subsequent student essays. The penalty after grading three essays halves
from 0.345 SDs to 0.177 SDs (a statistically significant change, p = 0.095).
Labeling a student as having high prior grades continues to have no effect across
subsequent essays (the confidence intervals always cross zero). This suggests

Figure 2. Main Effects of Reputational Information, across Essays.

(\!—“

Effect on Essay Grade, in SDs
2

2 3 4
Essay Number

———— Positive Reputational Information
———— Negative Reputational Information

Notes: error bars correspond to 95% confidence intervals.
All standard errors adjusted for clustering at the school level.
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that, on average, teachers rely on reputational information as temporary signals,
updating their expectations as they observe student performance.

These average results mask heterogeneity by whether teachers initially
encountered contradictory or confirmatory evidence. To explore this heteroge-
neity, Appendix Table 4 presents the three-way interaction effects between essay
number, the quality of essay B, and the reputational information treatment con-
dition. This model decomposes the separate effects of each treatment (high- or
low-quality essay; high, low, or null reputational information) and interactions
among treatments, across each essay. Although the interaction terms in this
model lack statistical power because they test for additional rather than average
effects, Appendix Table 4 allows us to isolate our estimates of interest. For
instance, to isolate the effect of seeing contradictory evidence on how teachers
grade essay D, we take a linear combination of the overall effect of negative re-
putations when essay B is high quality with the interaction of negative reputa-
tions and the indicator variable for essay D. To calculate the effect of seeing
confirmatory evidence (a low-quality essay B), we further combine the coeffi-
cients from (a) the overall interaction term between negative reputations and
low-quality essay B and (b) the three-way interaction term between seeing a low-
quality essay B, the indicator for essay D, and negative reputations. For ease of
interpretation, Figure 3 plots these coefficients to show how reliance on negative
reputational information changes between essays C and D, for teachers encoun-
tering confirmatory versus contradictory evidence.

Figure 3 shows that the penalty for confirmatory evidence (negative reputa-
tional information and low-quality Essay B) fails to diminish in magnitude as
teachers have more opportunities to grade. Even though essays C and D are

Figure 3. Effect of Negative Reputational Information over Essays C and D.

2
1

Effect on Essay Grade, in SDs
2

Essay Number

——— Contradictory Evidence (High Quality Essay B)
———-— Confirmatory Evidence (Low Quality Essay B)

Notes: error bars correspond to 95% confidence intervals.

All standard errors adjusted for clustering at the school level.

Coefficients and errors calculated from linear combinations of coefficients from Appendix Table 4.
Effects of positive reputational information (high prior grades) not shown to enhance clarity.
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identical and of average quality, having a negative reputation causes students to
incur a penalty of 0.325 SDs even by Essay D (a difference that is statistically dif-
ferent from zero, p = 0.002). The fact that the penalty persists without decline
suggests that negative reputations crystallize if given initial behavioral confirma-
tion in Essay B. By contrast, teachers reduce their reliance on reputational infor-
mation if exposed initially to contradictory evidence: if Essay B disconfirmed
reputational information, the grades that teachers assign by Essay D are no lon-
ger distinguishable from blind grading (p = 0.808). Because the confidence inter-
vals overlap between the profiles for confirmatory and contradictory evidence,
we also test if the difference between these parameter estimates is statistically sig-
nificant. Results from a Wald test lead us to reject the null hypothesis that the
difference between these profiles is zero (F = 4.94, p = 0.0269), implying that
the difference is statistically significant.

Potential Mechanisms and Robustness Checks

One mechanism that may explain this difference in updating is that teachers pay
longer attention to evidence that is initially contradictory and thus avoid taking
reputations for granted. As an exploratory test of this proposed mechanism, we
examine average grading time by each treatment group in Figure 4 (also dis-
played in Appendix Table 5). The horizontal line indicates the average amount
of time (across all treatment groups) it took a teacher to grade each essay (3.78
minutes). The key takeaway is that teachers who thought the essay writer had
low prior grades but wrote a high-quality essay (contradictory evidence) took
4.04 minutes to grade the essay—an increase of approximately 16 seconds com-
pared to the average. We reject the null hypothesis that the grading time for

Figure 4. Teachers Spend More Time Grading when Encountering Contradictory Evidence.
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Note: Horizontal line indicates the average amount of time a teacher spent grading each essay
(average across all treatment groups).
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teachers who encountered contradictory evidence is the same as blind grading
(two-tailed #-test = 2.25, p = 0.025).

Of course, a statistically significant increase may not be substantively signifi-
cant. How large is a 16 second increase in grading time, and is this sufficient for
a teacher to begin updating his or her expectations? To more meaningfully inter-
pret this amount of time, we consider how long teachers take to grade essays in
other contexts. For instance, in the formal context of a university, graders spend
approximately three minutes assessing essays with approximately 350-500
words (Holstein 1983). Another estimate for how long a grader takes to reliably
assess performance is two minutes (Diederich 1974). Moreover, although 16 sec-
onds appears miniscule, it is a 9 percent increase on the approximately 180 sec-
onds (3 minutes) that teachers spent grading each essay. Indeed, we conjecture
that a 9 percent increase in grading time sufficient for teachers to begin updating
their expectations. Nevertheless, we acknowledge that this is speculative and, as
we note below, encourage future work to examine the amount of exposure to
contradictory evidence needed before teachers jettison reliance on reputational
information.

Discussion

Our results imply that teachers initially rely on reputational information to eval-
uate performance. In general, reputational information operates as a temporary
signal: teachers rely less on reputational information as they have additional op-
portunities to evaluate student performance. However, negative reputations
appear to shape teacher evaluations more powerfully than positive ones, and ini-
tial behavioral confirmation appears to crystallize negative reputations, solidify-
ing a presumption of negative performance despite subsequent disconfirming
evidence. As such, teachers do not consistently update when encountering infor-
mation about student performance, neither do teachers always filter new infor-
mation through the lens of their prior expectations. Instead of supporting a
uniform view of reputations as temporary signals or filters, our results point to a
more contingent model that depends on the initial evidence presented.

Our interpretation of the theoretical implications of these results should be
tempered by recognizing certain limitations. First and foremost, the experiment
was conducted among teachers in a particular historical moment and context,
and the high-stakes, exam-oriented educational context shapes how teachers
rely on reputational information when assigning grades. On the one hand, it
could be that the high-stakes nature of grades increases teachers’ sense of
responsibility to ensure that grades are assigned accurately. If true, this would
imply teachers rely less on reputational information in this context, making this
study a conservative estimate of the effects of reputational information. On the
other hand, the fact that students are publicly ranked in terms of their academic
performance means that teachers may be more willing to rely on reputational
information when grading. For instance, teachers may seek to minimize the
probability that the grades they assign will be questioned by students, parents,
colleagues, or administrators. Especially in exam-oriented education systems
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where grades are high-stakes, teachers may be concerned about criticisms that
require them to justify the grades they assign. To the extent that this is true, it is
possible that teachers assign grades consistent with reputational information to
help them “cover their assessment” from future criticism. If reliance on reputa-
tional information is indeed used to disarm criticisms, we acknowledge that the
magnitude of effects observed in this study might well constitute an upper-
bound on how educators use reputational information.

Moreover, certain features of exam-oriented education systems may explain
increased teacher reliance on negative over positive reputational information.
One possibility, for example, is that teachers in China traditionally believe that
identifying student mistakes improves educational outcomes (Brown and Gao
2015). High-stakes, exam-oriented education systems prioritize the assessment
of memory, repetition, and imitation, and students may indeed benefit from
feedback on errors and mistakes (Bell 2016: 107). Moreover, some research sug-
gests that the effort of Chinese students is less associated with their perceptions
of self-esteem than educational contexts like that of the United States (Hau and
Ho 2012), where negative feedback from teachers is believed to impede learning
by reducing students’ self-esteem and subsequent effort (Ames 1990; Stipek and
Gralinski 1996). In addition to factors that increase reliance on negative reputa-
tional information, instructors in exam-oriented systems may also actively
reduce reliance on positive reputational information. Teachers and parents in
China, for instance, traditionally eschew positive encouragement, often with the
assumption that excessive encouragement will reduce student motivation to
work hard (Sargent 2011).

A related limitation to external validity is that the experiment observes how
teachers grade essays, a task that is relatively subjective. Would reputational
information still affect teacher evaluations if they were grading subjects with
more objective criteria, such as a multiple-choice mathematics examination? We
conjecture that teacher reliance on reputational information would be reduced,
but prior work suggests that even evaluations of multiple-choice mathematics
tests remain biased by expectations: Hanna and Linden (2012) observed grading
discrimination even in mathematics tests in India. Even when asked to grade
identical multiple-choice tests, teachers refrained from giving partial credit to
lower-caste students. This led to a penalty of 0.03 to 0.08 standard deviations
(SDs) relative to higher-caste students.

Aside from limitations in external validity, the present study also raises new
questions that are worthy of future research. First, our distinction between filters
(which bias perception of subsequent evidence) and temporary signals (which do
not) does not imply mutual exclusion of these two explanations. How people
actually use reputational information likely falls in a spectrum between these
two ideal types. In other words, our claim should be interpreted as a matter of
degree: on average, teachers in our context use reputational information more
like a signal than a filter, except when encountering confirmatory, negative repu-
tational information. A related point is that crystallized reputations imply persis-
tence but not permanence. Reliance on reputations as filters implies biased
perceptions of subsequent evidence, and excepting extreme cases, it is plausible
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that an extraordinary student performance will break through. And it is also
plausible that a teacher, seeing the same student perform well above expecta-
tions for an entire year, changes his or her mind.

If this is true, how many opportunities are needed, and how contradictory
does subsequent evidence have to be to break teachers out of using reputational
information? Reliance on confirmed negative reputations might diminish when
teachers are given a sufficiently large number of opportunities to assess perfor-
mance, perhaps over the course of a school year. Similarly, unless teachers rely
on reputational information completely as a filter for subsequent evidence, there
will likely be a threshold for when contradictory evidence will break through. If
a student with a reputation for producing low-quality work produces something
of the highest caliber, the extraordinary nature of this product is likely to cause
teachers to break away from reliance on crystallized reputations. The present
study suggests that producing something average is unlikely to cut through a
crystallized reputation, but this does not resolve where the threshold would be.
Our study does not vary essay quality on a continuous scale and thus we are
unable to answer this question definitively; however, we believe this is an impor-
tant question for future research.

We also invite future work to further explore why negative reputational infor-
mation has a stronger influence on teacher evaluation than positive reputational
information. The asymmetry of effects for negative and positive information has
been found in other settings, such as situations where employers recall and rely
more strongly on negative prior experiences to determine whom they will hire
(Leung 2017; Pager and Karafin 2009; Rozin and Royzman 2001). In these con-
texts, this asymmetry is generally explained by noting that the losses from a bad
hire outweigh the benefits from a good hire. Although this loss aversion principle
is well-established in hiring contexts (Kahneman, Knetsch, and Thaler 1991), it
is difficult to imagine how it would apply to grading, as there is no clear “loss”
that teachers experience when grading essays.

As an avenue for future research, one preliminary conjecture is that the repu-
tational information we assigned was interpreted as asymmetric even if it was
mathematically symmetric. The reputational information was communicated
using students’ percentile rank in the school because a student percentile rank of
50 is mathematically the “average” percentile rank of students, while a B student
may be average in some cases while A- might be average in other contexts.
Nevertheless, teachers might still have interpreted signals like 75 percentile as
asymmetric from 25% percentile, even when they were mathematically symmet-
ric. For instance, this could occur if teachers categorize a 25™ percentile student
as a “lost cause.” If it is true that teachers interpreted information about “25™
percentile” more negatively than they interpreted “75™ percentile” positively,
this would be one explanation for why teachers in this context relied on negative
reputations more heavily than positive information.

With these limitations and suggestions for future work in mind, it is interest-
ing to note how the basic findings of this study are consistent with findings from
different settings. The findings from this study suggest that teachers rely on repu-
tational information as temporary signals, except when these reputations receive
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behavioral confirmation. The idea that confirmatory signals allow evaluators to
act upon negative preconceptions is found in other contexts as well. For
instance, in studying when decision-makers apply sanctions on welfare appli-
cants, Schram et al. (2009) show how “discrediting markers,” such as prior fail-
ures to comply with welfare regulations, enable decision-makers to act upon
their negative stereotypes of Latina and African-American clients.

To the extent that the patterns observed in this study hold more broadly, they
have significant implications both for theory and practice. For sociologists of
education and inequality, these results clarify the relative power of reputational
information and the reality of student performance (Henshel 1982; Jussim and
Harber 2005). The idea that expectations change reality was established more
than 40 years ago (Rosenthal and Jacobson 1968), and, as noted above, recent
work continues to show how teachers rely on their prior expectations when
grading (Botelho, Madeira, and Rangel 2015; Hanna and Linden 2012;
Sprietsma 2013). These studies, however, privilege measurements of bias with-
out a concomitant measure of how these underlying prior expectations are up-
dated, making it difficult to isolate whether these biases are self-correcting or
self-fulfilling. By theorizing and experimentally testing how reputational infor-
mation affects subsequent evaluation, this study suggests that teachers generally
rely on reputational information temporarily, except when behavioral confirma-
tion leads to the crystallization of negative reputations. These patterns imply
that students in educational settings like China can generally recover from hav-
ing negative reputations and are unlikely to be stuck in place. However, they
must challenge negative reputations rapidly to do so.

Our study also complements extensive research examining how structural
changes like ability-grouping or grade retention might keep students stuck in
place (Andrew 2014; Eder 1981; Hallinan 1994; Hattie 2008; Karlson 20135;
Oakes 19835). By focusing on within-person evaluative processes and when they
are updated in response to student performance, our findings imply that tracking
or other institutionalized changes in resource distributions are problematic not
merely because they shape the resources that students obtain. Instead, such
groupings are problematic also because they also keep teachers from being
exposed to evidence that updates their expectations, further increasing the
chances that negative reputations become crystallized. In the school setting, this
could occur if students with negative reputations are tracked or given assign-
ments that are easier than other students. Such students may find it more chal-
lenging to escape negative reputations.

Policymakers are generally invested in ensuring students perform to the best
of their potential rather than being stuck in place by their reputations. A plausi-
ble policy implication of the study would be to conduct grading blindly. In prac-
tice, this is difficult in classrooms teachers might be able to identify students
based on the topics they write about, their handwriting, and a series of other
personal identifiers. Teachers should also have the opportunity to provide tai-
lored, formative assessment for students by accounting for their prior
performance (Fisher and Frey 2007) and providing tailored feedback encourages
further learning (Harlen and James 1997).
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Considered more broadly, the use of reputational information in grading has
both benefits and costs. As noted at the outset, reputations reduce the amount of
time teachers need to grade, and existing sociological work has demonstrated
how actors make faster judgments (Raub and Weesie 1990). School districts
may seek to increase the amount of prior assessment information shared with
teachers precisely for this purpose. Indeed, one reason why Chinese classrooms
post grades publicly is to create a reputational system that ostensibly motivates
students to work harder. While these may be legitimate reasons to institute repu-
tational systems, they must be weighed against the possibility that, under some
circumstances, reputational effects overpower student performance and create
inequalities in the classroom that are not merit-based.

One policy strategy would be to increase opportunities for students to reset
their reputations. For instance, the results from this field experiment highlight
the importance of timing in interventions. Programs designed to reduce achieve-
ment gaps may have differential effects based on when they are implemented.
Assuming that teachers share reputational information about students across
school years, the best time to update such expectations is at the beginning of a
new school year. Thus, beyond their immediate effects, interventions like sum-
mer remedial programs (Banerjee et al. 2016) may help low performing students
catch up with their higher performing peers while also helping to recalibrate
teacher expectations.

Conclusion

Whether in educational settings or more generally, individuals regularly rely on
reputational information to evaluate one another. If used as temporary signals,
reputational information can help teachers reduce time and energy spent evalu-
ating quality. However, when used as filters, reputations are likely to crystallize
and entrench inequalities, making it difficult for students to escape the presump-
tion of negative performance. By leveraging unique data from a field experiment,
this experiment examines how teacher reliance on reputational information
changes over the course of grading multiple essays. Finding evidence that reli-
ance on reputational information generally diminishes, this article begins to
resolve whether the metaphor of signal or filter better reflects how teachers use
reputational information. By demonstrating how behavioral confirmation is nec-
essary for the crystallization of reputations, the article also makes important in-
roads to understanding when teachers rely on reputational information as a
signal or filter. Taken together, these theoretical insights clarify the effects of rep-
utational information on subsequent teacher evaluations, with implications for
how reputational information shapes patterns of inequality more generally.

Notes

1. We use the term “reputational information” in lieu of “reputation,” which is com-
monly deployed to refer to different underlying concepts: prominence or generalized
awareness, an expectation of some behavior based on past demonstrations, or
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generalized favorability (Bromberg and Fine 2012; Lange, Lee, and Dai 2011). In
this paper, we focus on the second of these definitions and use the term reputational
information to enhance clarity: it is an “expectation of some behavior or behaviors
based on past demonstrations of those same behaviors” (Podolny 2005: 14).

2. We lack information on teachers who were in our sample but declined to participate,
and to the extent that their grading practices may differ from those who chose to par-
ticipate, our results only represent the subset of teachers who were present and will-
ing to participate. However, the primary reason for non-participation was not
related to treatment assignment, including being sick or out of town.

3. The pre-analysis plan can be accessed on the following website: Authors. 2016.
“Accuracy and Updating: How Labels and Initial Performance Affect Teacher
Grading.” August 20. AEA RCT Registry. (https://www.socialscienceregistry.org/
trials/1498)”

4.  We do not conclude that positive reputational information has no effect. First, the
magnitude of the effects suggest that teachers give a boost to students with positive
reputations, even if this is not statistically significant. Second, our experiment bench-
marks prior performance at the 25th and 75th percentile, and it is plausible that the
boost would be observed if positive reputational information were indicated by the
top 10th or Sth percentile.

5.  We pre-registered an analysis to examine whether the initial performance of the stu-
dent alone (i.e., independent of reputational information) would have spillover ef-
fects on subsequent grading. Our hypothesis was that high or low initial essay
quality would inform the teacher’s expectations directly, thus affecting subsequent
essay grading. To comply fully with our pre-analysis plan we display these results in
Appendix Table 5. We find that a single high- or low-quality performance on an
essay is insufficient to influence how teachers grade subsequent essays.
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Appendix Table 1a. Test of Reputational Information Treatment Balance (across 7 Covariates)}—Pooled Estimates

Experience of Teacher

(1) (2) (3a) (3b) (3¢) (3d) (3e) (4) (5) (6) (7)
Chinese Urban Local
Baseline 13-20 College major hukou resident
Variables score Female 0-2 years 3-5years 6-12years vyears 21+ years (yes/no) (yes/no) (yes/no) (yes/no)
Positive Reputational 0.123 0.040 0.007 0.032 -0.052 -0.008 0.029 0.025 -0.007 —-0.004 0.021
Information (1 = yes) (0.077)  (0.040) (0.028) (0.026) (0.041) (0.041) (0.041) (0.042) (0.036) (0.026) (0.019)
Negative Reputational ~ 0.069 —0.046 0.022 0.037 —-0.006 —-0.024 -0.017 0.015 0.013 —-0.030 -0.029
Information (1 = yes) (0.077)  (0.040) (0.028) (0.026) (0.041) (0.041) (0.041) (0.042) (0.036) (0.026) (0.019)
Constant 0.043 0.680*** 0.112*** 0.083***  0.386*** 0.361***  0.622***  0.579***  0.766***  0.906***  0.058***
(0.054) (0.028) (0.020) (0.018) (0.029) (0.029) (0.029) (0.030) (0.025) (0.018) (0.014)
R-squared 0.003 0.006 0.001 0.003 0.002 0.000 0.002 0.000 0.000 0.002 0.008
Group1-Group2 —-0.0540 —0.0854 0.0154 0.00446 0.0459 -0.0156 —-0.0460 —-0.0101 0.0200 —-0.0261 -0.0502
p-value of diff 0.483 0.0317 0.581 0.865 0.263 0.702 0.264 0.809 0.578 0.317 0.00986

Notes:

1. Number of observations for each regression = 832. Each model is a separate linear regression of the covariate on two treatment indicators (reference group is no label).
2. Robust standard errors in parentheses.

3.%*¥p < 0.01,** p<0.05*p<0.1.

Variables are (1) standardized score of essay A; (2) whether the teacher is female or not (1 = female); (3a-3e) teacher experience; (4) whether the teacher attended any college
(1 = yes); (5) whether the teacher’s major was Chinese (1 = yes); (6) whether the teacher is registered as an urban resident (1 = yes); and (7) whether the teacher attended
primary school in the same county he or she now teaches (1 = yes)
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Appendix Table 1b. Test of Essay Quality Treatment Balance (across 7 Covariates}—Pooled Estimates

Experience of Teacher

(1) 2) (3a) (3b) (3¢) (3d) (3e) (4) (5) (6) (7)
Chinese Urban Local

Baseline 6-12 13-20 College major hukou resident
Variables score Female 0-2 years 3-5 years years years 21+ years (yes/no)  (yes/no) (yes/no) (yes/no)
Essay B is Low 0.052 0.009 —0.012 0.005 0.021 —0.002 0.038 0.030 0.027 —0.022 0.052
Quality (1 =yes)  (0.063) (0.032)  (0.023)  (0.021)  (0.033)  (0.033)  (0.034)  (0.034)  (0.029) (0.021) (0.063)
Constant 0.080*  0.673***  0.128*** 0.103*** 0.356***  0.351*** 0.607*** 0.577*** 0.754***  0.907***  0.080*%

(0.045) (0.023)  (0.016)  (0.015)  (0.024)  (0.024)  (0.024)  (0.024)  (0.021)  (0.015) (0.045)
R-squared 0.001 0.000 0.000 0.000 0.000 0.000 0.002 0.001 0.001 0.001 0.001

Notes:

1. Number of observations for each regression = 832. Each model is a separate linear regression of the covariate on one treatment indicator (reference group is

grading high quality essay).
2. Robust standard errors in parentheses.
3.%**p <0.01, ** p <0.05 *p <0.1.

Variables are (1) standardized score of essay A; (2) whether the teacher is female or not (1 = female); (3a-3e) teacher experience; (4) whether the teacher attended

any college (1 = yes); (5) whether the teacher’s major was Chinese (1 = yes); (6) whether the teacher is registered as an urban resident (1 = yes); and (7) whether the

teacher attended primary school in the same county he or she now teaches (1 = yes)
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Appendix Table 2. Logistic Regression Predicting Treatment Effects on Teacher Perceptions
of Grading Exercise

(1) (2)

“I used the same grading “Essay topics were
standard here as with extremely similar or
Outcome: usual grading” identical to usual grading”

Treatments (Compared to Blind Grading):

Positive Reputational -0.192 0.298*
Information (Essay Writer Was (0.331) (0.181)
Top 25™ Percentile)
Negative Reputational 0.096 0.428**
Information (Essay Writer Was (0.364) (0.172)
Bottom 25™ Percentile)
Baseline Essay Score 0.246* 0.204**
(Standardized) (0.133) (0.086)
Constant 2.625%** —0.836%**
(0.243) (0.126)
Mean of Blind Grading Group 0.932 0.305
Margins for Positive -0.013 0.066*
Reputational Information (0.022) (0.040)
Group (at the mean):
Margins for Negative 0.004 0.097**
Reputational Information (0.021) (0.040)
Group (at the mean):
Notes:
1. Standard errors adjusted for clustering at the school level in parentheses. N = 832
participants.

2.%%* pn < 0.01, ** p < 0.05, * p < 0.1.
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Appendix Table 3. Main and Interaction Effects of Grading High or Low-Quality Essay B

(1) (2)
Dependent Var: Essay B Essay B
Total Grade of Each Essay Score (SDs) Score (SDs)
Essay B Is Low Quality —0.808%** —0.767%**
(0.062) (0.096)
Positive Reputational Information -0.010
(0.089)
Negative Reputational Information -0.212%*
(0.098)
Pos. Rep. Inf. x Low Quality Essay B 0.159
(0.136)
Neg. Rep. Inf. x Low Quality Essay B —-0.286*
(0.154)
Baseline Essay Score (Standardized) 0.418%** 0.425%**
(0.035) (0.035)
Constant 0.321%** 0.373%%*
(0.045) (0.035)
R-squared 0.153 0.327
Notes:

1. Standard errors adjusted for clustering at the school level in parentheses. N = 832

participants.
2.%%*p <0.01, ** p < 0.05 *p <0.1.
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Appendix Table 4. Full Interaction Terms in Pooled Model

Essay Score

(SDs) Interpretive Notes
Overall Effect of Treatments
1a. Negative Reputation -0.0354 Effects are relative to
(0.0525) blind grading group/
1b. Essay B Is Low Quality —-0.00994 high quality ey B.
(0.0368) These terms indicate
1c. Essay B Low Quality x Negative 0.104 O“eem” Zgﬁ’:’::fh‘zz{f“s
Reputation (0.0648) B>

Effect of Low-Quality Essay B on Subsequent Essays

2a. Low Quality Essay B x Essay B —0.676"**
(0.0820)

2b. Low Quality Essay B x Essay C 0.0816
(0.0901)

2¢. Low Quality Essay B x Essay D 0.216**
(0.0989)

graded Essay A, and

coefficients should be

null as treatments not
active in Essay A.

Captures whether
teachers distinguish low
from high quality essay

B in the absence of

reputational
information and
lingering effects on
seeing a low-quality
essay B on subsequent
essays C and D.

Effect of Negative Reputations on Subsequent Essays when Teachers see Contradictory

Evidence

3a. Negative Reputation x Essay B —0.145
(0.107)

3b. Negative Reputation x Essay C -0.232*
(0.122)

3c. Negative Reputation x Essay D 0.0726
(0.130)

Captures the effect of
seeing negative
reputations on high-
quality essay B, on
subsequent essay
grading.

Additional Effect of Negative Reputations on Subsequent Essays when Teachers see
Confirmatory Evidence (Low-Quality Essay x Negative Reputation)

4a. Low Q. Essay B x Negative Rep. x Essay B —0.494%***
(0.156)

4b. Low Q. Essay B x Negative Rep. x Essay C -0.210
(0.176)

4c. Low Q. Essay B x Negative Rep. x Essay D —0.455**
(0.181)

Captures the additional
effects from the
interaction of low-
quality essay B and
negative reputational
information

(Continued)
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Appendix Table 4. continued

Essay Score

(SDs) Interpretive Notes
Interaction Term for High Reputational YES nets out effects of
Information positive reputations,

allowing us to focus on
interpretation on effect
of negative reputations

Essay Number Fixed Effects YES nets out differences in

essay quality between
essays A, B, C, and D

Constant 0.0394
(0.0374)
Observations 3,328
R-squared 0.288
Notes:

1. Standard errors adjusted for clustering at the school level in parentheses.

2.%%*p <0.01,** p <0.05 *p <0.1.

3. Reliance on negative reputational information when teachers encounter contradictory
information for any essay is calculated by the following linear combination: Negative
Reputation x Essay #+ Average Effect of Negative Reputation. In the case of Essay D: 0.0726
+ —0.0354 = 0.0372.

4. When teachers encounter confirmatory information, further sum all terms where low quality
essay B interacts with negative reputation: Low Q. Essay B x Negative Rep. x Essay # +
Negative Reputation x Essay # + Average Effect of Negative Reputation + Average Effect of
Negative Reputation x Low Q. Essay B. In the case of Essay D: —0.455 + 0.0726 + 0.104 +
—0.0354 = —0.314.
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Appendix Table 5. The Effect of Low-Quality Initial Essay on Subsequent Grading

(1) (2) (3) (4) (5) (6)

Essay B Score Essay B Raw Essay C Score Essay C Raw Essay D Score Essay D Raw
Variables (SDs) Score (SDs) Score (SDs) Score
Low-quality Essay —0.808*** -10.07%** 0.043 0.466 0.103 1.111

(0.062) (0.771) (0.071) (0.767) (0.072) (0.772)
Baseline ESSS.Y SCOI‘C 0'418*:.&:& 5213; %3k 0.430:',:5::4 4'625*:.;;; 0'282:;4:;-;9 3041 gy
(Standardized) (0.036) (0.446) (0.042) (0.454) (0.039) (0.420)
Constant 0.321%** 81.826%%* -0.088* 80.460%*** -0.117** 84.865%**

(0.039) (0.488) (0.050) (0.538) (0.053) (0.568)
Observations 832 832 832 832 832 832
R-squared 0.269 0.269 0.132 0.132 0.067 0.067
Notes:

1. Standard errors adjusted for clustering at the school level in parentheses. N = 832 participants.
2.%%*p < 0.01, ** p < 0.05 *p <0.1.
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Appendix Table 6. Negative Binomial Model of Treatment Effects on Essay Grading Time

(in Minutes)
Dependent Var:
Number of Minutes Spent Grading (1) (2)
Full Treatment Interactions
Positive Reputational Information —0.004 0.013
(0.041) (0.042)
Negative Reputational Information 0.085** 0.095**
(0.041) (0.041)
Low Quality Essay B 0.024 0.030
(0.041) (0.041)
Negative Reputation x Low Quality Essay B -0.011 -0.022
(0.058) (0.058)
Negative Reputation x High Quality Essay B -0.129** —0.128%*
(0.057) (0.057)
Essay Fixed Effects (Reference Group = Essay B)
Essay C —0.061*" —0.060**
(0.029) (0.028)
Essay D —0.090%** —0.089%**
(0.029) (0.029)
Teacher Characteristics Controlled? NO YES
Alpha —2.579%** —2.620%**
(0.101) (0.104)
Notes:

1. Standard errors adjusted for clustering at the school level in parentheses. N = 2,474 essays.

2.%%*pn <0.01,**p <0.05 *p<0.1.
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