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Abstract

A large psychological literature suggests that individuals rely on comparative per-

ception when making sequential decisions or assessments. Such a perceptual bias could

in�uence behavior in settings from employee hiring and medical diagnosis to investment

appraisal and product evaluation. This study presents a theoretical framework which

o¤ers predictions to di¤erentiate perceptual errors from rational behavior and provides

empirical evidence for such �contrast e¤ects.� The empirical focus is an analysis of se-

quential exam evaluation in a large undergraduate course with supporting evidence for

perceptual errors in sentencing decisions by judges in PA courts and in dating decisions

by speed daters. There is modest evidence that graders are negatively biased when

evaluating exams which follow high and low streaks of extreme exams. Relative to a

typical score, this e¤ect is on the order of a 12% increase in leniency following a streak

of three low scoring exams, and a 6% grade reduction following three high scoring ex-

ams. Ostensibly, learning or quota constraints for high and low grades could rationally

account for this �nding. However, the fact that these e¤ects: (i) decay fully after a

single period, (ii) persist despite grader experience, and (iii) are non-existent for highly

transparent (multiple-choice) questions suggests an alternative explanation. Stronger

evidence exists for contrast e¤ects in judicial sentencing. Judges are 9% more likely

to be lenient in sentencing of summary o¤enses after exposure to a criminal felony.

The e¤ects disappear for days with exposure to multiple felonies. In dating, highly

attractive or unattractive prior partners produce a 13 to 17% distortion relative to the

baseline decision to date. An original survey of real estate agents suggests that these

e¤ects may extend to non-random settings such as home purchases.

�This paper was heavily shaped by numerous discussions with Stefano DellaVigna, Botond Koszegi,
and Matt Rabin, and I owe them a special thanks. David Card, Paul Chen, Salar Jahedi, Shachar Kariv,
Prasad Krishnamurthy, Ritu Mahajan, Day Manoli, Enrico Moretti, Vikram Pathania, Uri Simohnson,
Kevin Stange, Sharad Tandon, Aman Vora and participants of the Psychology & Economics Seminar at UC
Berkeley also provided thoughtful comments and feedback. David Moyer, Deb Weber, Leah Woolsey, and
anonymous others generously helped secure data for this project.



1 Introduction

Most economic models assume that in sequential decisions, a prior observation in�uences

later choices only insofar as it provides new information or a¤ects preferences. As an

example, imagine an experienced judge who must evaluate a series of defendants. According

to the standard model the evaluation of one defendant should be immune from the in�uence

of a prior defendant whose case does not provide relevant information. Concretely, if a

case involving a tra¢ c violation is preceded by a case involving a violent assault, the judge

should not perceive the tra¢ c violation more leniently than had it instead been preceded

by a more modest charge. Similarly, a doctor�s diagnosis of a patient, an employer�s

evaluation of a job candidate, or an instructor�s grade of an exam should not be in�uenced

by immediate prior patients, candidates or exams that don�t provide information which

a¤ect the decision-maker�s beliefs or preferences.

However, psychologists assert that such sequential context may systematically bias

perception� as well as the resulting judgments. In the lab, subjects asked to evaluate the

guilt of a particularly egregious criminal tend to judge subsequent criminals with greater

lenience (Pepitone and DiNubile 1976). Photographs of unattractive individuals, descrip-

tions of highly expensive cameras, and scrutiny of hostile behavior elicit comparable gen-

erosity in subsequent evaluations of a similar nature (Kenrick and Gutierres 1980; Herr

1986; Simonson and Tversky 1992). An earlier class of studies demonstrates that subjects

systematically overestimate or underestimate sensory dimensions such as the length of a

line, weight of an object, or loudness of a sound after prior exposure to extreme instances

of such stimuli (Hood 1950; Hovland et. al. 1958; Krantz and Campbell 1961). Figure 1

illustrates this type of error in spatial perception. The illusion that the central disk on the

left is larger than the central disk on the right is caused by the surrounding disks which

serve as a perceptual contrast.

While studies of social perception arguably do not rule out alternative explanations as

convincingly as studies of physical perception, this pattern of comparative assessment or

judgment is consistent with a sequential contrast e¤ect. Contrast e¤ects are de�ned here

as a negative (positive) error in perception, relative to a Bayesian baseline, prompted by

recent exposure to more positive (more negative) information along some dimension.1

This paper provides a model of sequential decision-making based on the claim that

perceptions are fundamentally relative, and then documents empirical evidence for such

behavior across three domains. While this research is motivated by the belief that contrast

1Much of this literature is not necessarily invested in labeling this behavior as a cognitive or perceptual
�error.� The earlier literature which examines contrast e¤ects in the sensory perception of physical stimuli
is much more explicitly concerned with whether such behavior constitutes an error than later experiments
which examine di¤erent types of social perception.
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Figure 1, An Example of a Spatial Perceptual Contrast
(Based on Ramachandran & Blakeslee, Phantoms in the Brain)

Figure 1, An Example of a Spatial Perceptual Contrast
(Based on Ramachandran & Blakeslee, Phantoms in the Brain)

e¤ects in�uence decisions across many economically relevant settings, I principally explore

such e¤ects in the grading of exams from a large undergraduate course. I additionally

summarize evidence from two other sequential decision-making domains. The �rst involves

judicial decisions in lower Pennsylvania courts (Bhargava and Cann 2007), while a second

concerns dating decisions by participants of speed dating sessions (Bhargava and Fisman

2007).2

The theoretical framework juxtaposes a model of contrast-e¤ects with a standard model

of Bayesian learning and rational preferences. The framework produces four main predic-

tions. A �rst prediction of the contrast-e¤ects model, the �antecedent e¤ect,�holds that

current evaluations are negatively related to past perceptions. This prediction alone cannot

di¤erentiate contrast-e¤ects from rational behavior. Bayesian learning could also cause a

decision-maker to negatively correlate present and past evaluations. For example, in the

context of grading, an instructor unaware of the underlying distribution of student ability,

should rationally rely on the quality of one exam to update priors concerning the broader

population. Alternatively, an instructor bound to a limited number of �A�s�� due, for

instance, to institutional mandates or norms� may be sensitive to prior grades even in the

face of independent and identically distributed exams. The Appendix models the possible

existence of such a �quota�constraint as a �nite dynamic programming problem.

2Speed dating refers to a structured match-making process in which men and women meet multiple
partners through a series of short, sequential interactions.
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A second prediction of the contrast-e¤ects model is that the in�uence of a past exam

on a future evaluation decays as the intervening distance increases and the contrast e¤ect

fades. For a Bayesian in the standard model, even one subject to quotas, the in�uence of

a past exam on a current evaluation should be invariant to the ordering of the exam. For

example, an inference made in period 10 should weight the nine past observations equally

while a decision-maker facing a constraint should be insensitive to whether a perfect score

was achieved in period 4 or period 9 so long as the distribution of exams is unchanged.

A third prediction of the model of contrasts is that the antecedent e¤ect persists even

in the face of accumulated experience. In the standard model with learning, the e¤ect

diminishes as a grader evaluates more exams. For example, the �rst exam should command

greater in�uence on the second period inference than the 50th exam has on the inference

in the 51st period. A �nal prediction is that highly transparent targets, which permit

little interpretive discretion, do not elicit any perceptual errors even if the decision-maker

is subject to contrasts.

A primary contribution of this paper is to identify and measure perceptual biases across

distinct settings in the �eld. The �rst domain of analysis is the evaluation of exams by

graduate instructors across four semesters of a 300-student introductory economics course

at UC Berkeley. The research design is ideally suited for an empirical test of contrasts� the

evaluation order is known and quasi-random (i.e. based on alphabetical order), outcomes

are transparent, and proxies for ability exist.

I �nd that graders who encounter a string of three poor (strong) exams, grade the

subsequent exam question more generously (punitively). Relative to the average score, the

contrast e¤ect is on the order of a 12% increase in lenience when an exam follows a streak

of three low scoring exams, and a 6% score loss when an exam follows a streak of three

high scoring exams. The e¤ects are directionally consistent, but not signi�cant, for shorter

streaks of exams. These possible errors in evaluation distort scores for an estimated 3 to

10% of students and �nal semester grades for an estimated 1 to 2% of students.

Next, the paper summarizes evidence for relative decision-making in judicial sentencing

(Bhargava and Cann 2007). We examine the e¤ect of relative case order within a day

on sentencing decisions of approximately 500 judges in PA courtrooms from 2001 to 2005.

Even though cases are quasi-randomly ordered, we �nd evidence that lower court judges

exhibit greater lenience in the disposition of summary o¤enses� tra¢ c o¤enses such as

speeding and minor non-tra¢ c o¤enses such as the use of false identi�cation� if the judge

has just been exposed to a hearing for a more serious criminal o¤ense. Relative to typical

decisions, judges are 9% more lenient in the adjudication of cases which follow a felony and

are 6% more lenient in cases which follow a misdemeanor. Possibly due to the heightened

salience of rare events, the e¤ect is con�ned to days when a judge has heard only a single
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felony or misdemeanor. Indeed, judges with low prior exposure to felonies tend to exhibit

greater relativity in decisions than judges with a history of prior exposure.

Finally, in speed dating sessions, where interactions are also quasi-random, we �nd that

a subject�s decision to date is negatively in�uenced by the attractiveness of the prior partner

even after controlling for current partner attractiveness (Bhargava and Fisman 2007).3 For

male subjects, relative to baseline acceptance rates, the contrast is on the order of a 17%

increase in willingness to date after exposure to a single unattractive partner and a 13%

decrease in willingness to date after exposure to a single attractive partner. The e¤ects

grow in magnitude after exposure to streaks of attractive, but not unattractive, partners.

We �nd no e¤ect for female subjects and discuss experimental evidence consistent with this

gender asymmetry.

At �rst glance, alternative explanations such as learning or the existence of quotas for

high or low evaluations could account for the �ndings. However, across all three domains,

the negative correlation in assessments decays sharply. As the theoretical framework pre-

dicts, this rate of decay is inconsistent with standard explanations arising from rational

preferences and updating even in the presence of constraints. Further, across all domains

the observed e¤ects do not fully diminish as decision-makers accumulate experience, and

in grading and dating there is no evidence of contrast e¤ects for highly transparent targets

which do not permit interpretive discretion (i.e. multiple choice questions, and highly at-

tractive or unattractive partners). These �ndings lend additional support to an explanation

based on perceptual contrasts. It is possible, however, that limited memory coupled with

selective recall or some other heuristic could also account for the evidence. Alternative

explanations are addressed at greater length in the Discussion.

If perceptual errors in sequential decisions do exist, how pervasive and important are

they? The analysis �nds non-trivial distortions in decisions across all three examined

environments. As an example, the e¤ects observed in the analysis of sentencing decisions

are comparable in magnitude to biases which other researchers have attributed to defendant

and judge race (Ste¤ensmeier and Britt 2001). Contrast e¤ects are also likely to a­ ict a

wide range of sequential decisions not explored in the present analysis. These include hiring

decisions, admissions decisions of colleges, appraisal of investment opportunities, consumer

evaluation of product price and quality, and medical diagnoses of patients. In some of

these settings, even rare evaluative errors may carry high costs.

As a test for contrast-e¤ects in an important consumer goods setting, the Discussion

describes an original survey of several Minnesota o¢ ces of a large national real-estate �rm.

The survey indicates 71% of realtors believe that buyers perceive a home more favorably

3Attractiveness is measured on a 1 to 10 ordered scale by research assistants. Details of the experimental
setup are described in Bhargava and Fisman (2007), as well as in Fisman et al. (2006).
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after viewing a home which is overpriced, in a bad location, or otherwise unattractive.

While rational explanations cannot be ruled out, these responses are consistent with the

existence of contrast e¤ects in the purchasing decisions of homes. Moreover, while the

three empirical settings in this paper feature quasi-random ordering, it is conceivable that

individuals or �rms might strategically exploit awareness of contrasts in non-random set-

tings for pro�t. Indeed, of realtors who believe in contrasts, 47% admit to manipulating

order of home showings so as to increase the likelihood of a purchase. Realtors with higher

(self-reported) sales productivity are marginally more likely to be aware of and to exploit

this bias.

This research is in the spirit of other papers which have discussed how comparative

assessments shape behavioral outcomes (Kahneman and Miller 1986; Koszegi and Rabin

2007). More broadly, it is linked to the literature which examines the in�uence of context

(Tversky and Simonson 1993; Ariely et. al. 2003; Kamenica 2007) as well as biases in

perception on economic decisions. The latter includes research on quasi-Bayesian updating

(Tversky and Kahneman 1971; Rabin and Schrag 1999; Rabin 2002), as well as categorical

biases (Quattrone and Jones 1980; Fryer and Jackson 2007). It is also a part of a small

empirical literature which investigates the role of sequential context in economic decision-

making (Simonson and Tversky 1992; Simonsohn 2006; Simonsohn and Loweinstein 2006).

The remainder of this paper proceeds as follows. The next section describes the back-

ground of the theoretical and empirical research on contrast e¤ects. Section III outlines a

theoretical framework which generates competing predictions for the standard and contrast-

e¤ects models. The following section presents empirical results in the domain of exam

evaluation, and then summarizes empirical evidence in two additional settings of judicial

decisions and romantic dating. Section V outlines alternative explanations, synthesizes the

empirical results and discusses applicability to other domains. The �nal section discusses

policy implications, identi�es directions of future study, and concludes.

2 Background

During the last several years, economists have displayed increasing willingness to incor-

porate �ndings from other disciplines including psychology, neuroscience, social cognition,

and sociology into models of decision-making. One element of this movement has sought

to clarify the e¤ect of cognitive biases on behavior. A cognitive bias not yet subject to

extensive empirical inquiry, despite rich experimental and some theoretical treatment, is

the role of relative assessments in judgment.

A central tenet of social cognition is that judgments are fundamentally comparative.

The innate role of relativity in judgments is underscored by research suggesting that such
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relativity improves the e¢ ciency of cognitive processing, as well as studies arguing that it

cannot be removed through deliberative e¤ort (Friedrich et. al. 1972; Shapiro and Spence

2005; Keil et. al. 2006).

In the case of evaluations or judgments made in sequence, prior exposure to an exemplar

(i.e. a speci�c, extreme example of a judged category), tends to serve as a reference point

from which subsequent assessments of more moderate stimuli, along the same attribute

dimension, are contrasted away.4 Researchers have labeled this systematic enhancement

or diminishing of an assessment due to exposure to a prior exemplar a �contrast e¤ect.�

The original class of experimental studies documenting sequential contrast e¤ects were

psychophysical in nature and demonstrates that subjects systematically overestimate or

underestimate sensory dimensions (e.g. weight, length, and color) of targets after expo-

sure to extreme examples of such targets along the same sensory dimensions (Hood 1950;

Hovland et. al. 1958; Krantz and Campbell 1961). For example, in a study conducted in

1961, researchers �nd that 160 subjects asked to sequentially judge the length, in inches, of

lines from a randomly assigned group of either shorter lines (ranging in length from 6 to 20

inches) or lengthier lines (from 20 to 36 inches) judge a reference line of 20 inches as 35%

(p < :01) longer when in the former as compared to the latter group (Krantz and Campbell

1961). This group of studies indicates that subjects are prone to errors due to sequential

context.

More recently, experimenters have found evidence for contrast e¤ects in sequential as-

sessments of social, as opposed to physical, stimuli. Studies of social judgment have uncov-

ered behavior consistent with contrast e¤ects in the inference of attitudes, assessments of

emotions and happiness, judgments of fairness and criminal guilt, assessments of physical

attractiveness, evaluations of athletic performances, and perceptions of the self (Damisch

2006 et. al.).

In one widely cited study, two confederates walk into male college dormitories either

during or immediately prior to the airing of a popular television series, Charlie�s Angels,

featuring three attractive females. The 81 male students are then asked to rate the at-

tractiveness of a photograph of an average looking female on an ordered scale from 1 to

7. Subjects watching the television program rate the photograph 17% (p < .03) lower

than subjects who had been watching another program earlier in the night. The �ndings

are robust to comparison to control groups who had not been watching television at the

time the show aired, who had not been watching television in the period prior to airing, as

well as subjects who had been watching a di¤erent television program during the period of

airing (Kenrick and Gutierres 1980). Table 1 compares contrast e¤ect sizes found in the

4The reverse of such a phenomenon is labeled an �assimilation e¤ect.� Numerous studies have attempted
to identify the distinguishing features of the situations and stimuli which prompt assimilations as opposed
to contrasts in judgment.
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lab and the �eld for the domains considered in the present research.

Studies of social assessments, however, tend not to implicate the existence of a cognitive

error as convincingly as much of the psychophysical research. In the above examples,

subjects were not incentivized to provide accurate responses. Further, while Krantz and

Campbell instruct subjects to report measurements with a well known metric (i.e. inches),

subjects in social perception research are typically asked to use unfamiliar numerical scales.

In studies which rely on uncommonly de�ned rating scales, the observed e¤ects may be due

not to contrasts in perception, but rather to semantic contrasts in interpretation of the unit

of measure.

Table 1

COMPARISON OF CONTRAST EFFECTS IN THE LAB AND THE FIELD

CONTRAST EFFECT ESTIMATE
(Distortion in Outcome Variable Due to Contrast)

DOMAIN PRIME EXPERIMENTAL RESULT FIELD RESULT

Attractiveness Television Show N = 81, 0.17 X
(Kenrick and Gutierres, Study 1, 1980)

Photographs of Models N = 48, 0.25 X
(Kenrick and Gutierres, Study 2, 1980)

Partners in Speed Dating X N = 3592, .13 to .17
(Bhargava and Fisman 2007)

Exam Evaluation Written Exam X N = 5172, .06 to .12
(Present Analysis)

Judicial Sentencing Criminal Case N = 96, 0.38 N = 1.2 million, .09
(Pepitone and DiNubile, 1976) (Bhargava and Cann 2007)

Notes: Experimental effect sizes are calculated as the change in the outcome variable in the contrast case relative to controls.  In Kenrick and Gutierres,
Study 1, the prime (or trigger for the sequential contrast) is the television show, Charlie's Angels, while the outcome variable is a rating of attractiveness
on an ordered scale from 1 to 7 of a female photograph.  The prime in Study 2 is a female model in an advertisement and the outcome variable is a rating
on the same ordered scale of a yearbook photo of a female.  The effect in the Pepitone and DiNubile study is the change in the recommended prison
sentence for a hypothetical defendent found guilty of assault, preceded by a description of a homicide, as compared to the recommended sentence for a
hypothetical defendent found guilty of assault preceded by a description of another assault.  Subjects are male across all of the studies.  The field results
are distortions relative to baseline decisions (i.e. decision to date in dating, average score in grading, and lenience in judicial sentencing).  The primes in
each of the field examples are single exemplars with the exception of the grading domain where effects are prompted by sequences of three high or low
exams.

Only a handful of studies have examined contrast e¤ects in the �eld. Simonsohn and

Loewenstein (2006), �nd that newly transplanted residents choose to live in apartments

whose rent is linked to the average housing prices of their original city of residence. In a

second study, Simonsohn (2006), using Panel Study of Income Dynamics data, �nds that

individuals who move from one city of residence to another tend to select o¢ ce commuting

times tied to the typical commuting times of the city of origin. Both studies demonstrate a

7



negative relation between a current preference and a prior standard which appears to serve

as a reference point. The key di¤erence between this research and the present analysis is

that the current paper focuses on contrast e¤ects in sequential, high frequency, decisions.

Further, while the authors attempt to control for confounds introduced by selection, the

studies feature sequential choices whose order is not quasi-random.

3 A Model for Sequential Decisions

I describe a sequential decision-making environment with a simple model of signal extrac-

tion. For ease of exposition, I formalize the description in the speci�c context of exam

evaluations where a grader assesses a series of exam questions in succession.5 I �rst outline

a standard model which features a rational decision-maker who cares only about the accu-

racy of evaluations, and forms and update his beliefs about the quality of each target with

Bayes�Rule. A more plausible set of preferences which allows for constraints due to quotas

for high or low evaluations is addressed in the section on model extensions and then more

fully in the Appendix. The Appendix translates the case of sequential decision-making

subject to quotas as a �nite dynamic programming problem and outlines the comparative

statics of interest.

I then introduce a contrast-e¤ects model with a decision-maker subject to relative

perception. This decision-maker misperceives signals, but is unaware of this error, and

Bayesian updates as if she were not making such an error.

The model features three variables of central importance: (i) the intrinsic quality of the

target, (ii) the perceived quality of the target, and (iii) the evaluation which the decision-

maker assigns to the target. The critical comparative statics which emerge from the model

describe the in�uence which a change in these variables in one period have on the perception

and evaluation of a target in a subsequent period.

The transparency of these variables to the econometrician di¤ers across the three empir-

ical contexts. In the context of exam evaluation, one observes only the grade (evaluation)

assigned to an exam. In the data on judicial decisions, the severity (intrinsic quality) of

a crime is observed, as well as the judge�s sentence (evaluation). Finally in the setting of

romantic daters, all three variables� attractiveness (intrinsic quality), perceived attractive-

ness (perceived quality), and a �nal �yes/no�decision to date (evaluation)� are observed.

3.1 The Standard Model

Assume that each exam question to be graded is of some intrinsic quality q. This quality, q,

of an exam can be decomposed into two constituent parts. The �rst, s, is a student-invariant

5Assume that the decision-maker can not reevaluate a past exam.
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component attributable to the quality of the instruction (or instructor). Alternatively,

s can be interpreted as the mean quality level across all targets.6 The value of s is shared

by all students and is drawn from a distribution N(s0; 1=
) with precision 
. A second

component of an exam�s quality is a student-speci�c element,  t, which is independent and

identically distributed, and is drawn from the distribution N(0; 1=� ) with precision � .

The idiosyncratic component can be attributed to the e¤ort, disposition, or perhaps even

luck of each student t, and is what the grader ultimately seeks to map to a grade.

qt =  t + s

It is useful to think of grading as occurring in three steps: (1) an initial assessment

of quality, q ! eq, (2) an inference of the idiosyncratic portion of the exam, eq !  ̂t =

E( t j ~q1; :::; ~qt) based on present and past assessments of exam quality, and �nally (3) an

assignment of a grade,  ̂t ! g. The perceived quality of the exam can be interpreted

as a signal eq of the underlying intrinsic quality. Imagine that the accuracy with which

a decision-maker extracts each signal is a function of expended e¤ort (or attention) et.

Given in�nite e¤ort, a grader could conceivably observe an answer�s true quality such that

qt = eqt. However, assume that expenditure of e¤ort in each period is costly, and since the
main predictions of the model are not sensitive to the allocation of e¤ort, further assume

that e¤ort is �xed.

The perceived quality of an exam answer eqt can then be indicated by:
eqt = qt + "t

where "t � N(0; 1=�") and precision �" = �(et) describes the noise introduced to the

perceived signal.

Once a grader assesses an exam�s overall quality, eqt, she can then infer the idiosyncratic
component of quality,  ̂t. The estimate of  ̂t crucially depends on the grader�s inference,

ŝt = Et(s j ~q1; :::; ~qt), of the systematic component of each score:

 ̂t = E( tj ~q1; :::; ~qt) = ~qt � ŝt

Because the grader learns about this systematic component, s, as she observes each exam,

6 In the context of judicial decisions, one could imagine s to be the average severity of criminal infractions,
within a particular category of charges. Similarly, in the context of speed dating, s could be interpreted as
the average attractiveness of partners in a session.
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one can express the grader�s updated estimate of ŝt through Bayes�rule:

ŝt =
f( ~q1; :::; ~qtj s)f(s)P
~q2 ~Q f(~q1; :::; ~qtj s)f(s)

where the prior distribution of s is given by N(s0; 1=
). Recognizing that  t is distributed

normally, after grading t exams, the above expression implies that the grader estimate of

ŝt, is a convex combination of the prior belief of the mean, s0, and the mean quality of

observed exams ~qt = (�~qt)=t7:

ŝt =




 + �t
s0 +

�t


 + �t
~qt

where 1=� = 1=� +1=�". It can be seen from the above expression, that, for �xed values of


 and �, as more exams are graded, a grader�s best estimate of the systematic component of

each grade is increasingly weighted by the mean of observed signals, ~qt, as compared to the

prior belief of the mean s0. Further, for �xed values of 
 and t, the higher the precision, �,

of the observed scores, the more relative weight is assigned to the mean of perceived signals.

Finally, for �xed values of � and t, the higher the precision, 
, of the decision-maker�s prior

distribution, the more relative weight is assigned to the prior belief of the mean.

The grader relies on this inference of ŝ in order to back out an estimate of the idiosyn-

cratic component of exam quality:

 ̂t = E( t j ~q1; :::; ~qt) = ~qt � [




 + �t
s0 +

�t


 + �t
~qt]

Once a grader estimates the idiosyncratic grading component, she then maps this esti-

mate to a grade,  ̂t ! g. In order to understand the assignment of a grade, one must �rst

specify the preferences of the decision-maker. Consider a decision-maker who has simple

preferences described by the following utility function, again treating e¤ort as �xed across

each period:

U = f(g; ) = �
tX

j=0

(gj �  j)2

The utility function describes a grader motivated by the desire for accuracy as indicated

through the minimization of
Pt

j=0(gj �  j)
2. Here accuracy in a given period is the

squared distance between a grade and the unobserved idiosyncratic exam quality. Utility

is decreasing in the inaccuracy of grading.8

7Note that E(~qt) = E(st) since  ~N(0; � ). The full derivation is provided in the appendix.
8 It is worthwhile to note that the utility as speci�ed doesn�t account for the possibility that a grader

may be pulled to both minimize deviations of evaluations from idiosyncratic scores, as well as to minimize
the di¤erence in such deviations across similar students. For example, a grader who misgrades an early
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The Bayesian then solves the problem: maxfgg�
Pt

j=0(gj �  j)
2 and assigns a series

of grades g1; :::; gt in order to maximize total utility. The result of the maximization is to

set g�j =  ̂j for all j. Proposition 0 describes the relationship between contemporaneous

evaluations, perceived quality, and intrinsic quality. Derivations of all proofs can be found

in the appendix.

Proposition 0 (Contemporaneous E¤ects) For all t, (i) an increase in the intrin-

sic quality of an exam leads to an increase in the perceived quality for that same exam:

@~qt=@qt = 1, (ii) an increase in the intrinsic quality of an exam leads to a higher evaluation

for that same exam: @gt=@qt > 0, and (iii) an increase in the perceived quality of an exam

leads to a higher evaluation for that same exam: @gt=@~qt > 0.

Part (i) of this proposition con�rms the basic intuition that an increase in the underlying

quality of an exam in a given period translates into an increase in the perceived quality

of the same exam. Part (ii) of the proposition notes that an increase in intrinsic quality

should lead to a higher grade for the exam. This occurs because an increase in the

observed score leads to an increase in perceived score, which in turn leads to an increase

in the estimated idiosyncractic score for that period. This increase more than o¤sets the

reduction in estimated score induced through the rise in estimated ŝt. A higher estimate

of the idiosyncratic score maps to a higher evaluation. The �nal claim of the proposition

follows from the reasoning underlying the claim in part (ii).

The broader motivation of the model is to highlight situations in which past perceptions

and evaluations in�uence subsequent evaluations. In the case of the standard model, this

situation arises as a consequence of a grader updating her estimates of the systematic score

ŝ. Proposition 1 and Corollary 1 describe the relationship between past exams and current

evaluations (i.e. the antecedent e¤ect).

Proposition 1 (Bayesian Antecedence - Quality) (i) An increase in the intrinsic
quality of an exam leads to a lower evaluation of the subsequent exam: @gt�k=@qt�k�1 < 0.

The magnitude of this negative in�uence is monotonically decreasing and converges to 0 as

the number of evaluated exams approaches 1: @gt�l=@qt�l�1 < @gt�k=@qt�k�1 < 0 for 0 <

k < l and limt!1 @gt=@qt�1 = 0, and (ii) the in�uence of the intrinsic quality of an exam

on the evaluation of a subsequent exam is not a function of the distance between the exams:

@gt=@qt�k = @gt=@qt�l for all k; l.

exam, due to ignorance of s, may refrain from accurately grading a later exam of identical quality in order
to assign the students similar grades. This is one consequence of the grader�s assumed inability to go back
and regrade. A utility function which better captures this intuition for a decision maker i and exam j is
given by: U = �

Pt
i=0

Pt
j=0[(gi �  i)� (gj �  j)]

2. The key comparative statics should hold under such
a utility function.
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The intuition for Proposition 1 is straightforward. Part (i) suggests that, for the rational

decision-maker, the evaluation of an exam is sensitive to the quality of the prior exam due to

the in�uence which the prior exam has on the estimation of the systematic score. A rise in

a past score raises the estimate of ŝt which then depresses the estimate of the idiosyncratic

score  ̂t. While the estimation of the systematic score is shaped by perceived quality,

any change in intrinsic quality can be translated to an equivalent change in perceived

quality. Because the estimation of ŝt is based on Bayes�Rule, as the number of graded

exams increases and the decision-maker learns the shape of the underlying distribution, the

relative weight on any given exam score monotonically declines. Part (ii) of the proposition

recognizes that since the estimation of ŝt relies on a precision-weighted average of the prior

of s0 and the mean of observed scores ~qt, each contributing past perception ~qj (j < t) has an

identical in�uence on ŝt, as well as the estimate of  ̂t. Importantly, because @~qt=@qt = 1,

the comparative statics with respect to ~qt also hold for qt.

Comparative statics with respect to intrinsic quality are of limited predictive usefulness

for contexts where such quality is not observed. In sequential contexts in which only

evaluations are observed, one might prefer comparative statics with respect to observable

alternatives. Accordingly, Corollary 1 outlines the e¤ects which changes in prior evaluations

have on subsequent evaluations.

Corollary 1 (Bayesian Antecedence - Evaluations) (i) An increase in the evalu-

ation of an exam leads to a lower evaluation of the subsequent exam holding other past

evaluations constant. The magnitude of this negative in�uence is monotonically decreasing

and converges to 0 as the number of evaluated exams approaches 1: @gt�l
@gt�l�1

jgt�i�1;i>l <
@gt�k
@gt�k�1

jgt�i�1;i>k < 0 for k < l, and limt!1
@gt
@gt�1

jgt�i;i>1 = 0, and (ii) the in�uence of

the evaluation of an exam on the evaluation of a subsequent exam, holding other past eval-

uations constant, is not a function of the distance between the exams: @gt
@gt�k

jgt�i;i>k =
@gt
@gt�l

jgt�i;i>l for all k; l.

Note that the analogy between Proposition 1 and Corollary 1 critically relies on whether

the change in a prior evaluation can be isolated to a change in that period�s underlying

exam quality. If evaluations in other past periods are held constant, then the lone channel

through which one grade is able to in�uence a subsequent grade is if there is a shift in the

perceived quality of the prior period exam. Given this �constancy condition,�the intuition

underlying Corollary 1, mirrors the intuition discussed in Proposition 1.

3.2 The Contrast-E¤ects Model

The standard model features a decision-maker whose perception is free of systematic error

and who is subject to simple preferences over accuracy. Such a decision-maker may exhibit

12



antecedent e¤ects, but only in evaluations of early, and not later, exams.

Next I turn to model of contrast e¤ects in perception. A decision-maker in such a

model follows the same three stages of evaluation outlined above. However, errors in

perception, due to contrast e¤ects, appear in the assessment stage, q ! ~qc, where ~qc is the

perceived score in the presence of a contrast. Speci�cally, ~qct depends on the true signal of

the contemporaneous exam, ~qt, as well as a function `(:) of imperfect perception of prior

signals ~qct�1; ~q
c
t�2; ~q

c
t�3... and the transparency of a question �:

9

~q
c

t = f(�; ~qt; ~q
c

t�1; ~q
c

t�2; :::; ~q
c

1) = qt + `(�; ~q
c
t�1; ~q

c
t�2; :::; ~q

c

1) + "t

where �1 < @`=@~qct�k < 0 and @`=@~qt � 0 for k > 0 captures an error in perception

consistent with the notion of a sequential contrast e¤ect. The function ` dictates that a

current signal is perceived in contrast to the preceding signal. A more positive prior signal

more negatively biases the perception of the subsequent signal. The transparency of a

target, � 2 [0; 1], denotes the ease with which targets can be accurately perceived where
� = 1 indicates complete transparency.

The following linear formulation for `(:) captures this negative relationship between

present and past perceptions:

~q
c

t = qt � (1� �)[�1~qct�1 + �2~qct�2 + �3~qct�3 + :::] + "t

A condition of exponential decay, �k = �k1 and 0 < �k < 1 , permits the perception ~q
c

t to be

expressed as a negative function of only the last exam ~q
c

t�1. To understand the intuition

for this, note that 0 < �k < 1 implies that a change in the quality of one exam negatively

in�uences the perceived quality of the subsequent exam. This distortion in the subsequent

perception then negatively in�uences the perceived quality of the next exam, and so on.

Without the imposition of additional restrictions, the original agitation alternates from

negative to positive in�uence on a future exam as it exponentially decays across periods.

The condition, �k = �k1, ensures that, excluding the last period, the direct in�uence of a past

period on the present period o¤sets any indirect in�uence of that exam as earlier contrasts

decay. Conceivably, one could impose additional restrictions so that more distant past

periods might additively, and negatively, in�uence ~q
c

t . This existence condition for streaks

of exams is discussed in the model extensions.

Consistent with psychological theory, the magnitude of the perceptual error is related

to the degree of interpretive discretion permitted in the evaluation (Higgins 1996). A fully

transparent set of evaluations, � = 1 leads to no contrast e¤ect, ~qct = qt + "t. A complete

9One could alternatively express ` as a function of (~qt�1; ~qt�2; ~qt�3:::) as opposed to
(~qct�1; ~q

c
t�2; ~q

c
t�3; :::) without changing any of the key comparative statics. However, the former for-

mulation seems less congruous with the underlying psychology.
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lack of transparency, � = 0, leads to a full contrast ~q
c

t = qt + `(:) + "t.

Critically, while the decision-maker has accurate beliefs over the distribution of  i and

priors identical to his rational counterpart with respect to s, the decision-maker believes the

perceived signal is entirely attributable to the contemporaneous exam� that is, she believes

that eqct = eqt. The decision-maker therefore infers the systematic component of the score

by calculating ŝct = Et(s j ~qc1; :::; ~qct ):

ŝct =




 + �t
s0 +

�t


 + �t
~qct

It follows that the idiosyncratic score of each student can be estimated by  ̂
c

t = ~qct � ŝct .

With this estimate in hand, the decision-maker subject to perceptual errors chooses a

series of grades gc1; :::; g
c
t to solve the following problem: maxfgcg�

Pt
j=0(g

c
j �  j)

2. The

result of the maximization is to set gc�j =  ̂
c

j for all j. The interpretation of the contrast-

e¤ects model with respect to the relationship between intrinsic quality, perceived quality and

assigned grades in the contemporaneous period is analogous that described in Propositon

0.

A number of more useful comparative statics describe the relationship between intrinsic

quality and evaluations across periods. The central prediction is that a contrast e¤ect

results in a negative relationship between a prior period�s quality and the present evaluation.

This relationship does not disappear as the number of evaluated exams increases, and decays

as the intervening distance between the periods grows. Proposition 2 formalizes the claim.

Proposition 2 (Contrast E¤ects - Quality) (i) For all t, and � < 1, the perceived qual-
ity of an exam is negatively related to the intrinsic quality of the prior exam: @~qct=@q

c
t�1 < 0,

(ii) for all t, and � < 1, the in�uence of the intrinsic quality of an exam on the subse-

quent evaluation is negative: @gct=@qt�1 < 0, (iii) for all t, and � < 1, the in�uence

of the intrinsic quality of an exam on a subsequent evaluation is negatively related to the

distance between the exams:
��� @gct
@qt�k

��� � ��� @gct@qt�l

��� for all 0 < k < l, and (iv) the contrast

e¤ect with respect to perception and evaluation fades as exams approach full transparency:

lim�!1 @~qct=@q
c
t�1 = 0;and for large t, lim�!1;t!1 @gct=@qt�1 < 0.

While Part (i) of the proposition follows directly from de�nition of the contrast e¤ect,

a simple decomposition helps to illuminate the intuition for the remaining claims. For the

decision-maker subject to contrasts, assuming evaluations are not fully transparent, a past

exam in�uences a current exam through two channels. The �rst is the exam�s in�uence

on the perceived quality of a subsequent exam as de�ned by the function `. The second is

the exam�s contribution to learned estimates of the systematic score.
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Now the intuition for Part (ii) of the proposition is straightforward. The quality

of the immediately prior exam negatively in�uences the current perception, and leads to a

downward estimate of subsequent exams due to an increase in the estimate of the systematic

score ŝc. The two e¤ects coincide to produce a negative relationship across periods.

Part (iii) of the proposition notes that the intrinsic quality of a proximal past exam�

speci�cally the exam at period (t�1)� has greater in�uence on the current period evaluation
than the intrinsic quality of a more distant past exam. The intuition for this claim is

analogous to that outlined for Part (ii). Present and past exams are negatively related due

to both learning� as well as in the case of the last period�s exam� contrast e¤ects. Since

the contrast e¤ect fully decays after one period, however, an immediately prior exam exerts

a stronger in�uence than other past exams. The �nal part of the proposition speaks to the

dilution of the contrast e¤ect as the transparency of an exam increases.

As before, it is useful to recast the comparative statics above in terms of an observed

variable. Corrolary 2 restates the comparative statics with respect to changes in evaluations

rather than intrinsic quality.

Corollary 2 (Contrast E¤ects �Evaluations) (i) For all t, the in�uence of an eval-

uation on the subsequent evaluation, holding other past evaluations constant, is negative:
@gct
@gct�1

jgct�i;i>1 < 0, (ii) for all t, and � < 1, the in�uence of an evaluation on a subsequent
evaluation, holding other past evaluations constant, is negatively related to the distance

between the exams:
��� @gct
@gct�k

���
gct�i;i>k

�
��� @gct@gct�l

���
gct�i;i>l

for 0 < k < l, and (iii) for large t,

the in�uence of an evaluation on the subsequent evaluation, holding other past evaluations

constant, fades as exams approach full transparency: lim�!1
@gct
@gct�1

jgct�i;i>1 = 0.

The intuition for the link between Proposition 2 and Corollary 2 follows from the same

assumption of constancy in evaluations which characterized Corollary 1. When other, past

evaluations are held constant, then only a perturbation in contemporaneous quality can

generate a change in an evaluation.

3.3 Extensions

Quota Constraints for High or Low Evaluations. It is plausible that a decision-maker
is constrained in the number of high or low evaluations which she can assign. Consider for

example a grader interested in limiting the number of As so as to be able to create variation

through which to distinguish students. This grader may desire to limit the number of high

grades independent of any concern for accuracy. The Appendix adapts the standard model

to characterize such a decision-maker with a more realistic set of preferences that re�ects

possible evaluative constraints. The situation is modeled as a dynamic programming
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problem where a decision-maker assigns each grade sequentially by adhering to a policy

rule which is a function of the estimated idiosyncratic score in each period and a state

variable which is equal to the number of high grades assigned. Such preferences might

readily describe decisions in broader contexts such as judicial sentencing or dating.

A �rst comparative static that emerges from the model is that evaluations are (weakly)

negatively correlated across periods. This negative relationship arises either from the

standard story of learning documented above, or from the presence of the quota constraint.

In the event that such a constraint is not binding, the grader assigns a high grade only

if it is su¢ ciently above the threshold so as to warrant the loss of freedom to assign a

future high grade less the current period penalty due to loss in accuracy. The functional

threshold above which a score must reach in order for the grader to assign the high grade

in a given period is a positive function of the number of previously assigned high grades.

A high grade in the last period consequently prompts a subsequently lower current period

evaluation. Once the constraint binds, then there may be zero correlation across periods.

The key intuition produced from the dynamic programming exercise is that the pre-

diction of decay (Prediction 3) from the contrast-e¤ects model still serves to di¤erentiate

rational from non-standard behavior. This is true because while the decision rule of the

grader may be a function of the state variable� the number of past high grades� and the

estimated idiosyncratic score, it is invariant to the order in which such grades were earned.

Because graders do not di¤erentially treat proximal and more distant exams, even in the

presence of quotas, the in�uence of a particular evaluation on a future evaluation should

not be a function of the intervening distance between the periods.

An Existence Condition for Streaks. The lag structure, �k = �k1, ensures that

the perception of the current exam score is subject to a contrast e¤ect only through the

exam in the last period. However, one could specify a lag structure which would allow

for additive e¤ects across exams over several past periods. Such a pattern of parameters

would permit stronger contrast e¤ects after a sequence of high or low exams as compared

to contrasts triggered by a single high or low exam. The possibility that sequences of high

or low targets are important for triggering measurable contrasts is critical to the empirical

analysis presented below.

To see that such a lag structure exists, �rst assume, without loss of generality, that

� = 0. Note that one can exploit the recursive nature of ~q
c

t to rewrite f~q
c

t = ~qt � �1~qt�1 �
(�2��21)~qt�2�(�3�2�1�2+�31)~qt�3 �(�4�2�1�3+3�21�2��22��41)~qt�4� :::g. This expanded
expression illustrates that so long as �1 > 0, one can de�ne each subsequent �k to produce a

positive net coe¢ cient value for each ~qt�k. One can iteratively set �2 > �22, �3 > 2�1�2��31,
and so forth for each �k to ensure that the net contrast e¤ect with respect to past exams is

additive across periods.
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4 Empirical Evidence

Examples of sequential decision-making in the �eld are not di¢ cult to �nd. However,

examples which allow for clean empirical identi�cation are more rare. This section eval-

uates three distinct environments which both involve decisions made in sequence, and are

amenable to empirical scrutiny. A �rst and primary focus of the analysis tests for contrast

e¤ects in the evaluation of student exams from a large undergraduate course. Additionally,

evidence is summarized from two other domains. These include non-criminal sentencing

decisions of judges in Pennsylvania courts and assessments of physical attractiveness in a

structured dating environment (Bhargava and Cann 2007; Bhargava and Fisman 2007).

As an organizing framework for the empirical analysis, �ve sets of testable empirical

predictions� emerging from the theoretical model� are enumerated below. Broadly, the

empirical strategy consists of demonstrating that prior targets negatively in�uence sub-

sequent evaluations (Prediction 2), and then ruling out possible alternative explanations

which may have emerged from a set of rational preferences and Bayesian updating (Pre-

dictions 3 and 4). Prediction 5 notes that questions which allow for little interpretive

discretion should elicit no contrast e¤ects. This serves as a placebo of sorts. The predic-

tions concerning contemporaneous period behavior (Prediction 1) serve to corroborate the

basic assumptions of the model. These predictions are outlined below:

Prediction 1: Contemporaneous E¤ect (S & CE).
An increase in the intrinsic quality of a target leads to a higher evaluation for the same

target (@gt@qt
> 0 ;@g

c
t

@qt
> 0).

Prediction 2: Antecedent E¤ect (S & CE).
An increase in the intrinsic quality (or evaluation) of a target leads to a lower evaluation

of the subsequent target ( @gt
@qt�1

< 0, @gt@gt�1
< 0;

@gct
@qt�1

< 0, @g
c
t

@gct�1
< 0).

Prediction 3: Contrast E¤ect - Decay (CE).
The in�uence of the intrinsic quality (or evaluation) of a target on a subsequent target

is negatively related to the intervening distance between the exams.

(
��� @gct
@qt�k

��� > ��� @gct@qt�l

��� ; ��� @gct
@gct�k

���
gct�i;i > k

>
��� @gct@gct�l

���
gct�i;i > l

for 0 < k < l).

Prediction 4: Contrast E¤ect - Experience (CE).
The antecedent e¤ect does not diminish as more exams are evaluated (limt!1

@gct
@qt�1

6= 0,
limt!1

@gct
@gct�1

j
gc
t�i;i > 1

6= 0).

Prediction 5: Contrast E¤ect - Transparency (CE).
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The contrast e¤ect disappears for questions which do not allow for interpretive discretion

(lim�!1;t!1
@gct
@gct�1

j
gc
t�i;i>1

= 0).

Identi�cation Strategy and Assumptions. The aim of the empirical analysis

is to estimate the causal e¤ect which past evaluations, or perceptions, have on subsequent

decisions and to establish whether such an e¤ect is consistent with the features of a contrast

e¤ect re�ected by the model. The basic empirical strategy involves a dynamic linear panel

data model of the following generic form:

yi;t = �+ �xi;t�1 + 
xi;t + �i + "i;t

where i indexes a decision-maker, and t indexes the evaluation period for t = f1; :::; tg.
The outcome variable yi;t refers to the period speci�c evaluation, xi;t is a vector of con-

temporaneous explanatory variables, and �i represents �xed e¤ects meant to account for

time-constant, person speci�c variation. xi;t�1 represents a past period covariate that

triggers a contrast e¤ect. As such, it can indicate a past period evaluation, in which

case xi;t�1 = yi;t�1. � is the parameter of interest and indicates the marginal e¤ect,

@yi;t=@xi;t�1, of the prior period covariate on the contemporaneous evaluation. "i;t is an

idiosyncratic error term. The presence of decision-maker �xed e¤ects, �i, ensures that the

e¤ect is estimated within rather than across individuals.

The condition which permits the identi�cation of � is that of sequential exogeneity

conditional on �i:

E("i;tj xi;1; xi;2:::; xi;t; �i) = 0 for t = f1; :::; tg

The contemporaneous error is uncorrelated with past or present covariates. The presence

of a lagged dependent variable or covariate as an explanatory variable, as well as the as-

sumption of correlation between the time-invariant �i with the time-varying xi;t, precludes

a stronger assumption of exogeneity. The weaker assumption of exogeneity above is con-

sistent with features of the empirical data. In each of the contexts, the assumption of the

conditional randomness of evaluated targets is defended, and when possible, demonstrated.

With this weak assumption of exogeneity, the parameter of interest � can be estimated

with a �xed e¤ects estimator through a pooled OLS regression. This empirical strategy is

implemented in the domain of exam evaluation below.

4.1 Exam Evaluation

Research Design. The primary focus of the empirical analysis involves a set of exams

evaluated by graduate student instructors during four semesters of an introductory eco-
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nomics course at Berkeley from 2002 to 2005. The data includes scores for each question of

the �nal exam, composite scores for 4 to 6 problem sets (PSs) and 2 midterm exams, as well

as a �nal grade for each of the 275 to 300 students enrolled per semester. A de�ning feature

of the research design is that prior to evaluation, the �nal exams are sorted alphabetically,

separated into the 6 to 9 constituent questions, and then handed o¤ to the �ve student

instructors who are each responsible for evaluating 1-2 stacks of ordered questions. The

�nal exam questions consist of short answer analytic problems, brief essays, and a series of

multiple choice questions (MCQs).

The data constitutes an ideal environment from which to test for contrast e¤ects. Eval-

uations are observed and are made sequentially in a (presumably) known, quasi-random,

alphabetical order. If any graders do grade in reverse alphabetical order, the estimated

e¤ects would be downward biased. The data also permits explicit controls for student

ability through non-systematically ordered or deterministically graded scoring components

such as problem sets and multiple choice questions. Finally, the variation in question type

allows for tests of transparency. Appendix Table 1 summarizes key elements of the data.

Random Ordering. Ensuring that the exam quality is conditionally random is impor-
tant so as to avoid the possibility that unobserved heterogeneity might confound estimates

of antecedence or contrasts. For example, one could imagine positive autocorrelation in

ability across alphabetical order due to ethnic clustering of surnames. While the presence

of positive autocorrelation would downward bias estimates of contrasts, negative autocor-

relation in ability could generate spurious evidence for the e¤ect of interest.

Accordingly, this data lends itself to a natural control, problem sets, which one can

exploit as a test for random ordering. Problem sets, unlike �nal exams, are (presumably)

not alphabetized before grading, and are evaluated by a collection of student instructors�

determined by a student�s assigned section� as opposed to a single instructor. While ruling

out systematic patterns across alphabetical order in problem set scores does not ensure that

ability is necessarily random, it does suggest such randomness.

A formal test for randomness in observable quality across alphabetical order takes the

following form:

PS Scores;t = �+
X

�iPS Scores;t�i + �s + "s;t

where PS Scores;t indicates the PS score in semester s for student t where students within

a semester are ordered alphabetically. Fixed e¤ects control for semester speci�c variation.

The speci�cation is meant to replicate later analysis on �nal exam scores. The later

analysis, however, relies in part on a restricted sample as well as more restrictive de�nitions

of exemplars. Due to the small sample size permitted by a single data point for each

student, an analysis of PS scores cannot completely parallel the analysis of exams.10

10Estimating the same model for the restricted sample can be done for the lag speci�cation, as well as
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Table 2

TEST OF RANDOMNESS IN GRADING ORDER

DEPENDENT VARIABLE - PROBLEM SET QUESTIONS (OLS)

FULL SAMPLE
LAGS LOW EXEMPLAR HIGH EXEMPLAR LOW EXEMPLAR HIGH EXEMPLAR

Two Exams Three Exams

(1) (2) (3) (4) (5) (6) (7) (8) (9)

-0.024
(0.030)

-0.001
(0.030)

0.002
(0.030)

0.491 0.437 -0.227 -0.311
(0.910) (0.910) (1.930) (1.930)

-0.849 -1.630
(0.860) (1.280)

-1.004 -1.052 0.643 0.661
(1.000) (1.010) (3.660) (3.660)

-1.139 1.594
(0.910) (1.290)

Treatment Size 65 134 53 102 16 55 6 21

N = 1127 N = 1131 N = 1131 N = 1131 N = 1131 N = 1127 N = 1127 N = 1127 N = 1127

0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.01

Score < 25%

Score < 35%

Score > 80%

Score > 70%

R2

N

Notes: The dependent variable is the total score across all problem sets in the semester for each student.  The first column presents results of an OLS regression
of problem set scores on lagged scores for the prior three students by alphabetical order.  The next four columns provide results of an OLS regression of
problem set scores on a dummy variable indicating that the prior two scores are both either low or high exemplars.  Low exemplars are scores falling in the left
tail of the distribution for the semester, while high exemplars are exams falling in the right tail of the distribution.  The final four columns provide results for the
estimation of an analagous model but with a dummy variable indicating the presence of a streak of three high or low exemplar scores.  Fixed effects control for
semester specific variation.  Standard errors are robust.

Lag PS

Lag PS

Lag PS

Lag PS

PS Score - Lag 1

PS Score - Lag 2

PS Score - Lag 3

* significant at 10%; ** significant at 5%; *** significant at 1%

The �rst column of Table 2 reports the result of the above estimation using OLS. An F-

test fails to reject the null hypothesis of no autocorrelation in exam quality across the three

lagged problem set scores (F = .17, p =.68). Given that the subsequent analysis focuses

on the in�uence of high and low scoring past exams (�exemplars�), as well as the in�uence

of streaks of such exams, the next several columns in the table tests for random ordering

after streaks of high scoring problem sets (i.e. exams falling in the upper 80th%-tile, or

70th%-tile of scores for that semester) or low scoring problem sets (i.e. exams falling in the

for the exemplar streaks of two exams. These results provide similar, but far more imprecise, evidence
compared to that reported in Table 2. The estimation on the restricted sample cannot be meaningfully
completed for exemplar streaks of three exams due to the limited sample.
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lower 25th%-tile, or 35th%-tile of scores for that semester). The asymmetry in thresholds

used to de�ne �high�and �low�exemplars is due to the asymmetry in the occurrence of

streaks of such exemplars.11

The table o¤ers no signi�cant evidence for negative correlation in problem set scores

across the alphabet. Columns 2 to 5 suggest modest negative, but insigni�cant, levels of

correlation after exemplar streaks of two exams. However, Columns 6 to 9 suggest modest,

and insigni�cant, positive correlation in ability after both high and low scoring streaks of

three exams. The estimated coe¢ cients are small relative to the average problem set score

of about 40. A later analysis of multiple choice questions both serves as a second test of

random order, as well as a test of transparency.

Antecedent E¤ects �Lags. An essential, but not su¢ cient, indication that graders
are subject to contrasts in the evaluation of �nal exams is the existence of an antecedent

e¤ect (Prediction 1). Given that perceived and intrinsic quality is not observable in this

setting, the following panel model tests for the in�uence of lagged evaluations on the scoring

of subsequent exams:

Finals;t;q = �+
X

�i(Final)s;t�i;q +
X


mAbility
m
s;t + �sq + "s;t;q (1)

where Finals;t;q indicates the score in semester s of student t for �nal exam question q.

Finals;t�i;q indicates the score of the ith lagged exam. Fixed e¤ects for each question

are included to control for question speci�c variation in scoring. Meanwhile,
P
Abilityms;t

represents a set of proxies for student ability and is estimated by the student score on the

MCQs, PS as well as a student�s composite score on the midterms.12 Standard errors are

clustered at the level of each question (s x q).

Column 1 of Table 3 reports results of an OLS estimation for all exams and o¤ers no

evidence for antecedence. An F-test of the joint in�uence of the lagged scores (F = .40, p

= .75) is insigni�cant.

Antecedent E¤ects �Exemplars. The lack of a parametric link between current
and lagged exam scores does not signal the absence of an antecedent e¤ect. It is possible

that such e¤ects are elicited only after an extreme exam, or streak of such exams. The

estimation of the equation below explores the possibility that contrast e¤ects are triggered

by recent exposure to exemplars:

11For most questions, there is greater density on the right tail of the scoring distribution than the left
tail. As such, in order to roughly equate the size of high and low streaks, the streaks are de�ned with
asymmetric thresholds.
12Potentially the midterm is subject to contrast e¤ects as well. Using the total midterm score across

7 to 10 questions in each of two midterms should not bias the estimate signi�cantly. Estimating the
equation without the midterm scores as a control does not qualitatively alter the results, but does increase
the standard errors.
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Finals;t;q = �+ �DF;k;n
s;t�1;q +

X

mAbilitys;t;m + �sq + "s;t;q (2)

where a dummy variable DF;k;n
s;t�1;q indicates that the prior n exam scores fall either above

or below the kth� de�ned as the 80th or 25th� percentile for a given question. This

speci�cation more �exibly allows for a link between current and past exam scores.13

Table 3

ANTECEDENT EFFECTS IN GRADING FOR SINGLE EXAMS AND STREAKS

DEPENDENT VARIABLE - EXAM SCORE (OLS)

FULL SAMPLE RESTRICTED SAMPLE (ORDER > 100)
LAGS EXEMPLARS EXEMPLARS

SINGLE EXAM SINGLE EXAM STREAKS
Two Exams Three Exams

(1) (2) (3) (4) (5) (6) (7) (8) (9)

0.003
(0.011)

0.006
(0.009)

-0.004
(0.018)

-0.037 0.164 0.308 1.265***
(0.120) (0.180) (0.280) (0.316)

-0.069 -0.195 -0.285 -0.410
(0.091) (0.100) (0.195) (0.306)

N = 7888 N = 7971 N = 7971 N = 5172 N = 5172 N = 5172 N = 5172 N = 5172 N = 5172

0.65 0.65 0.65 0.66 0.66 0.66 0.66 0.66 0.66

Exam Score - Lag 2

Exam Score - Lag 3

Exam Score - Lag 1

Lag Exam

* significant at 10%; ** significant at 5%; *** significant at 1%

R2

N

Notes: The dependent variable is the score for a single question of the final exam for each student.  The first column presents results of an OLS regression
of exam scores on lagged scores for the prior three students graded.  The next two columns provide results of an OLS regression of exam scores on a dummy
variable indicating that the prior score is either a low or high exemplar.  Low exemplars are scores falling in the left tail ( < 25%-tile) of the distribution for
the question, while high exemplars are exams falling in the right tail ( > 80%-tile) of the distribution.  Columns 4 and 5 provide results of the estimation of
an analagous model but estimated on a restricted sample which excludes the first 100 exams.  The final four columns report results of an estimation of
exemplar streaks of two and three exams for the restricted sample.  Fixed effects control for question specific variation across all specifications.  Standard
errors are robust and clustered at the question level.

Lag Exam

Score < 25%

Score > 80%

With exemplar exams de�ned as speci�ed, an antecedent e¤ect would be indicated by

a negative point estimate for the lagged high exemplar and a positive point estimate for
13At �rst glance, this estimation strategy may seem to su¤er from a bias due to �sampling without

replacement.� However, while such an estimation is biased for very small samples, for larger samples, the
bias is negligible. To see this, note that after a low scoring exam, the next exam can be low scoring as well.
Simulations which demonstrate the absence of a measurable bias, unreported here, are available from the
author.
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the lagged low exemplar. For example, if a past exam is high, then a grader subject to

misperception would perceive the subsequent exam to be contrasted downwards. While

Columns 2 and 3 do not suggest an e¤ect for either single high or low exemplars, the

remaining set of columns estimate the model after restricting the sample by excluding early

exams. One possibility why later, but not early, exams may be subject to contrast e¤ects is

that grader fatigue sets in after several exams and leads to a higher likelihood of perceptual

errors. A second possibility is that the distribution of exemplars is such that the estimation

of later exams has more power than that of the full set of exams. As such, subsequent

estimations focus only on the restricted sample of exams.

The results of Columns 4 and 5 are more suggestive of an antecedent e¤ect consistent

with contrasts for either a single high or low exemplar, but are not signi�cant. It is

conceivable, however, that contrast e¤ects are elicited only after a streak of exemplars.

For instance, a grader who has evaluated a series of poor exams may be more likely to

misperceive a subsequent exam due to contrast than the grader who has faced only a single

poor exam. The section on model extensions discusses how the model could be adapted

to account for additive antecedent e¤ects across periods.

The �nal four columns of Table 3 explore the e¤ect of exemplar streaks. The columns

report the estimation of Equation 2 with a dummy variable indicating that the most recent

two or three exams are above or below the given threshold. The monotonic rise in the

size of the estimated coe¢ cients across the last six columns suggests that the antecedent

e¤ect is additive across streaks of exemplars. Column 8 indicates that an exam following a

streak of three poor exams, for example, elicits a score 1.3 points higher than that predicted

by ability. The estimate represents an 8% rise relative to the average score of a question

(16.4), and is about 18% of the standard deviation for an average question. Coe¢ cients

for low exemplar streaks are in the expected direction and are monotonically increasing in

magnitude as well, but are smaller and not signi�cant.

The lack of statistical signi�cance for many of the estimates of Table 3 may be partially

due to the small incidence of streaks of 2 or 3 exams, as well as to the unrestricted de�nition

of exemplars. Table 4 explores the in�uence of a streak of three exemplars after varying

the levels of threshold restrictiveness. The �rst three columns estimate antecedent e¤ects

triggered by streaks of low exemplars. Column 1 reports that an exam following a streak

of scores in the bottom 15% percent of the scoring distribution elicits a 2.0 point rise above

that predicted by proxies for ability. This represents an added lenience of about 13%

relative to the baseline score. Columns 2 and 3 suggest that the e¤ect of lesser exemplar

streaks� that is a series of exams below the 25 or 35 percentile, exclusive of the already

accounted for streaks� also produce higher lenience but of more moderate size.

Conversely, the last three columns of Table 4 report e¤ects elicited by streaks of high
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exemplars. Column 4 reports that an exam following a streak of scores in the upper 10%

of the scoring distribution produces a 1.0 point grade loss relative to that predicted by

student ability. This represents a 6% distortion relative to the mean exam. The �nal two

columns point to modest or no e¤ect for lesser exemplar streaks� that is exams above the

80th or 70th percentile exclusive of already accounted for streaks. The treatment sizes at

the bottom of the table mark the rarity with which exams are preceded by streaks of the

identi�ed nature. Table 4 o¤ers evidence consistent with a contrast e¤ect, but the e¤ect

is limited to the small sample of exams that follow streaks of very high and low exemplars.

Table 4

ANTECEDENT EFFECTS IN GRADING FOR EXEMPLAR STREAKS OF THREE EXAMS

DEPENDENT VARIABLE - EXAM SCORE (OLS)

RESTRICTED SAMPLE
LOW EXEMPLARS HIGH EXEMPLARS

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

2.035*** 2.043*** 2.056***
(0.660) (0.660) (0.650)

0.825* 0.838*
(0.450) (0.450)

0.467
(0.330)

-1.045* -1.047* -1.037*
(0.570) (0.570) (0.570)

-0.195 -0.189
(0.390) (0.390)

0.432
(0.330)

21 58 188 36 138 355

N = 5172 N = 5172 N = 5172 N = 5172 N = 5172 N = 5172

0.66 0.66 0.66 0.66 0.66 0.66

Score > 90%

Score > 80%

Score > 70%

Lag Exam

Lag Exam

Lag Exam

Lag Exam
Score < 15%

Score < 25%

Score < 35%

Lag Exam

Lag Exam

Treatment Size

* significant at 10%; ** significant at 5%; *** significant at 1%

R2

N

Notes: The dependent variable is the score for a single question of the final exam for each student.  The six columns
present results of an OLS regression of exam scores on a dummy variable indicating that the prior three scores are all either
low or high exemplars.  Low exemplars are scores falling in the left tail of the distribution for the question, while high
exemplars are exams falling in the right tail of the distribution.  Each estimation relies on a restricted sample which excludes
the first 100 exams.  Fixed effects control for question specific variation across all specifications.  Standard errors are robust
and clustered at the question level.

Figure 1 graphically compares the direction and magnitude of antecedent e¤ects across

exam order for high and low exemplar streaks. The �gure plots the residuals estimated

from Equation 2 after excluding the exemplar dummy variable for all exams which follow

a streak of exemplars. Exams preceded by low scoring exams generally produce positive
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residuals, while exams preceded by high scoring exams generally produce negative residuals.

Importantly, the spread of the residuals does not diminish, and may actually increase, as

more exams are graded. This is evidence against the possibility that learning is fully

responsible for generating these e¤ects.

Figure 1, Unexplained Residual After Streaks of Three High
(>90%-tile) or Low (<15%-tile) Exams across Rounds
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Figure 1, Unexplained Residual After Streaks of Three High
(>90%-tile) or Low (<15%-tile) Exams across Rounds
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Placebo Check and Test of Decay. A concern in this analysis is that serial

correlation across periods may result in spurious rejection of the null hypothesis of no e¤ect.

Figures 2 and 3 provide a non-parametric test of the hypothesis that � = 0 for streaks of

either low or high exemplars in Equation 2.14 A �rst step in this approach is to estimate

placebo regressions generated by constructing placebo streaks of exemplars. For example,

Column 1 of Table 4 reports the coe¢ cient estimate of � for a low scoring exam streak

stretching across periods (t-1), (t-2) and (t-3). One could estimate the same equation,

but with a dummy variable instead indicating a placebo streak of low exemplars stretching

across periods (t-2), (t-3), and (t-4). Denote this estimate of the new dummy variable b�p.
This procedure can be repeated nearly 100 times by estimating Equation 2 with streaks

stretching back to periods (t-98), (t-99), and (t-100). These coe¢ cient estimates should

not be systematically positive since such distant exemplar streaks should not in�uence the

current evaluation. The number of placebo estimates is constrained by the number of

14This non-parametric approach is inspired by that followed by Bertrand et al. (2002) in their analysis of
double di¤erence estimates. Another implementation of the method can be found in Chetty, Looney, and
Kroft (2007).

25



available lags given the sample is restricted to exclude the �rst 100 observations.
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Figure 2, Distribution of Placebo Coefficients for Low
Streaks (< 15%-tile)
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Figure 2, Distribution of Placebo Coefficients for Low
Streaks (< 15%-tile)
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Figure 2 plots the distribution of placebo estimates fb�pg in the sample for streaks of
low exemplars (de�ned as a streak of three scores in the bottom 15%-tile). The resulting

empirical CDF provides a visual test of the hypothesis that � = 0. The CDF resembles a

normal distribution which implies that the parametric assumptions underlying the t-tests

in Table 4 are reasonable. The non-parametric test allows one to reject the hypothesis of

no e¤ect (p = :02).

Figure 3 displays the analogous distribution of placebo estimates for streaks of high

exemplars (de�ned as a streak of three scores in the upper 10%-tile). The empirical CDF

rejects the hypothesis that � = 0 for such streaks but with less precision (p = :12). The

large p-value for this non-parametric test is not surprising given that this test is likely to

have considerable less power than the corresponding t-test. Nevertheless, for streaks of

both low and high exemplars, the results of the placebo analysis are consistent with the

�ndings of Table 4.

Figures 2 and 3 also provide evidence that the antecedent e¤ect decays over time. The

presence of decay implies that the observed �ndings cannot be explained through standard

rational explanations. Evidence for decay is discussed further below.

Contrast E¤ects. The antecedent e¤ects found above are consistent with contrast

e¤ects as well as alternative explanations emerging from rational preferences� including

the possible existence of a quota for high and low evaluations� and updating. Predictions

3 (Decay), 4 (Experience) and 5 (Transparency) o¤er tests through which to di¤erentiate
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High Streaks (> 90%-tile)
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between these explanations. Speci�cally, the �rst of these predicts that for the contrast-

e¤ects model, the antecedent e¤ect should decay as the intervening distance between the

current and prior exam increases. This prediction is born out by Figures 2 and 3. In

Figure 2, only one of the 100 lagged streaks of low exemplars is associated with a higher

coe¢ cient estimate than the original streak estimated in Table 4. This implies a decay in

the in�uence of the streak as the intervening distance between current exam and the end

of the streak grows. Though less stark, the same interpretation applies to Figure 3. It is

worth noting that the coe¢ cient estimate for the �rst lagged streak (i.e. a streak stretching

from exams (t-2), (t-3), and (t-4)) for both high and low exemplars suggests an immediate

partial decay (low streaks: b�lag1 = :10, high streaks: b�lag1 = �:80).
Prediction 4 claims that, for a decision-maker subject to contrasts, the antecedent e¤ect

will not disappear as the decision-maker accrues experience. The above estimations, in

highlighting the strength of the antecedent e¤ect in later, as opposed to earlier, exams,

o¤ers one piece of evidence consistent with the prediction. Figure 1 provides additional,

visual, support for the prediction.

Finally, Prediction 5 holds that transparent questions, which permit little grading sub-

jectivity, should not elicit contrasts. It is, however, di¢ cult to categorize �nal exam

questions by the degree of evaluative transparency. One clearly demarcated category of

questions is the set of multiple choice questions on each �nal exam. Table 5 replicates

the analysis reported in Table 3 but for multiple choice questions where Abilitys;t;m now
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includes only midterm and problem set scores. As with problem sets, the sample size

is limited since each student has only one MCQ score, so the model is estimated for the

full set of exams. The table reports estimated coe¢ cients for lagged scores, high and low

exemplars, as well as streaks of exemplars. Table 5 provides no consistent evidence for

contrast e¤ects in the grading of multiple choice questions. Analagous estimates for the

restricted sample of exams (unreported here) are imprecise, as they are based on a small

number of exemplar streaks, but similarly do not support the existence of contrasts.

Table 5

CONTRAST EFFECTS FOR TRANSPARENT GRADING

DEPENDENT VARIABLE - MULTIPLE CHOICE QUESTIONS (OLS)

FULL SAMPLE FULL SAMPLE
LAGS EXEMPLARS

Single Exam Two Exams Three Exams

(1) (2) (3) (4) (5) (6) (7)

0.031
(0.032)

0.0536*
(0.031)

0.012
(0.031)

-0.149 0.220 -0.316
(0.350) (0.790) (0.600)

0.327 0.212 0.392
(0.310) (0.530) (0.950)

N = 1127 N = 1138 N = 1138 N = 1131 N = 1131 N = 1127 N = 1127

0.14 0.48 0.48 0.48 0.48 0.48 0.48

Lag MCQ

* significant at 10%; ** significant at 5%; *** significant at 1%

R2

N

Notes: The dependent variable is the score for the multiple choice questions (MCQ) of the final exam for each student.  The first column presents
results of an OLS regression of MCQ scores on lagged scores for the prior three students graded.  The next two columns provide results of an OLS
regression of MCQ scores on a dummy variable indicating that the prior score is either below or above a low or high exemplar.  Low exemplars are
scores falling in the left tail ( < 25%-tile) of the distribution for the question, while high exemplars are exams falling in the right tail ( > 80%-tile)
of the distribution.  The final four columns report results of an estimation of exemplar streaks of two and three exams for the full sample.  Fixed
effects control for semester specific variation across all specifications.  Standard errors are robust.

Lag MCQ

Score < 25%

Score > 80%

MCQ Score - Lag 2

MCQ Score - Lag 3

MCQ Score - Lag 1

Distortion of Final Grades. If contrast e¤ects do exist, how do such biases a¤ect

students? Table 6 calculates the number of distorted grades produced by biases implied

by the above estimates for exemplar streaks of varying restrictiveness. The grades are

recalculated using the precise algorithm used in the course after correcting for the estimated

contrast e¤ects for those exam questions following exemplar streaks.15 The net e¤ect is

15The (highly conscientious) instructor for the course generates a composite score for each student by
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that the contrast e¤ects distort grades for 1-2 percent of students (e.g. from a B to a B+).

The incidence of these grade distortions fall largely on students in the middle to upper

range of the grading distribution.

Table 6

INFLUENCE OF CONTRAST EFFECTS ON STUDENTS

SCENARIO 1 SCENARIO 2
( > 90% , < 15% ) ( > 80% , < 25% )

(+2.0, -1.0 ) (+1.3, -.4 )

42 142

31 108

1.4% 2.4%

12 (6 up, 6 down) 17 (11 up, 6 down)

12 to 20 students (~1-2% of students)

4 As, 5 Bs, 3 Cs 7 As, 6 Bs, 4 CsIncidence of Distortion:

Questions Influenced:

Students Influenced:

Average Score Shift:

Total Grade Distortion:

When interpreting the size and importance of these distortions, it is worthwhile to

note that, in the absence of systematic ordering patterns across classes, a student su¤ers

from no ex-ante distortion in expected grades. Particularly, over the course of 30 to 40

undergraduate courses, one would expect that positive and negative distortions, to the

extent that they occur, would negate one another. On the other hand, one could imagine

that distortions are additive within a course if such biases existed across all the graded

components of a course. There may also be schooling environments where systematic

ordering does exist across classes and over years (e.g. elementary school). Moreover, to

the extent that similar e¤ects occur in other evaluative domains such as hiring or employee

evaluation, e¤ects of this size could substantively distort welfare for those a¤ected.

4.2 Judicial Sentencing Decisions

One setting of clear public policy importance where relativity in sequential assessments

can be tested is that of judicial decisions. Experimental evidence suggests that legal

professionals in lab settings may be sensitive to irrelevant context (Englich and Mussweiller

2001). Judges in courtrooms characterized by short and high frequency hearings of charges

with varying severity may be particularly sensitive to the sequential context produced by

the order in which cases are heard.

weighing the student�s �nal exam, midterm exam and problem set scores. Additional points are earned
through improvement on the second midterm and the �nal exam. Finally, problem set scores are adjusted
for student speci�c �xed e¤ects.
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The present analysis, originally reported in Bhargava and Cann (2007), examines sen-

tencing patterns for minor tra¢ c and non-tra¢ c violations heard in lower level PA courts

from 2001 to 2005. In the PA judicial system, lower level judges primarily hear minor non-

criminal charges, but on occasion also preside over preliminary hearings and arraignments

for severe criminal o¤enses committed in their jurisdiction. If not dismissed, withdrawn

or plea-bargained, criminal o¤enses are eventually passed on to higher judicial authorities

such as the Court of Common Pleas.

Table 7

DISTRIBUTION OF HEARINGS IN PA DISTRICT COURTS, 2001 - 2005

Offense % Guidelines Examples

Criminal Felony 3

Felony 1 > 10 yrs Murder, Rape, Aggravated Assault,
Felony 2 > 7 yrs, < 10 yrs Manslaughter, Statuary Rape, Arson
Felony 3 > 5 yrs, < 7 yrs Infanticide, Insurance Fraud, Animal Cruelty

Criminal Misdemeanor 4 < 5 yrs Disorderly Conduct, False Identification, DUI

Summary Traffic 24 < 90 days Speeding, Careless Driving, Improper Permit

Summary Non-Traffic 11 < 90 days Littering, Unauthorized Sale of Tickets,
Criminal Mischief

Civil and Landlord
Tenant Disputes 16 None X

Non-Summary
Traffic and Non-Traffic 19 None X

Other or Unlabeled 22 Varies X

Note:  Categories describe hearings in district courts for PA counties outside of Philadelphia and Pittsburgh from 2001 to 2005.  Calendars of hearings by day by judge
provided by the AOPC.  Sentencing guidelines taken from AOPC publications and website.  Share statistics calculated by authors.  For certain records, hearing type could
not be inferred.

Magisterial District Courts constitute the initial level of the judicial system in PA (see

Appendix Table 2 for a detailed description of the PA hierarchy of courts). Judges pre-

siding over such courts (MDJs) are primarily responsible for adjudicating minor civil and

tra¢ c cases in Pennsylvania counties outside of Philadelphia and Pittsburgh.16 Table 7

describes the various cases heard by a MDJ. The district courts conduct non-jury hearings

making MDJs solely responsible for rendering judgments and assigning penalties and �nes.

Approximately 500 full time judges dispose of roughly 12 to 15 cases a day totaling over 7

million cases during the �ve year sample period. Of these, summary o¤enses� tra¢ c and
16Philadelphia has distinct tra¢ c courts for tra¢ c related o¤enses and municipal courts for less serious,

non-tra¢ c o¤enses. While Pittsburgh has MJDs, minor criminal cases and preliminary hearings for more
serious o¤enses are heard in separate municipal courts. Accordingly, this analysis only considers district
courts in counties outside of Philadelphia and Pittsburgh.
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minor non-tra¢ c violations punishable by up to 90 days imprisonment and/or a �ne not ex-

ceeding $300� constitute the largest category of cases, and represent over one-third of total

charges.17 The courts additionally hear civil and landlord disputes, non-summary hearings

for tra¢ c and minor non-tra¢ c cases (e.g. primarily hearings for defendants unable to make

payments on existing �nes), and conduct arraignments, bail hearings and other preliminary

hearings for more serious criminal matters. Of hearings involving criminal charges, about

40% are arraignments, and 57% are preliminary hearings. The Administrative O¢ ce of

Pennsylvania Courts (AOPC) compiles and maintains case-level statistics for the courts

considered in this analysis.

Research Design. One test of the in�uence of sequential context on judicial decision-
making is whether judges exhibit abnormal lenience after exposure to a criminal infraction.

One might expect criminal charges to prompt a contrast e¤ect given that such violations

are considerably more severe and rare than other charges on the judicial docket. Criminal

infractions are split between felonies and misdemeanors. Felonies carry a recommended

prison sentence of at least �ve years and include charges such as murder, assault, arson,

and severe cases of animal cruelty. Misdemeanors carry recommended sentences under �ve

years and include more minor charges such as disorderly conduct and driving under the

in�uence. The most frequent criminal felonies or misdemeanors in our data involve drug

use (16%), driving under the in�uence (16%), and assault (11%). A typical judge hears

either a criminal felony or misdemeanor on about 1-2% of days.18 On such days, the judge

will often preside over multiple criminal hearings.

Lenience in summary trials is the ideal dependent variable for the analysis for three

reasons. First, summary trials involve transparent declarations of guilt.19 This is in

contrast to non-summary o¤enses involving private parties (e.g. civil and landlord disputes),

where declarations of guilt are not made and lenience cannot clearly be inferred, as well

as hearings for criminal o¤enses which are typically transferred to higher courts for �nal

judgment. Second, judges in summary trials are a¤orded considerable discretion. While

bound by guidelines which assign �nes to charges, judges retain the ability to reduce the

severity� and consequently the associated �ne� of �nal charges for any tra¢ c violation. Of

hearings which go to trial, judges dismiss 22% of charges due to either insu¢ cient evidence

17This fraction is higher if one considers summary o¤enses which are attached to a criminal charge against
a particular defendant. District judges either dispose of such cases themselves or send such cases to a higher
court along with the accompanying criminal charge. These summary o¤enses are included in �Other or
Unlabeled� in Table 7 and are excluded for the purpose of the analysis.
18The actual frequency of days with criminal exposure is higher than this if one were to account for those

charges for which judges have discretion to upgrade or change to a misdemeanor or felony charge, or records
for which charge type is unavailable.
19This is ignoring those cases which (i) do not proceed to trial because of a guilty plea, (ii) are withdrawn

by the prosecutor, or (iii) are dismissed by the judge typically due to insu¢ cient evidence, absence of key
witnesses or, when applicable, the o¢ cer who authored the citation.
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or absence of key prosecutorial person(s), render a �not guilty�verdict in an additional 23%

of charges, and decide either partial (i.e. guilty but with a reduced charge) or full guilt in

the remaining 55% of charges. Finally, summary trials are generally short� often 15 to 30

minutes� which permits several decisions to be rendered during the course of a day. The

transparency of lenience, the permitted judicial discretion, and the high frequency of such

decisions make summary o¤enses amenable to analysis.

Random Ordering. As in grading and dating, it is important that the ordering of

evaluated targets is quasi-random. Such ordering makes it unlikely that an unobserved

variable would confound estimates of a contrast. Interviews with court administrative

clerks, the AOPC, and the administrative MDJ o¢ ce suggests that one notable feature

of case scheduling is that courts often devote speci�c days of the week to tra¢ c hearings

or private party disputes. However, within any given day, including days earmarked for

particular o¤ense categories, it is usually the case that other charges are also heard.20 The

ordering of charges within a day is dictated by police o¢ cer or prosecutorial availability

rather than any o¤ense characteristic.21 While judges have discretion in the scheduling of

non-criminal o¤enses, criminal o¤enses are scheduled by the District Attorney.22 These

hearings are scheduled with advanced notice ranging from a few days to several weeks.

Judges are required to interrupt their dockets in order to accommodate such hearings as

needed.

In principle it is possible to test for random ordering of charges empirically. A challenge

is that one must both characterize the relative severity across summary o¤enses as well as

the link between infraction severity and lenience. Indirect empirical tests of random order

are discussed and presented in Bhargava and Cann (2007). The tests provide no evidence

that charges are ordered in a manner which would generate the �ndings reported below.

Antecedent and Contrast E¤ects. The basic empirical result is illustrated in

Figures 4 and 5. The �gures plot residual leniency in summary o¤enses after controlling

for judge x charge-speci�c variation as a function of case order within a day. Figure 4

compares residual leniency after exposure to a felony charge on days where a single felony

is heard to the residual leniency for summary o¤enses not immediately following the felony.

The evidence is consistent with an antecedent e¤ect� greater relative lenience immediately

after felony exposure. This e¤ect does not appear to diminish in later cases during a day.

Figure 5 implies the antecedent e¤ect disappears on days for which the docket includes

20Defendants have the right to request that hearing times and dates be modi�ed, but such requests are
dealt with di¤erently by di¤erent courts. Given that most summary trials do not involve lawyers, it is
unlikely that any coordination in scheduling across cases exists.
21We learned details of scheduling procedures from interviews with the AOPC, court clerks and the MDJ

administrative o¢ ce.
22Frequently, District Attorneys try to schedule multiple criminal hearings on the same day since such

hearings require the presence of a Public Defender as well as the District Attorney.
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multiple felony hearings. The possibility that the salience of a felony depends on the

frequency of felonies within a day reconciles these two plots. When only a single criminal

hearing occurs during a day, it is likely to appear more psychologically salient to the judge.

The salience of an extreme target increases the probability that it may trigger a perceptual

contrast (Higgins 1996).

Figure 4, Unexplained Residual Leniency on
Days with 1 Felony by Case Order

R
es

id
ua

l

After Felony

Not After
Felony

Figure 4, Unexplained Residual Leniency on
Days with 1 Felony by Case Order

R
es

id
ua

l

After Felony

Not After
Felony

Figure 5, Unexplained Residual Leniency
on Days with > 1 Felony  by Case Order

R
es

id
ua

l

After Felony

Not After
Felony

Figure 5, Unexplained Residual Leniency
on Days with > 1 Felony  by Case Order

R
es

id
ua

l

After Felony

Not After
Felony

33



The speci�cation below formally tests for the link between judicial lenience and past

infractions as well as the rate at which this link decays:

Leniencej;c;d;t = �+
X


iD
crime
j;d;t�i + �Singlej;d;t

+
X

�i(Singlej;d;t �Dcrime
j;d;t�i) + �jxc + �d + "j;c;d;t (3)

The dependent variable Leniencej;c;d;t is a binary variable indicating whether a judge

j grants either high (i.e. a not-guilty verdict) or any (i.e. a not-guilty or a guilty verdict

but with a reduced charge) lenience to a defendant for charge c on day d at period t.23

While summary trials are generally scheduled every 30 minutes, multiple hearings are often

scheduled concurrently.24 For this reason a period refers to a time period as opposed to

an individual hearing. Dcrime
j;d;t�i is an indicator variable which denotes the occurrence of a

criminal felony or misdemeanor i periods in the past. To ensure that the criminal hear-

ings constitute a sharp negative exposure, dismissed or withdrawn hearings are excluded.

Singlej;d;t is an indicator variable denoting a day during which only a single felony or mis-

demeanor is heard. The interaction e¤ect is included to identify di¤erential antecedent

e¤ects for days with a single criminal hearing. Fixed e¤ects are included to control for

judge x charge speci�c variation, as well as variation produced by the day of week and hour

of day.

Table 8 estimates the above model for both felonies and misdemeanors. The �rst three

columns report estimates for high lenience while the next three columns report results for

any lenience. Columns 3 and 6 provide the most �exible pair of speci�cations. The

baseline coe¢ cients indicate that on days with multiple felonies or misdemeanors, criminal

hearings do not result in heightened lenience for subsequent summary judgments. In fact,

there is some evidence for small decreases in lenience. This result is consistent with an

assimilation e¤ect and is explored further in Bhargava and Cann (2007).

23Reduced charges only occur for tra¢ c violations. Therefore, any and high lenience are equivalent for
non-tra¢ c violations but not for tra¢ c violations.
24This is due, according to interviews, to the fact that many defendants do not show up and some cases

take only minutes to dispose. Within these concurrently scheduled hearings order is not known.
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Table 8

CONTRAST EFFECTS IN SUMMARY TRIAL JUDICIAL DECISIONS

DEPENDENT VARIABLE
HIGH LENIENCY ANY LENIENCY

Linear Probability Model

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

0.017 -0.020* -0.018* -0.019 -0.034** -0.019*
(0.018) (0.011) (0.011) (0.028) (0.013) (0.010)

0.004 -0.010 -0.005 -0.018 -0.023* -0.011
(0.019) (0.010) (0.009) (0.027) (0.013) (0.011)

0.041** -0.009 -0.015* 0.021 -0.015 -0.014
(0.016) (0.009) (0.008) (0.034) (0.015) (0.012)

0.026 0.004 0.003 0.000 -0.008 0.002
(0.017) (0.010) (0.009) (0.028) (0.011) (0.009)

-0.024* -0.010 -0.009 -0.048*** -0.011 -0.002
(0.015) (0.007) (0.007) (0.016) (0.009) (0.007)

-0.011 0.014** 0.009* -0.037** 0.020*** 0.019***
(0.014) (0.005) (0.005) (0.017) (0.007) (0.006)

-0.012 0.046*** 0.054*** 0.034 0.079*** 0.055***
(0.026) (0.017) (0.016) (0.034) (0.018) (0.016)

-0.019 -0.015 -0.012 0.004 0.002 -0.004
(0.023) (0.018) (0.018) (0.025) (0.024) (0.023)

-0.062*** 0.007 0.022* -0.046 0.019 0.027*
(0.021) (0.014) (0.012) (0.040) (0.019) (0.016)

-0.019 0.003 0.004 0.005 0.014 0.005
(0.022) (0.016) (0.014) (0.028) (0.020) (0.017)

X X

X X X X

X X X X X X

N = 1168086 N = 1168086 N = 1168086 N = 1075205 N = 1075205 N = 1075205

Hour, DOW Fixed Effects

Single Felony

Judge Fixed Effects

Judge x Charge Fixed Effects

Felony - Lag 1

Felony - Lag 2

Misdemeanor - Lag 1

Felony - Lag 1

Single Misdemeanor

Felony - Lag 2

Misdemeanor - Lag 1

Misdemeanor - Lag 2

* significant at 10%; ** significant at 5%; *** significant at 1%

N

Notes: The dependent variable for the first three columns is a binary variable indicating whether the judge delivers a "not guilty" verdict for a particular
case that proceeds to trial, while the dependent variable for the final three columns indicates whether the judge delivers a "not guilty" verdict or reduces the
initial charge for cases proceeding to trial.  Only judgments of summary trials are considered here.  Felony (Misdemeanor) Lag 1 and Lag 2 indicate
whether one of the prior two time periods features a hearing for a felony (misdemeanor) offense.  Single Crime refers to days for which only a single felony
or misdemeanor occurs.  The analysis controls for judge, and judge x charge fixed effects as well as hour and day of week fixed effects as indicated.
Standard errors are robust and are clustered at the judge level.

Misdemeanor - Lag 2

Single Crime x

Single Crime x

Single Crime x

Single Crime x

On days with a single criminal felony, a felony produces a statistically signi�cant increase

in high lenience of 5.4% and any lenience of 5.5% in subsequent relative to non-subsequent

decisions. Summing the coe¢ cient of the interaction with the coe¢ cients of the constituent

variables indicates that judges are 2.7% more lenient (3.4% for any lenience) following a

felony on single-felony days compared to lenience on other days. An F-test rejects the null

that lenience is not serially correlated across felony hearings on salient days (F = 6.5, p
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< .02 and F = 8.4, p < .01 respectively). The increase in lenience prompted by a felony

compares to a typical high lenience of 29% and any lenience of 45% across the sample and

implies a distortion of 8 to 9%. Even though it is unlikely that the observed e¤ects are

due to Bayesian learning because of both the in-sample and likely out-of-sample experience

of a typical lower court judge, the rapid decay of the e¤ects after a single period is further

evidence against such an explanation.25

Similarly, on days with a single misdemeanor, a misdemeanor prompts an increase in

high lenience of .9% and any lenience of 1.9% in subsequent relative to non-subsequent

decisions. Summing again across pertinent coe¢ cient values indicates that judges are

1.6% more lenient (3.2% for any lenience) following a misdemeanor on single-misdemeanor

days compared to lenience on other days. An F-test rejects the null that lenience is not

serially correlated across misdemeanor hearings on salient days (F = 4.2, p < .05 and F =

14.0, p < .01 respectively). As with felonies, the e¤ect appears to decay after one period.

The 8 to 9% distortion in lenience (4 to 6% distortion in the likelihood of a guilty

verdict) induced by felony exposure is comparable to the size of other biases found in

research on judicial decision-making. It is about 2/3 as large as the 12% di¤erence found

in the proclivity of black as compared to white judges in PA criminal courts to sentence

defendants to prison (Ste¤ensmeier and Britt 2001). The e¤ect sizes are also in the range

of studies that have found sentencing di¤erences due to defendant race (Ste¤ensmeier and

Britt 2001).

History of Felony Exposure and Dismissed/Withdrawn Charges. One dimen-
sion across which the sensitivity of lenience to felony exposure might plausibly di¤er across

judges is past familiarity to felonies. Table 9 estimates the relationship between high le-

nience and a past felony for single crime days across history of felony exposure. The �rst

two columns suggest that the antecedent e¤ect is much larger for judges in the lower half of

the distribution of exposure when exposure is measured by the percentage of in-sample days

with at least one felony. This �nding is consistent with the possibility that decision-makers

for whom felonies have heightened salience display larger contrast e¤ects. Salience has

long been understood to be, at least in part, a function of stimulus novelty (Higgins 1996).

The �nal column of Table 9 suggests that there is no relationship between high le-

nience and past felony exposure for felony charges that were either dismissed or withdrawn.

Presumably, exposure to dismissed or withdrawn charges is not equivalent to exposure to

charges either held for further court proceedings or resulting in a guilty plea. Di¤erent

dispositions are likely the result of di¤erences in the hearings across several dimensions.

One such dimension is the criminal severity of the charge or the guilt of the defendant. A

25 It is even more unlikely that a judge is subject to a quota constraint in the scenario under consideration.
Judges do not render any verdicts with respect to the criminal cases, so it is implausible that a criminal
hearing would constrain future judgments of summary o¤enses.
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judge will withdraw or dismiss a charge when the case against the criminal is weak, incom-

plete or otherwise procedurally �awed. Alternatively, di¤erences across disposition may

re�ect di¤erences in the length of the proceeding, the nature of the crime committed, or

other procedural details. With such caveats in mind, the lack of sensitivity of subsequent

lenience to a dismissed or withdrawn felony is consistent with contrast e¤ects which are

induced exclusively by exposure to serious criminality. This result is explored in greater

depth in Bhargava and Cann (2007).

Table 9

CONTRAST EFFECTS IN JUDICIAL DECISIONS BY FELONY EXPOSURE
AND FOR DISMISSED OR WITHDRAWN CHARGES

DEPENDENT VARIABLE - HIGH LENIENCE
FELONY EXPOSURE DIS / WITH

1 Felony / Day
< 50% > 50% All Judges

(1) (2) (3)

0.098** 0.038** 0.000
(0.040) (0.018) (0.010)

-0.035 -0.032 -0.022*
(0.040) (0.025) (0.013)

289 306 595

X X X

X X X

N = 1547 N = 7644 N = 22789

Number of Judges

* significant at 10%; ** significant at 5%; *** significant at 1%

N

Notes: The dependent variable across all columns is a binary variable indicating whether the judge
delivers a "not guilty" verdict for a particular summary offense that proceeds to trial.  The first two
columns test whether lenience is sensitive to a past felony for judges in the upper and lower half of the
sample distribution with respect to felony exposure.  The final column estimates the sensitivity of
lenience to past felony exposure for felonies which were either dismissed or withdrawn.

Felony - Lag 1

Felony - Lag 2

Hour, DOW Fixed Effects

Judge x Charge Fixed Effects

Discretion and Contrast E¤ects. Many federal and state court judges in the

US have considerable discretion in the sentencing of criminal and civil infractions. This

discretion may be increasing. A December 2007 U.S. Supreme Court decision granted

federal judges even greater freedom to deviate from federal sentencing guidelines set by the

US Sentencing Commission.26 If the perceptual bias identi�ed in the sentencing of minor

o¤enses extends to the adjudication of more serious criminal cases, contrast e¤ects could

result in substantive unfairness for a non-negligible population of defendants. The recent

pattern of heightened discretion further highlights the importance of research on the role

of irrelevant context in determining judicial outcomes.
26Kimbrough v. U.S., Case No. 06-6330 (Dec. 10, 2007).
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4.3 Speed Dating Decisions

Research Design. A �nal sequential decision-making environment where one can detect
cognitive errors in perception is that of romantic speed dating (this analysis was originally

reported in Bhargava and Fisman 2007). Speed dating refers to a structured match-

making process in which men and women meet multiple partners through a series of short,

sequential interactions.27 Participants privately indicate romantic interest at the end of

each interaction, and organizers distribute contact information in cases of mutual interest.

The data in this analysis is gathered from 20 experimental speed dating sessions organized

over several weekday evenings at Columbia University from 2002 to 2004 (Fisman et. al.

2005, 2006). Sessions range from 18 to 44 participants for a total of 474 subjects who

collectively make 7684 decisions.

The experimental sessions depart slightly from the procedural details of a typical com-

mercial speed dating event. At the close of each four minute interaction, organizers require

subjects to privately evaluate each partner along a variety of dimensions including physical

attractiveness.28 Two independent research assistants additionally evaluate each subject

during the course of each session to generate a measure of �objective�attractiveness on a

1-10 ordered scale. While subjects seat themselves, regressions of subject attractiveness on

lagged attractiveness of prior ordered subjects reveal no systematic pattern in ordering.29

As such, this environment provides an ideal set of decisions from which to test for contrast

e¤ects in the perception of attractiveness� subjects are randomly ordered, measures of

attractiveness are available, the stakes are non-trivial, the setting is real, and preferences

are revealed rather than surveyed.

The �gures, as well as most of the more formal results which follow, focus on male

subjects. Kenrick et. al. claim that gender asymmetries associated with contrast e¤ects in

the perception of physical attractiveness are consistent with evolutionary theories of sexual

selection (1994). They argue that because males attend to �facial and bodily� attrac-

tiveness to a greater extent than females� a contention long supported by evolutionary

theorists� male evaluations of romantic partners are more sensitive to sequential contrasts

than female counterparts. One study consistent with this view �nds that male subjects ex-

posed to photographs of female models are less attracted to their girlfriends but that female

subjects are not similarly a¤ected by exposure to photographs of male models (Kenrick et.

27 While the �rst organized speed dating event supposedly occurred in 1998 in Beverly Hills, the format has
since gained popularity across the United States. As of 2003, one of nation�s largest commercial organizers
of speed dating, 8minuteDate, reported over 60,000 customers.
28Questionnaires elicited subject ratings of 6 di¤erent partner attributes (also on a 1-10 point ordered

scale) including intelligence, sincerity, ambition, shared interests, fun-lovingness, as well as physical attrac-
tiveness.
29Results of this estimation can be found in Bhargava and Fisman (2007).
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al. 1989).

The data in the present analysis suggests that both male and female dating decisions

are determined by partner attractiveness. Male subjects appear slightly more sensitive

to partner attractiveness than females, but this di¤erence is not statistically signi�cant.

However, since the evidence for contrast e¤ects is strong for males and non-existent for

females, the analysis focuses on the male subjects. This gender di¤erence is discussed in

more depth in Bhargava and Fisman (2007).

The basic empirical result is illustrated in Figures 6 and 7. Figure 6 compares the

average a¢ rmative response for male subjects after exposure to a high exemplar (i.e. a

partner of attractiveness > 6) to the average a¢ rmative response after exposure to a low

exemplar (i.e. a partner of attractiveness < 5).30 In order to control for selection, the

sample is con�ned to subjects with at least 18 rounds in the sample (representing approx-

imately 2/3 of male subjects) and only the �rst 18 rounds are reported. Fitted lines are

drawn for the two exposure groups as well as for the entire sample. The �gure conveys

evidence consistent with an antecedent e¤ect� greater lenience after low exemplars, and

less lenience after high exemplars. While this antecedent e¤ect appears smaller in later

rounds, it does not fully disappear with dating experience.

Figure 6, Average Male Affirmative Response After Lag 1
Exemplars across Rounds (subjects w/ rounds > 18)

S
ha

re
 o

f A
ffi

rm
at

iv
e 

R
es

po
ns

es

After High
Exemplar (t-1)

All Sample

After Low
Exemplar (t-1)

Figure 6, Average Male Affirmative Response After Lag 1
Exemplars across Rounds (subjects w/ rounds > 18)
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30The assymetric cuto¤ points re�ect assymetries in the distribution of attractiveness ratings.
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Figure 7, Average Male Affirmative Response After Lag 3
Exemplars across Rounds (subjects w/ rounds > 18)
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Figure 7, Average Male Affirmative Response After Lag 3
Exemplars across Rounds (subjects w/ rounds > 18)
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Figure 7 provides insight into the rate at which the antecedent e¤ect decays. The plot

depicts dater responses after exposure to a high or low exemplar three periods in the past.

The �gure shows no evidence for an enduring antecedent e¤ect. Plots after longer lags

similarly show no evidence for such an e¤ect, while the plot for the second lag shows a

mild e¤ect (unreported here). The one to two period decay implied by these �gures is

consistent with a model of contrasts but not the possibility that the e¤ects are driven by

subject quotas for matches or other explanations emerging from the standard model. The

quick decay of the e¤ect, as well as the persistence of the e¤ect across rounds, support the

existence of contrasts.

Antecedent E¤ect. The speci�cation below formally tests for the antecedent e¤ect

between current decisions and past partner attractiveness:

Decw;s;p = �+ 
Attw;s;p +
X

�iAttw;s;p�i + �s + "w;s;p (4)

where Decw;s;p denotes the �yes/no�decision which subject s makes in regard to partner

p in session w, and Attw;s;p indicates average partner attractiveness. The regression is

estimated with a linear probability model and controls for current partner attractiveness

and subject �xed e¤ects.31 Table 10 reports the results of the estimation.

31An alternative, and perhaps more direct, test is to explicitly examine the impact of past decisions on
current decisions (@gct=@g

c
t�1). However, because of the complications produced by estimations of binary

dynamic panel data models with �xed e¤ects (originally identi�ed by Nickell (1981), see Chamberlain (1985)
for a discussion), @gct=@qt is calculated.
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The �rst column of the table provides a baseline estimate of the importance of current

and lagged partner attractiveness on subject decisions to date. The results corroborate

Prediction 1 and indicate that a one unit rise in current partner attractiveness, all else

equal, produces an approximately 11% rise in the likelihood of an a¢ rmative decision.32

Consistent with Prediction 2, the point estimate for the �rst lag, Attw;s;p�1, suggests that a

one unit rise in the attractiveness of the last partner lowers the probability of a subsequent

a¢ rmative response by about 2%.

Column 2 reports the analogous estimation but only for male subjects. The estimates

indicate that a rise in the marginal attractiveness of the last partner produces a 3% drop

in the likelihood of a subsequent a¢ rmative decision. For example, under this estimate,

a male subject facing a highly attractive partner with a rating of 9, would be roughly

13% less likely to accept a subsequent partner with a more modest rating of 5 than in the

counterfactual where the partner had instead been preceded by an equally modest partner.

The in�uence of the last partner is notable in light of the overall average acceptance rate

for males of 48% as well as in relation to the 11% marginal in�uence of current partner

attractiveness. Estimates for more distant partner attractiveness are not signi�cant which

suggests that the antecedent e¤ect dies out quickly.

Only male subjects appear to exhibit strong antecedent e¤ects. An F-test for the

lagged model of Column 1 and 2, but estimated solely for female subjects (unreported

here) fails to reject the null hypothesis of no autocorrelation across lagged attractiveness

(H0 : �1 = �2 = �3 = 0, F = 1.00, p = .39). The remainder of the table reports estimates

primarily for male subjects.

The remaining columns report the e¤ects of prior exposure to either single or streaks of

exemplar partners on subject decisions.33 The estimation takes the following form:

Decw;s;p = �+ 
Attw;s;p + �D
k;i;n
w;s;p�1 + �s + "w;s;p (5)

where Dk;i;n
w;s;p�1 indicates whether the last n partners have an attractiveness rating either

greater or less than k.

32Additional estimates� unreported here� indicate that the in�uence of current partner attractiveness on
decisions is monotonic and approximately linear for increasing levels of attractiveness.
33The table reports results of estimates for streaks of 3 partners. Estimations for streaks of 2 partners is

omitted here, but included in the original paper (Bhargava and Fisman 2007).
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Columns 3 and 4 provide evidence for an antecedent e¤ect after a single exemplar

partner. Column 3 suggests that a highly attractive partner in the prior period with a

rating greater than 6� representing about 1/3 of the total sample of female partners�

elicits a 6% drop in the likelihood of a subsequent acceptance beyond that predicted by

current partner attractiveness. A less attractive prior partner, with a rating less than 5,

increases the likelihood of subsequent acceptance by 8%. The asymmetry in the threshold

de�nitions re�ect the asymmetric distribution of attractiveness across the sample.

The next two columns report analogous results for streaks of three highly attractive or

unattractive partners. A streak of attractive partners elicits (an imprecisely measured)

fall of 11% in the subsequent likelihood to date. This is equivalent to the in�uence of a

unit rise in current partner attractiveness and is almost twice as large as the in�uence of a

single lagged attractive partner. Column 6 does not o¤er parallel evidence for the additive

in�uence across streaks of unattractive partners. This estimate is equally as imprecise as

in the high exemplar case and is due, at least partially, to the relative scarcity of exemplar

streaks.34

Finally, in order to con�rm that the observed e¤ects operate through distorted per-

ceptions or judgments of attractiveness, as opposed to an alternative mechanism, one can

examine the in�uence of recent partner attractiveness on subject ratings of current partner

attractiveness. Such a test doubly serves to reject the presence of quotas or learning since

only a model of perceptual contrasts is consistent with @~q
c

t =@qt�1 < 0.
35

Accordingly, the �nal two columns of Table 10 estimate Equation 3 after substituting

subject decisions with subject ratings of attractiveness as the dependent variable. For male

subjects, the estimation indicates an antecedent e¤ect with respect to subject ratings. As

compared to the original model in Column 2, the size of the e¤ect relative to the in�uence of

current partner attractiveness is much smaller (approximately 11% compared to 27%). This

may be partially attributable to nonlinearity in the contrast e¤ect. On the whole, Table

10 suggests that prior exposure to partners distorts impressions of physical attractiveness

as well as decisions to date.

Contrast E¤ects. While the estimates above provide evidence consistent with con-

trast e¤ects, Prediction 3 (Decay), Prediction 4 (Experience), and Prediction 5 (Trans-

parency) o¤er direct tests through which to reject rational alternative explanations. Pre-

34The threshold for the attractive and less attractive streaks was selected to produce a roughly equivalent
volume of streaks in each category. For instance, there are no streaks of three partners with an attractiveness
rating less than 4 in the entire sample.
35One possible mechanism through which learning could cause antecedent e¤ects in ratings, as well as

decisions, is through semantic contrast e¤ects. That is, subjects might arguably rede�ne the mapping
between attractiveness and the 1-10 scale during each round. However, the stable relationship between

�objective�and subjective partner ratings across rounds (not reported here) seems to argue against semantic
contrasts.
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diction 3 holds that the in�uence of a partner on a future decision should decay as the

intervening distance between the decisions increases. The small and insigni�cant estimates

for the second and third lags in Columns 1 and 2 provide initial evidence for this decay.

The decay is also implied by Figures 6 and 7.

The �gures also o¤er preliminary evidence that experience does not fully account for the

antecedent e¤ect, as do the �nal two columns of Table 10. The following regression more

directly tests whether the observed antecedent e¤ect diminishes with dater experience:

Decw;s;p = �+ 
Attw;s;p + �Attw;s;p�1 + �Expw;s;p

+ �(Att � Exp)w;s;p�1 + �s + "w;s;p (6)

where Expw;s;p refers to the experience accumulated by subject s prior to meeting partner

p in session w. Other variables are as previously de�ned. The prediction of learning

would imply a positive estimate for �� that is, as a subject progresses through a session

and ascertains the underlying distribution of dater attractiveness, the in�uence of the most

recent partner on the current partner decision should diminish (i.e. become less negative).

Table 11 reports the results of the estimation. The coe¢ cient estimates of the interaction

term in Columns 1 and 2 are positive. While they are small enough such that the e¤ect

does not fully diminish by session end, the Column 2 estimate implies that as much of

4/5ths of the e¤ect disappears by the last round.

Columns 3 through 6 report the estimation of a similar model, but with a dummy vari-

able indicating the presence of either a single or streak of high or low exemplar partners in

prior periods. While not signi�cant, the interaction estimates are directionally consistent

with learning (i.e. positive for high lagged exemplars, and negative for low lagged exem-

plars). For streaks, they imply that 20 rounds of experience diminishes up to 2/3rds of the

e¤ect. The weakening of the main antecedent e¤ect with experience, coupled with strong

evidence for the decay in the e¤ect for more distant lags, suggests the presence of a contrast

e¤ect, but one that may diminish by the end of a particular session. The possibility that

psychological biases in perception exist, but that their in�uence diminishes over time, is

plausible and is explored in greater depth in Bhargava and Fisman (2007).

The �nal two columns of Table 11 examine whether the transparency of an evaluation

in�uences the size of the contrast e¤ect (Prediction 5). Absent the explicit distinction be-

tween ambiguous and non-ambiguous targets in the grading data, one test for transparency

in this setting is whether partners of moderate attractiveness elicit stronger contrasts than

those on either extremes of the distribution. The presumption is that highly attractive or

unattractive partners are more transparent targets than their counterparts.
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This test of transparent targets is carried out by estimating the original model of an-

tecedence but with the inclusion of an additional interaction of the exemplar indicator

with a dummy variable indicating that the current partner falls in either tail of the dis-

tribution (i.e. > 6 or < 5). The estimates of the interactions con�rm that, for both low

and high lagged exemplars, the contrast e¤ect is muted� or non-existent� if the current

partner is either extremely attractive or unattractive. An F-test fails to reject the null

of no autocorrelation in lagged partner attractiveness for either the low or high end of the

distribution for high exemplars (F = :66; p = :42;F = 1:05; p = :31) or for low exemplars

(F = :01; p = :93;F = :46; p = :50). This is consistent with Prediction 5, as well as psy-

chological evidence which suggests that psychological biases are heightened for ambiguous

stimuli.

5 Discussion

Alternative Explanations. A number of alternative explanations exist for the �ndings

in this paper including learning, and the presence of quotas for high or low evaluations.

The strongest evidence against both of these explanations, as given by the model, is the

rapid decay of the observed e¤ects across all three contexts. In all three settings, the e¤ects

decay within a single period. Additional, but less strong, evidence rules out the possibility

that the e¤ects fully disappear as decision-makers accumulate evaluative experience.

An unexplored explanation is limited memory. For example, in the extreme instance

where a decision-maker only recalls the last target, Bayesian learning would prompt a low

evaluation in a period subsequent to a naturally occurring high evaluation. However, the

presence of limited memory alone is unlikely to produce these results for a truly rational

Bayesian. Simple limitations in memory are not likely to preclude a genuinely rational

decision-maker from near optimal updating so long as she is able to commit a small number

of su¢ cient statistics� such as the empirical mean and sample size� to memory.

In order for limitations in memory to induce behavior consistent with a contrast e¤ect,

the decision-maker must be subject to additional biases such as selective memory, selective

recall, or the presence of some evaluation heuristic. It is possible that such a combination

of factors� or other biases such as the gambler�s fallacy or base-rate neglect� could account

for the observed behavior. In grading, the presence of the e¤ect only after streaks of at

least three exams echoes some of the properties of the gambler�s fallacy (Rabin and Schrag

2002). Finally, it is possible that the e¤ects may be due to contrast e¤ects prompted not

by a cognitive or perceptual error, but instead by a mood induction. Particularly in the

case of judicial sentencing, exposure to a criminal hearing may induce a mood which results

in sympathy for future defendants.
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Comparisons Across Domains. The settings considered in this paper di¤er along

a number of psychologically meaningful dimensions� the semantic content, duration, fre-

quency and welfare importance of each decision, as well as the interval between decisions.

Such di¤erences complicate attempts to compare estimated e¤ect sizes across domains or

to make claims about broader applicability. However, the breadth of the experimental

literature, as well as the �eld examples cited in this paper suggest that these e¤ects may

be widespread.

Table 12 compares the analytical results across the domains. The �rst panel of the table

compares the normalized e¤ect sizes across high and low exemplars as well as across single

and exemplar streaks. The table reports the e¤ect sizes relative to the baseline decision

(i.e. average score in points for grading, average male a¢ rmative decision for dating, and

average rate of high lenience for judging), as well as relative to the standard deviation of

the baseline decision.

Contrast e¤ects appear in the expected direction for both low and high exemplars. High

exemplars produce negative error in subsequent perception while low exemplars produce

a positive error. A common pattern across high exemplars in the dating and grading

domains is stronger e¤ects for streaks as opposed to a single target. In grading, similar

di¤erential e¤ects exists for streaks of low exemplars. It is di¢ cult to identify additional

patterns across the domains. Magnitudes are smallest for grading, and in grading, more

extreme exemplars are needed to trigger contrasts than judging or dating. Both of these

facts seem congruous with the notion that a human partner is a more salient target than

an exam question and that the length of an interaction between an evaluator and target

may be linked to the size of the e¤ect.

The second panel of Table 12 compares the decay of the contrast e¤ects across the

domains as well as the di¤erential size of the e¤ects for transparent targets across grading

and dating. The table indicates that, across the three settings, e¤ects decay immediately.

As discussed, the presence of decay helps rule out rational explanations for the �ndings.

Moreover, identifying systematic patterns in the rate of decay could allude to prescriptions

on how to avoid contrasts in important settings.

Finally, across grading and dating, there is no evidence for contrast e¤ects for highly

transparent targets. Such targets do not allow for much evaluative discretion and do not

elicit any strong forms of psychological bias. The absence of an e¤ect for these targets both

con�rms a feature of contrast e¤ects suggested by the psychology literature and provides a

robustness check of the research design. The question of transparency for judicial decisions

is slightly more complicated and is discussed in greater depth in Bhargava and Cann (2007).

47



T
ab

le
 1

2

C
O

M
PA

R
IS

O
N

 O
F 

C
O

N
T

R
A

ST
 E

FF
E

C
T

S 
A

C
R

O
SS

 D
O

M
A

IN
S

C
O

N
TR

A
ST

 E
FF

EC
TS

G
R

A
D

IN
G

D
A

TI
N

G
JU

D
G

IN
G

H
IG

H
LO

W
H

IG
H

LO
W

LO
W

( >
 9

0%
 )

( <
 1

5%
 )

( >
 6

 ; 
> 

84
%

 )
( <

 5
 ; 

< 
27

%
 )

(C
rim

in
al

 O
ff

en
se

)
B

as
el

in
e

SD
B

as
el

in
e

SD
B

as
el

in
e

SD
B

as
el

in
e

SD
B

as
el

in
e

SD

-0
.0

1
-0

.0
3

0.
01

0.
02

-0
.1

3
-0

.1
2

0.
17

0.
16

0.
09

0.
06

-0
.0

6
-0

.1
5

0.
12

0.
29

-0
.2

3
-0

.2
2

0.
18

0.
17

X
X

TR
A

N
SP

A
R

EN
C

Y
 A

N
D

 D
EC

A
Y

G
R

A
D

IN
G

D
A

TI
N

G
JU

D
G

IN
G

H
IG

H
LO

W
H

IG
H

LO
W

LO
W

Ex
em

pl
ar

 S
tre

ak
s

Ex
em

pl
ar

 S
tre

ak
s

Si
ng

le
 E

xe
m

pl
ar

Si
ng

le
 E

xe
m

pl
ar

Si
ng

le
 E

xe
m

pl
ar

N
o 

Ef
fe

ct
N

o 
Ef

fe
ct

N
o 

Ef
fe

ct
N

o 
Ef

fe
ct

X

1 
La

g
1 

La
g

1 
La

g
1 

La
g

1 
La

g

Si
ng

le
 E

xe
m

pl
ar

Ex
em

pl
ar

 S
tre

ak

N
ot

es
:

Th
e 

fir
st

 p
an

el
 re

fe
rs

 to
 e

st
im

at
ed

 e
ff

ec
ts

 fo
r r

eg
re

ss
io

n 
co

ef
fic

ie
nt

s r
ep

or
te

d 
in

 T
ab

le
 4

, T
ab

le
 8

 a
nd

 T
ab

le
 1

0,
 a

s w
el

l a
s a

n 
un

re
po

rte
d 

re
gr

es
si

on
 c

oe
ffi

ci
en

t
fo

r t
he

 c
as

e 
of

 a
 si

ng
le

 e
xa

m
 e

xe
m

pl
ar

.  
Es

tim
at

es
 a

re
 p

re
se

nt
ed

 a
s a

 ra
tio

 o
f t

he
 b

as
el

in
e 

ev
al

ua
tio

n 
(i.

e.
 th

e 
av

er
ag

e 
sc

or
e 

of
 1

6.
4 

fo
r g

ra
di

ng
, o

r t
he

 a
ve

ra
ge

 m
al

e
ac

ce
pt

an
ce

 ra
te

 o
f .

48
 fo

r d
at

in
g,

 o
r a

ve
ra

ge
 h

ig
h 

le
ni

en
ce

 o
f .

29
), 

as
 w

el
l a

s a
 ra

tio
 o

f t
he

 st
an

da
rd

 d
ev

ia
tio

n 
of

 th
e 

ba
se

lin
e 

ev
al

ua
tio

n 
(i.

e.
 7

.0
 fo

r g
ra

di
ng

, .
50

 fo
r

da
tin

g,
 a

nd
 .4

5 
fo

r j
ud

gi
ng

). 
 T

he
 se

co
nd

 p
an

el
 o

f t
he

 ta
bl

e 
su

m
m

ar
iz

es
 fi

nd
in

gs
 fo

r t
ra

ns
pa

re
nc

y 
an

d 
de

ca
y.

H
ig

h 
Tr

an
sp

ar
en

cy

Fu
ll 

D
ec

ay

48



How broadly applicable are these results to other decision-making contexts? This

paper has discussed how contrasts might in�uence evaluations in settings where targets

are arranged in quasi-random order. Randomly ordered domains include those explicitly

examined (grading, judicial decisions, and dating) as well as other settings such as hiring,

investment appraisal, and medical diagnoses. In theory, however, sophisticated agents

might exploit the existence of contrast e¤ects in decision-making settings which feature

non-random ordering. As an example, a number of settings exist where an understanding

of contrast e¤ects would presumably bene�t sellers who are able to shape the order in which

buyers perceive goods.

Real Estate Survey. One example of a setting with non-random and non-trivial

evaluation is the real estate market. Despite a recent stagnation in home sales, the National

Association of Realtors (NAR) projects that buyers will purchase nearly 5.8 million existing

homes in 2007 with a median value of $220,000.36 Of these, approximately 95% will be

handled by accredited real estate agents. As of 2007, a total of 1.3 million realtors are

listed with the NAR.

To assess whether realtors are aware and actively take advantage of psychological biases

in perception, an original survey of real estate agents from several Minnesota o¢ ces of a

large national real estate company was conducted in September 2007. The online survey

was distributed to a total of 800 to 1200 realtors from 8 to 12 o¢ ces and elicited a response

rate of 8 to 13%. Precisely 100 realtors responded to the survey.37 The survey respondents

had a median level of experience from 6 to 10 years and represented a uniform mix of sales

productivity.

Of those surveyed, 71% agree that exposing a buyer to a home �which is overpriced,

is in a bad neighborhood, or is otherwise unattractive� increases the likelihood that a

buyer would favorably perceive the subsequent home. Of realtors aware of this tendency

towards contrasts, 47% admit to exploiting this knowledge to increase the chances of a

buyer liking a particular home.38 Realtors with higher sales productivity admit to more

frequent exploitation of contrast e¤ects to encourage home buying but these di¤erences are

not statistically signi�cant (i.e. 41% of total respondents in the upper two quintiles of sales

productivity as compared to 30% of realtors in the lower three quintiles made this claim, t

= 1.00, p = .32).

36This projection is from the NAR as of October 2007. The projection does not include new home sales
(which number approximately 800,000 for 2007).
37The actual number of realtors who received the survey is unknown. A link to the online survey was

sent to o¢ ce managers across twelve o¢ ces. It is unclear how many o¢ ce managers actually distributed
the email to their sta¤s. The survey was described as containing a series of questions on the �psychology
of decision making.� As an incentive, $50 gift certi�cates were randomly distributed to participants.
38Reassuringly, a number of realtors volunteered that they would not do anything in opposition to their

client�s interest. Proximity was also cited by many realtors as the overwhelming determinant of the order
of home showings.
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The �ndings of this survey are consistent with home buyers who exhibit contrast e¤ects

as well as some home sellers who strategically exploit knowledge of these tendencies. Im-

portantly, many agents suggest that the recent proliferation in the accessibility of online

housing information has reduced the realtor�s role in determining the choice and sequence

of homes considered for purchase. To this extent, the role of contrasts in home buying may

be on a decline. Beyond the usual caveats associated with self-reported evidence, further

investigation is required to rule out alternative rational explanations that might account

for the survey responses.

6 Conclusion

Considerable experimental evidence suggests that human perception is fundamentally com-

parative. Indeed, relativity may be a foundational principle of all social judgments (Kah-

neman and Miller 1986). This may have relevance for a wide range of important sequential

decision-making settings such as employee hiring, medical diagnoses, judicial decisions,

product and price assessments, as well as student evaluation. Empirical research has

not yet documented this relativity in high-frequency decisions in the �eld. In this paper, I

present evidence for such comparative assessment, or contrast e¤ects, across three domains:

exam evaluation, judicial sentencing, and dating.

The paper communicates two principle �ndings. First, there is modest evidence for

a negative relationship between scores of evaluated exams, and stronger evidence for such

e¤ects in judicial sentencing and dating. Relative to baseline assessments, a streak of low

scoring exams produces a 12% score increase while a streak of high scoring exams prompts

a 6% score reduction. On days when felonies have high salience, judges in lower PA courts

are about 9% more lenient in adjudicating summary trials after exposure to a felony than

otherwise. Finally, male speed daters are 17% more willing to date after exposure to an

unattractive partner, and 13% less willing to date following an attractive partner. A second

�nding is that the e¤ects decay fully after a single period across all domains. Consistent

with the theoretical framework, the presence of decay helps to rule out possible alternative

explanations emerging from rational preferences and updating.

Research on contrast e¤ects is ultimately valuable to the extent to which it informs our

awareness of and improves our ability to combat biases associated with social decisions in

real-life settings. In the data on exam scores, grades are modestly distorted for 3 to 10% of

students, and biases in �nal exam grading alter the �nal semester grades of an estimated 1 to

2% of students. In judging, the studied domain for which the policy implications are most

pronounced, the e¤ect sizes are similar in magnitude to biases which other researchers have

attributed to judge and defendant race. The fact that judges with past experience to felony
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exposure exhibit smaller biases suggests that the selective allocation of such cases across

judges may be a possible policy intervention. The model implies that simple education

with respect to the bias may be su¢ cient to minimize its impact. Further study is needed

to determine the e¢ cacy of other interventions such as mandatory end-of-day sentence

reviews, or cooling o¤ periods following worrisome exposure.

Additional research is needed to determine the range of sequential decision-making

settings in which individuals are subject to perceptual errors. Conceivably, in settings such

as medical diagnosis even single instances of an evaluative error might prove very costly.

To the extent that contrast e¤ects do exist, it is important to uncover systematic patterns

in the size, duration and contextual triggers of this behavior. It is probable that such

e¤ects are mediated by individual di¤erences, as well as situational context. Knowledge of

such factors will help formulate e¤ective policy responses.
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8 Appendix - Model Extension for Quota Constraints

A shortcoming of the utility function speci�ed in the model above is that it the does not

re�ect the possibility that decision-makers may be subject to constraints for high or low

evaluations. The presence of such constraints or �quotas� are likely in many sequential

decision settings including those examined in this analysis. For instance, a grader may

prefer to limit the number of assigned As or Fs independent of an interest in accuracy, while

a judge may be constrained in the number of defendants she can sentence to prison because

of limited prison capacity or other institutional pressures. Conceivably a speed dater can

only accommodate a limited number of successful matches due to emotional, �nancial, and

temporal constraints.

The Environment. A preference for accuracy subject to quotas can be described by
the constrained utility below:

U(gt;  t) = �
TX
t=0

(gt �  t)2 subject to : Ht � H for all t (7)

where Ht represents the number of accumulated high grades by period t where Ht =P
t=0 I(gt > g) and g is the threshold above which grades are considered high. One might

expect g to be an exogenous function of the �nite total size of the distribution T . As

before,  t is the idiosyncratic component of the exam score realized in period t. This is

equivalent to a white noise stochastic shock which is distributed normally. The desire for

grading accuracy is indicated through the minimization of �
PT

t=0(gt� t)2. The utility is
assumed to be time-separable in that the marginal utility of a grade assigned in one period

depends only on that period�s grade.

The grader�s problem is to maximize the expected value of future utility:

max
fgtgTt=0

E [U(gt;  t)] subject to : Ht � H for all t (8)

where the discount rate of 1 re�ects the grader�s indi¤erence in utility gained across periods.

E is the expectation with respect to the probability distribution of the random variable  t.

In this formulation, gt is the control variable which must be chosen in each period by the

decision-maker, and Ht is a state variable which describes the system at any given point in

time.

Assume that the timing of events and information is as follows: (1) At the beginning

of period t, the idiosyncratic score  t is realized. (2) The decision-maker observes this

score (or more precisely b t) as well the number of previously assigned high grades Ht. (3)

The grader assigns a grade gt and updates Ht+1 accordingly. (4) The next period occurs.
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Characterizing A Solution. In principle, one could treat this problem as a con-

strained optimization. A grader could at time t outline a set of contingency plans,

fg( t;Ht)gTt , for each future period which would assign grades based on the possible re-
alizations of the idiosyncratic score  t and the accumulated number of high grades Ht.

A much more tractable strategy, however, is to use a �nite-period dynamic programming

approach which takes advantage of the recursive nature of the problem.

One can de�ne a policy rule to govern the choice of the control variable gt in each period

as a function of that period�s exogenous exam score draw and the state variable. Assuming

a decision-maker subject to such a policy rule, and no psychological error in perception, a

heuristic argument can be used to show that evaluations are (weakly) negatively in�uenced

by past evaluations, and that for a given period, the in�uence of a past high grade is

invariant to the order in which it occurs:

Proposition 3 (Constrained Antecedence - Evaluation) (i) An increase in the

evaluation of an exam leads to a weakly lower evaluation of the immediate subsequent exam:

@gt=@gt�1jgt�i;i>1 � 0 and (ii) the in�uence of the evaluation of an exam on the evaluation

of a subsequent exam, holding other past evaluations constant, is not a function of the

distance between the exams: @gt=@gt�kjgt�i;i>k = @gt=@gt�ljgt�i;i>l so long as �I(gt�k >
g)jgt�i;i>k = �I(gt�l > g)jgt�i;i>l for all k; l.

Proposition 3 outlines behavior roughly similar to that produced by the standard model

with preferences over just accuracy. Part (i) of the proposition claims that an exam score

(weakly) negatively in�uences the immediate subsequent exam. The in�uence of an exam

on a subsequent exam occurs through two channels. The �rst is a negative relationship

between past and present exams induced as a grader learns the systematic score s. This

relationship dissipates as more exams are evaluated and the grader discovers the shape of

the distribution. A second channel of in�uence acts through the constraint of the grader.

Suppose an exam in a particular period earns a high grade g > g. This assignment will

either bind or fail to bind the quota constraint. In the subsequent period, if the constraint

is binding, the grader will assign lower grades on average since she can no longer award a

high grade.

Consider then the case that the constraint is not binding. The grader will assign a

high grade only if it is su¢ ciently above the threshold so as to warrant the loss of freedom

to assign another high grade in the future less the current period penalty due to accuracy

loss. The functional threshold above which a score must reach in order for the grader to

assign the high grade in a given period is a positive function of the number of previously

assigned high grades. If the last period grade causes a rise in the number of assigned high

grades, the subsequent functional threshold rises as well, and the grader should again be
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less likely to award a high grade.

Part (ii) of the above proposition argues that the in�uence of a past exam does not decay

as the intervening distance between past and present exams increases. The intuition for

the non-decay of a past exam�s in�uence� whether prompted through learning, or a quota

constraint� is that a grader does not di¤erentially treat proximal past exams compared to

more distant past exams. For example, a Bayesian will weight all past observations equally

when forming an inference. The ordering of past grades, and speci�cally past high grades,

is unimportant then so long as the distribution of such grades is unchanged. Moreover, a

grader who faces a quota constraint in a given period is indi¤erent as to the timing of how

such a constraint was formed.

Proof of Proposition 3 (Heuristic). First note that we can use the Bellman

equation to characterize the solution of this problem through a value function Vt(:) for a

generic period t. A value function expresses the maximal future utility for a decision-maker

who has already assigned Ht high grades and has just observed the exam score  t:

Vt(Ht;  t) = maxfgtg
fU(gt(Ht;  t)) + EtVt(Ht+1;  t+1)g

subject to : Ht � H for all t (9)

Given the value function from prior periods, a policy rule can be written such that the

value function in any generic period is a function z of the period�s state variable Ht and

the idiosyncratic draw  t: Vt = z(Ht;  t).

The decision-maker�s policy can then be described as follows. First, the grader observes

Ht and the realization of b t. Next, the grader assigns a grade gt(Ht;  t) based on Ht and

 t. There are four possible scenarios which dictate how a grade is assigned: (1) If the

quota constraint is not binding, Ht < H, and the estimated idiosyncratic score is b t � g,

then the problem reduces to the unconstrained case where g� = b t. (2) If the quota

constraint is not binding, Ht < H, but the estimated idiosyncratic score is b t > g, then the

decision-maker must maximize across the unconstrained case which yields expected period

utility: Vt(Ht + 1;  t+1) and the constrained case which yields expected period utility:

�(g �  t)2 + Vt(Ht;  t). (3) If the quota constraint is binding, Ht = H, and b t > g, then

the grader maximizes U(gt) subject to g � g, and sets g� = g. (4) If the quota constraint

is binding, Ht = H, and b t � g, then the problem again reduces to the unconstrained case,

g� = b t
To prove part (i), note that the in�uence of a past high grade on a current grade can

be decomposed into a learning component, through changes in the inference of b t, and a
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change in the state variable and hence the value function Vt(Ht;  t). Consider three cases.

Suppose �rst that a past exam does not increase the state variable even allowing for a small

perturbation in the past grade.. In scenarios (1) and (4) above, @gt=@gt�1jgt�i;i>1 � 0

follows from an argument of learning summarized in Proposition 1 and Corollary 1. The

non-positive correlation between evaluations in scenario (3) re�ects similar logic and can

be shown by taking the appropriate derivative. In scenario (2), assuming b t > g holds, the

decision rule for the assignment of gt is not a function of  t�1 and thus @gt=@gt�1jgt�i;i>1 = 0.
Analagous reasoning can be applied to show that @gt=@gt�1jgt�i;i>1 � 0 holds for a second
case where the past exam does alter the state variable but is far above the threshold g such

that a small perturbation in gt�1 does not cause a movement across the threshold.

Suppose now that the past exam score is just at the threshold g so that a small perturba-

tion of gt�1 prompts the assignment of a high evaluation which increases the state variable

Ht. In a �rst condition, if the constraint is binding in the current period then one can show

that @gt=@gt�1jgt�i;i>1 � 0 since if b t > g the grader must set g� = g, and if b t � g, the

relationship follows from learning. The remaining condition to consider is if the past exam

is assigned a high score at the threshold, but the constraint in the current period is not

binding. If b t � g, then the grader sets g� = b t and @gt=@gt�1jgt�i;i>1 � 0 follows through
learning. If b t > g, the comparative static reduces to scenario (2) above for a given Ht

as compared to Ht+1. One can demonstrate the negative relationship across periods by

showing that @gt=�Ht � 0 which is equivalent to showing Vt(Ht;  t) � Vt(Ht + 1;  t) �
Vt(Ht + 1;  t) � Vt(Ht + 2;  t). The latter inequality is true if Vt(:) is non-increasing,

and non-convex (or more technically has a property of �increasing di¤erences�). We can

easily show that Vt(Ht;  t) � Vt(Ht + 1;  t) and thus that Vt(:) is non-increasing since

any sequence of solutions fggTt available under Vt(Ht + 1;  t) must also be available under

V (Ht;  t). One can additionally argue that Vt(:) must have the property of �increasing

di¤erences� through a proof by backwards induction on the two dimensions of quota size

and the number of periods. This property corresponds to the intuition that the functional

cuto¤ threshold that graders use to assign high grades in scenario (2) is increasing and

monotonic in the number of high grades assigned Ht [(i)].

(ii) The order invariance of past high grades can be inferred from the decision rule

stated above. Again note that the in�uence of a past high grade on a current grade can

be decomposed into a learning component, through changes in the inference of b t, and a
change in the constraint and hence the value function Vt(Ht;  t). The order-invariance of

the �rst channel follows from the proofs for Proposition 1 and Corollary 1. A Bayesian

weighs all past observations equally. The order-invariance of the second channel follows

from the decision-rule outlined above. While decisions to assign gt may be sensitive to

the number of high grades assigned Ht, decisions are insensitive to the order in which such
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grades occur. Speci�cally, in scenario (2) above, the critical comparison involves Vt(Ht;  t)

and Vt(Ht + 1;  t). The value function re�ects the order-invariance explicitly as it is a

function of only  t and the state variable Ht.[(ii)].
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9 Appendix - Derivation of the Model

Estimation of ŝ in the Standard Model. A decision-maker sequentially observes

~q1; :::; ~qt, where ~qt =  t+s+"t. Given  � N(0; 1=� ), " � N(0; 1=�"), 1=� = 1=� +1=�",

this series of signals forms a random sample from a normal distribution with unknown mean

s (�1 < s < 1) and known variance 1=� > 0 . The decision-maker uses Baye�s rule to

update his estimate of ŝt from each successive observation of ~qt. Suppose that the prior

distribution of the parameter s, �(s), is a normal distribution with mean s0 and variance

1=
, then the estimated mean of the posterior distribution of s after t exams, ŝ, is given

by:

ŝt =




 + �t
s0 +

�t


 + �t
~qt

Further, the variance � of such a distribution can be expressed as:

� = var(�(s j ~q)) = 1


 + �t
(10)

Proof. The proof for the expression of the estimated mean and variance of a posterior
distribution with normal priors is standard and follows Degroot (2002).

Proof of Proposition 0. The proof for (i) follows directly from taking the derivative

[(i)]. To prove (ii) note �rst that @gt
@qt

= @gt
@~qt
� @~qt
@qt
, and @~qt

@qt
= 1. Next note that gt =  ̂t =

~qt � [ �
�+
ts0 +


t
�+
t ~qt], thus,

@gt
@qt

= 1 � ( 

�+
t). Since 0 < ( 


�+
t) < 1, the @gt
@qt

> 0 [(ii)].

The proof for (iii) follows from (i) and (ii) [(iii)].

Proof of Proposition 1. The proofs for (i), and (ii) follow directly from taking the

partial derivative of interest and then taking the limit as t!1. Note �rst that @~qt@qt
= 1 so

one can equivalently rewrite the proposition using partial derivatives with respect to ~qt as

opposed to qt. Now note that gt =  ̂t = ~qt � [ �
�+
ts0 +


t
�+
t ~qt] so

��� @gt�k
@~qt�k�1

��� = �

+(t�k)� <��� @gt�l

@~qt�l�1

��� = �

+(t�l)� for k < l < t and limt!1

@gt
@~qt�1

= limt!1
@ ̂t
@~qt�1

= limt!1� �

+t� = 0

[(i)], and @gt
@~qt�k

= � �

+t� =

@gt
@~qt�l

[(ii)].

Proof of Corollary 1. The proofs for (i) and (ii) critically rely on the assumption

that all prior evaluations are held constant except for the evaluation of interest. Ac-

cordingly, a perturbation in the evaluation at period (t � j) must be the result of a per-

turbation in perceived quality ~qt�j . Therefore while @gt�k
@gt�k�1

= f(~qt�k�1; ~qt�k�2; :::; ~q1),
@gt�k
@gt�k�1

jgt�i�1;i>k = f(~qt�k�1).= ��

+(t�k)� . Similarly, @gt�l

@gt�l�1
jgt�i�1;i>l = ��


+(t�l)� . Since
��


+(t�l)� <
��


+(t�k)� < 0 it follows that
@gt�l
@gt�l�1

jgt�i�1;i>l <
@gt�k
@gt�k�1

jgt�i�1;i>k < 0 for k < l <

t: Finally, the limt!1
@gt
@gt�1

jgt�i;i>1 = limt!1 � �

+t� = 0 [(i)]. By a similar reliance on

the constancy condition, @gt
@gt�k

jgt�i;i>k =
@gt
@~qt�k

= � �

+t� =

@gt
@~qt�l

= @gt
@gt�l

jgt�i;i>l [(ii)].
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Proof of Proposition 2. The proof for part (i) follows directly from de�nition and

then taking the derivative: @~qct=@q
c
t�1 = �(1 � �)�1 < 0 since �1 > 0 [(i)]. Now assume

� < 1. Note that g
c

t =  ̂
c

t = ~q
c

t � ŝ
c

t allows one to decompose the partial derivative
@g
c

t
@qt�1

into a perceptual and learning component: @g
c

t
@qt�1

= @ ̂
c

t
@qt�1

=
@~q
c

t
@qt�1

� @ŝ
c

t
@qt�1

. Taking the

partial derivative of each expression yields @ŝ
c

t
@qt�1

=
@ŝ
c

t

@~q
c
t�1
�
�
@eqct�1
@~qt�1

� @eqt�1
@qt�1

�
. Since

@eqct�1
@~qt�1

> 0,

@eqt�1
@qt�1

> 0, and @ŝ
c

t

@~q
c
t�1

= �

+�t

�
1 +

@~q
c

t

@~q
c
t�1

�
> 0 by argument and de�nition, then @ŝ

c

t
@qt�1

> 0.

This con�rms intuition� as any score increases, the estimated systematic score across all

students should also increase. Additionally, given @~q
c

t
@qt�1

=

�
@~q
c

t

@~q
c
t�1

� @~q
c

t�1
@~qt�1

� @~qt�1
@qt�1

�
< 0 by

argument and de�nition, it follows that @g
c

t
@qt�1

< 0 [(ii)].

Assume, without loss of generality, that � = 0. Applying the reasoning above one

can decompose each partial derivative @g
c

t
@qt�k

into a perceptual component and a learning

component: @g
c

t
@qt�k

=
@~q
c

t
@qt�k

� @ŝ
c

t
@qt�k

. Solving for the �rst expression (perception) gives:

@~q
c

t
@qt�k

=
@~q
c

t

@~q
c
t�k

�
�
@eqct�k
@~qt�k

� @eqt�k
@qt�k

�
which, by de�nition can be simpli�ed to: @~q

c

t
@qt�k

=
@~q
c

t

@~q
c
t�k

=

�[�1
@~q
c

t�1
@~q
c
t�k
+�2

@~q
c

t�2
@~q
c
t�k
+ :::+�k

@~q
c

t�k
@~q
c
t�k
] for k > 0. Given the speci�ed lag structure, �k = �k1, for

k = 1, @~q
c

t
@qt�k

= ��1, and for k > 1, since the coe¢ cients for the partial derivatives cancel,
@~q
c

t
@qt�k

= 0.

The second expression (learning) can be expressed as: @ŝ
c

t
@qt�k

=
@ŝ
c

t

@~q
c
t�k
�
�
@eqct�k
@~qt�k

� @eqt�k
@qt�k

�
=

@ŝ
c

t

@~q
c
t�k

where @ŝ
c

t

@~q
c
t�k

= �

+�t

�
@~q
c

t

@~q
c
t�k

+ :::+
@~q
c

t�k
@~q
c
t�k

�
. Note that for k = 1, @~q

c

t

@~q
c
t�k

= ��1 and

therefore, @ŝ
c

t

@~q
c
t�k

= �

+�t(��1+1). For k > 1,

@~q
c

t

@~q
c
t�k
+

@~q
c

t�1
@~q
c
t�k
+ :::+

@~q
c

t�k+2
@~q
c
t�k

= 0;and
@~q
c

t�k+1
@~q
c
t�k

=

��1, so again @ŝ
c

t

@~q
c
t�k

= �

+�t (��1 + 1). Therefore, for any k > 0, the learning component

@ŝ
c

t

@~q
c
t�k

is 0 < �

+�t (��1 + 1) < 1. The intuition underlying this result is that the degree of

updating at period t due to some past score is invariant to how far in the past the score

was assessed.

Recall that @g
c

t
@qt�k

=
@~q
c

t
@qt�k

� @ŝ
c

t
@qt�k

. When k = 1, @g
c

t
@qt�k

= �(1 � �

+�t)�1 �

�

+�t since

@~q
c

t
@qt�k

= ��1 and @ŝ
c

t

@~q
c
t�k

= �

+�t (��1 + 1). When k > 1, then @g

c

t
@qt�k

= � �

+�t (��1 + 1).

Therefore, when k < l,
��� @gct
@qt�k

��� � ��� @gct@qt�l

���[(iii)]. Part (iv) of the proposition follows from

parts (i) and (ii) above and then taking the limit as �! 1[(iv)].

Proof of Corollary 2. The proofs for (i), (ii) and (iii) critically rely on the assumption
that all prior evaluations are held constant except for the evaluation in the period of interest.
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Accordingly, the perturbation in the evaluation at period (t � 1) must be the result of a
perturbation in the perceived quality of the exam during the same period, ~qt�1. Therefore,
@g
c

t
@gt�1

jgt�i;i>1 =
@g
c

t
@~qt�1

=
@g
c

t
@qt�1

. By part (ii) of proposition 2, @g
c

t
@gt�1

jgt�i;i>1 =
@g
c

t
@qt�1

< 0 [(i)].

Parts (ii) and (iii) follow from the same reasoning, as well as the proof of Proposition 2.[(ii),

(iii)].
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10 Appendix - Tables

Appendix Table 1

SUMMARY STATISTICS FOR GRADING EVALUATIONS

ALL YEARS 2002 2003 2004 2005

N MEAN SD MIN MAX N MEAN N MEAN N MEAN N MEAN

1139 289 286 276 288

1139 39.6 7.1 5 50 289 40.2 286 39.9 276 39.5 288 38.7

1134 144.9 23.4 54.5 191 289 147.1 281 143.2 276 145.0 288 144.2

1139 22.9 6.2 2 40 289 26.3 286 21.1 276 20.5 288 23.6
1139 137.4 29.6 17 194 289 149.7 286 138.0 276 135.1 288 126.9

Finals MC 400 23.3 6.2 8 40 100 26.5 100 21.6 100 20.2 100 24.7
PS Total 400 39.1 7.8 0 50 100 39.6 100 39.3 100 39.0 100 38.4
Midterm Total 400 145.1 24.3 55 191 100 145.1 99 144.3 100 145.1 100 145.7

Finals MC 400 22.3 6.3 2 38 100 25.5 100 20.8 100 20.4 100 22.3
PS Total 400 39.8 7.1 5 50 100 40.5 100 40.9 100 39.5 100 38.3
Midterm Total 400 143.4 24.2 61 190 100 146.6 99 142.9 100 144.5 100 139.6

Finals MC 339 23.2 5.9 6 38 89 27.1 86 20.9 76 20.9 88 23.6
PS Total 339 39.8 6.5 14 50 89 40.5 86 39.3 76 40.0 88 39.5
Midterm Total 330 146.4 21.2 74 188 89 149.8 83 142.2 76 145.5 88 147.8

TOTAL GRADE 1139 72.3 12.0 25 95 288 70.6 276 71.5 286 71.8 289 75.1

MIDTERM TOTAL

FINAL

Total
Multiple Choice

PS TOTAL

STUDENTS

BY ORDER

0 to 100

201 +

101 to 200
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Appendix Table 2

OVERVIEW OF PENNSYLVANIA JUDICIAL COURTS

COURT LEVEL CASE TYPES NUMBER OF JUDGES

Magisterial District
Courts

Traffic, minor criminal cases, civil cases under
$8,000, and bail hearings, arraignments and

preliminary hearings for more serious criminal
offenses

> 500

Court of Common Pleas Civil cases, serious criminal offenses, appeals from
lower courts, matters involving children and family 93 judges

Superior Court/
Commonwealth Court

Appeals from lower courts, original civil cases
brought against the State 35 judges

Supreme Court Appeals from lower courts 7 judges

Notes:  Counties outside of Philadelphia and Pittsburgh have additional courts at the level of the MDCs (not listed above).  Data
gathered from sources on the PA state court website, as well as the AOPC website.
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Appendix Table 3

OVERVIEW OF MAJOR CHARGE CATEGORIES IN PA DISTRICT COURTS

CATEGORY % DESCRIPTION ROLE IN ANALYSIS

Summary Offense 37
Traffic or minor non-traffic offenses with

less than $300 fine or 90 days
imprisonment

Dependent Variable

Preliminary Hearing 14
Hearing to determine whether sufficient

evidence exists to charge defendant with a
criminal offense.

Priming Event if
Criminal

Arraignment 10

Hearing where defendant is informed of
criminal charges against him, and

defendant enters a plea of guilty or not
guilty

Priming Event if
Criminal

Bail Hearings 0.5
Hearing to determine whether criminal

defendant can be released on bail prior to
trial and the amount of such bail

Priming Event if
Criminal

Civil Disposition &
Landord-Tenant Dispute 11 Non-criminal case in which private party

sues another for remedy Not used

Note:  Categories describe hearings in district courts for PA counties outside of Philadelphia and Pittsburgh.  Definitions collected from various publications
from PA state court websites, as well as the AOPC websites.  Statistics on case percentages calculated from 2001 - 2005 sample.
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