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a. Basic Ideas



Basic Ideas
1. Group Membership

• Individual beliefs, preferences, and opportunities are conditioned 
by group memberships. 

• This dependence typically takes the form of complementarities:
• The likelihood or level of action by one person increase with 

respect to the behavior (or certain characteristics) of others.



Basic Ideas
2. Memberships evolve in response to those interactions. 

• Groups (non-overlapping subsets of the population) stratify along 
characteristics which affect outcomes.

• Economic and social (typically ethnic) segregation result in 
neighborhoods, schools, etc.



Basic Ideas
3. Persistent intergenerational inequality and poverty result 
as:

• Individuals face different interactions and environments over their 
lives.

• Stratification of society affects both parents and children.



Basic Ideas
Social interaction models thus study the interplay of social forces
which influence individual outcomes and individual decisions which
determine group memberships and hence social forces.



Key Features of this Approach
1. Individual incentives and social structure meld into a more generalexplanation of individual behavior. From the perspective ofeconomics, introduction of better sociology; from the perspectiveof sociology, better economics!
2. Approach explicitly incorporates incomplete markets and otherdeviations from baseline neoclassical theory of choice.
3. Aggregate behaviors such as crime or non-marital fertility ratesemerge through the interactions within a heterogeneouspopulation



Examples of Social Influences
1. Peer group effects
2. Role models
3. Social norms
4. Social learning



Phenomena where Social Interactions Plausibly Matter
1. Fertility
2. Education
3. Employment
4. Health
5. Language



Types of Groups
1. Endogenous

• Neighborhoods
• Firms
• Schools

2. “Exogenous”
1. Race/Ethnicity
2. Gender
3. Religion



b. Theory



Complementarity is a fundamental concept in the social interactionsliterature because it characterizes how the attributes of one individualaffect the decision problems of others. The term attribute is used as acatchall for two different channels by which these interpersonal effectscan manifest themselves.
One channel involves the way an individual’s characteristics affectsothers. The other channel involves the effects that one person’s choiceshave on others.

Complementarity



Consider a group of I individuals. Each individual is associated with aK-length vector of attributes . Each vector of attributesproduces a payoff

where denotes the vector composed of attributes of members ofthe group other than i. For each i, a argument, this function isassumed to be twice differentiable.

Complementarity



Definition: Complementarity
A payoff function is said to exhibit complementarity between agent i’sa-th attribute and the agent j’s b-th attribute if

Complementarity
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Complementarities thus restrict how marginal payoff changes in i’sattributes are affected by changes in the attributes of others.
Complementarity
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Complementarities are distinct from positive spillovers.
Definition: Positive Spillovers
The payoff function is said to exhibit positive spillovers from attribute a ofagent i to agent j if

Positive spillovers tell us about the payoff level changes for one agentassociated with changes in the attributes of others.

Complementarity
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Social vs. Individual Determinants of Outcomes
“Standard” Model of Individual Choice

i  choice of behavior of individual i    
 

i   constraint set  
 

iX   observable individual characteristics, 
 

i  unobservable individual characteristics (to the modeler) 



Social vs. Individual Determinants of Outcomes
Algebraically, the individual choices represent solutions to:
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Social Interactions Approach
 g i   group of individual i  

 
 g iY   characteristics of  g i  

 
 e

i i    subjective beliefs individual i  has concerning behavior of others 
in his group, where 
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Social Interactions Approach
In this case, choice is described by 
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In words, preferences, constraints, beliefs depend on memberships.  



Key Theoretical Properties
1. Multiple Equilibria
2. Social Multipliers
3. Phase Transition



Key Theoretical Properties
1. Properties are “universal,” although they of course depend on 

parameter values.
2. These models are intrinsically nonlinear 



Identification
1. How can social mechanisms be uncovered from social science data? 

This is the identification problem. 
2. Manski (1993) launched the current literature. Blume et al. (2011) 

synthesizes. 



In social interactions contexts, there are three types of identification problems.
1. Classical identification: Assuming one has “properly” accounted for the error structure in choice model, can different types of social interaction effects be disentangled? 
2. Self-Selection: How does self-selection into neighborhoods affect standard econometric procedures and how can self-selection be accounted for.
3. Unobserved Group-Level Variables: Omitted common factors may confound social interactions.



Example
To understand the difficulties that exist in empirically identifying acausal role for groups in determining individual outcomes, it is useful toconsider a specific example. Suppose that a researcher wishes toevaluate the effect of high poverty neighborhoods on teenageeducational attainment, such as completion of high school. The crudefact leading one to believe such an effect is present is a bivariaterelationship between high poverty neighborhoods and low educationalattainment.



Possible Explanations: 1
High poverty neighborhoods are disproportionately composed ofadults with low labor market aspirations (as compared to more affluentcommunities). If parents transmit low aspirations to their ownchildren, and if these low aspirations adversely influence educationalattainment, then poor neighborhoods will exhibit lower educationalattainment than richer ones, without any causal influence from theneighborhood to the individual.



Possible Explanations: 2
Families in high poverty neighborhoods are less likely to be able tofinance post-secondary education, hence the opportunities for furthereducation generated by a high school diploma are not available tomany teenagers in these neighborhoods.



Possible Explanations: 3
Teacher quality is lower in high poverty neighborhoods as betterteachers should to be employed in schools in communities with lowercrime rates.



Possible Explanations: 4
High poverty neighborhoods possess a relatively high concentration ofindividuals who, despite graduating from high school, failed to achievesuccess in the labor market. Hence teenagers observing the economicbenefits of graduation will not observe examples where graduation hadmuch of a payoff.



Possible Explanations: 5
Teenagers are influenced by the aspirations of role models in thecommunity where they live. If the role models in a neighborhood havelow labor market aspirations, then this will depress the educationalachievements of children in the neighborhood.



Possible Explanations: 6
Teenagers in high poverty neighborhoods are, due to local publicfinance, higher crime, etc. provided lower quality schools than studentsin other communities.



Possible Explanations: 7
Teenagers are influenced by the behaviors of their peers through a“primitive” desire to conform to others. In a given community, high andlow levels of educational attainment are self-reinforcing as theeducational effort of a given teenager reflects his preference to seemlike “one of the crowd.”



Possible Explanations: Identification
Each of these explanations will produce the same correlations betweenlow individual educational attainment and neighborhood poverty, buteach is based on a different causal mechanism.
The statistical question is whether these different explanations can bedisentangled in a given data set.



Possible Explanations: Identification
1. explanations 1 and 2 attribute the correlation of neighborhood povertyand low individual educational attainment to self-selection
2. explanation 3 is an example of an unobserved group level effect
3. explanations 4, 5, 6 are examples of contextual effects as the distributionof educational levels and incomes among older members of thecommunity are affecting current behaviors;
4. explanation 6 is an example of an endogenous effect as it is based oncontemporaneous interdependences in behavior.



Identification – Linear Models
Within a group, assume individual behavior obeys:

: observable (to all group members) heterogeneity: unobservable (except to i) heterogeneity
: contextual effects intensity weights; form sociomatrix C
: endogenous effects intensity weights; form sociomatrix A

Rows of sociomatrices sum to 1; weights are nonnegative.
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Identification – Linear Models
Comment: Sociomatrices and Social Networks
• Sociomatrices are sometimes constructed from social networks.
• Social networks data identify who is connected to whom.
• Assumption is often made that individuals react to averages of others innetwork.
Important: Social network data does not directly measure intensities.



Identification – Linear Models
Identification Problem:
Recover from joint distribution of .
What determines whether these parameters are identified?
1) Properties of unobserved heterogeneity
2) Prior knowledge on sociomatrices C and A



Identification – Linear Models
Classic identification problem
Assume independent of .
Identification problem for this model is in fact a variant of classicalidentification question for linear simultaneous equations.



Link between General Linear Social Interactions Model and Literature
This general framework includes common specifications as specialcases.
1: Linear-in-Means Model
The most common linear interaction model is the linear-in-meansmodel, in which the population is partitioned into nonoverlappinggroups , no intergroup social interactions are present, andunweighted averages summarize intragroup interactions.



Identification – Linear Models
Letting denote the population size of group , these restrictionsmay be expressed as

Failure of identification known as reflection problem (Manski (1993)).
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Identification – Linear Models
The Manski (1993) reflection problem for nonidentification holds forthe large sample limit of this model.
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Identification – Linear Models
2. Neighborhood Generalizations of the Linear-in-Means Model
A second class of models, typically employed when data on networkstructure are available, associates with each agent a group of othersto whom he is directly connected. These others define theneighborhood. The effect of the neighborhood on an individual mimicsthe original linear-in-means model.
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Identification – Linear Models
Result 1: (Blume, Brock, Durlauf, Jayaraman (2015))
Without additional prior information on and , identification fails.
This is not a surprise.



Identification – Linear Models
If one replace the expectations in the linear model with realizations,then the model is essentially the standard unidentified simultaneousequations model.

Since one would (intuitively) replace with in two stage leastsquares (for example), identification failure is obvious.
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Identification – Linear Models
Result 2: If and are known a priori, then identification holds generically.
Generically means “for almost all sociomatrices” in a mathematically precisesense.
Intuition: The number of unknown parameters in each individual’s behavioralequation is reduced to 4 and these parameters are the same acrossequations.
This explains why variations of Manski’s unidentified model were identifiedand why models in which and are constructed from network data areidentified.



Identification – Linear Models
Result 3: Identification may hold under partial knowledge of sociomatrices
Case 1: known, unknown

Economics may justify prior knowledge of C.
Case 2: number of included ’s (nonzero weights) no larger than number ofomitted ’s.

Analogy of the classic order condition.
IMO: econometric literature has erred in not focusing on assumptions/possibilitiesfrontier with respect to sociomatrices



Identification – Linear Models
Self-Selection
Self-selection matters because

where .
Strategies: instrumental variables, control functions (Heckman selection correctionand generalizations)
Advantage of latter: can facilitate identification! Why? Endogeneity of socialstructure encodes information on social interactions.
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Identification – Linear Models
Fixed Effects and Correlation in Unobserved Heterogeneity
Not amenable to behavioral modelling.
IMO harder than self selection.



Program Evaluation and Treatment Effect Approaches
Some evidence on social effects is indirect, deriving from policies whichalter social structure.
Quasi-experiments that alter the location of poor families is a leadingexample.
The logic of these exercises is straightforward: implement a policyrandomly, see what happens.



Program Evaluation and Treatment Effect Approaches
Standard problem: policy may create opportunities (use available jobtraining, exercise a voucher), and so this needs to be accounted for inmeasuring effects.
• Intent To Treat (ITT) compares those eligible for program with controlgroup
• Treatment on Treated (TOT) compares those who use program withcontrol group



Program Evaluation and Treatment Effect Approaches
(Trivial) Observations
1. Treatment effects do not measure social interactions; they measurethe consequences of the treatments.
2. Useful in process of abduction.
3. No prioritization of types of evidence appropriate.



Example: Binary Choice (Brock and Durlauf (2001))
Consider a population of individuals who are members of a commongroup g. Our objective is to probabilistically describe the individualchoices of each where , and thus the collective set ofchoices .
From the perspective of theoretical modeling, it is useful to distinguishbetween three sorts of influences on individual choices. Theseinfluences have different implications for how one models the choiceproblem.



Example: Binary Choice (Brock and Durlauf (2001))
Assume utility is

is the private deterministic utility associated with a choice
is the private deterministic utility associated with a choice

is a choice specific random utility term; iid across agents
Agents know all ’s, but only observe their own .



Example: Binary Choice (Brock and Durlauf (2001))
If  ( ),
Then  ( )

 ( )
And



Properties of Model
1. Interplay of distribution of private incentives , social interaction

parameter and degree of dispersion of unobserved heterogeneity, .
2. Conditional on others, if large enough, multiple equilibria.
3. Conditional on multiple equilibria at initial set of values, decreasing

sufficiently (increasing dispersion) will eliminate multiplicity.
4. Conditional on multiple equilibria at initial set of values, sufficiently large

increases in ’s will eliminate multiplicity,
When and , model reduces to textbook logit model.



Formation of Social Structure: Theory
A comprehensive theory of social influences on behavior requiresunderstanding the determinants of social structure.
Many of the existing models of social structure can be understood asinvolving either groups or social networks. These terms are notexclusive, but the logic of the formation process differs across them.
I restrict discussion to groups.



Group Formation
Marriages, neighborhoods, schools, firms all examples in whichindividuals are members of (within a category), nonoverlapping groups.
Distinct microeconomic foundations (of course) underlie of these, Acommon question for each context is the extent to which assortativematching (like matched with like) occurs in equilibrium.



Group Formation
The presence of contextual effects and endogenous effects

, in individual payoff functions implies that a complete theoryof neighborhood effects must account for how neighborhoods areformed in the presence of these effects. From the perspective of anabstract choice problem, individual neighborhood choices may bethought of as
∈

∗
where ∗ is the expected utility associated withneighborhood , and denotes any additional variables that affectthis payoff; typically, this will be the rental price to residence.



Group Formation
Notice that this payoff calculation requires that agents form beliefsabout which equilibrium will emerge in a neighborhood when multipleequilibria exist. An equilibrium in an endogenous neighborhoods modelis a configuration of agents across neighborhoods such that each agentsolves (13) and the resulting values of are those that are generatedby this configuration. Put differently, the neighborhood choices ofindividual agents help determine the effects in a neighborhood, solocation decisions need to exhibit self-consistency.



Group Formation
The key theoretical feature of interest in these types of modelsconcerns how individuals with different attributes are allocated acrossneighborhoods; this allocation will determine the extent to whichdifferent neighborhoods will exhibit different contextual effects;without such differences, the only way that neighborhoods may affectinequality is via multiple equilibria. The most common attribute that isstudied in this literature is income, although other attributes have beenconsidered, as is discussed below.



Group Formation
Much of the interest in neighborhood configurations, in turn, focuseson the extent to which neighborhoods are stratified by income or otherattributes. Neighborhoods are said to be stratified with respect to anattribute if it is the case that the supports of the intra-neighborhooddistributions of do not overlap except at endpoints. Stratification byincome, for example, provides a basis for understanding persistence ineconomic status across generations: poor families are consigned topoor neighborhoods, whose effects make it more likely their childrenare poor, etc.



Neighborhoods
Neighborhood models can provide insights into the extent to whichone observes residential income segregation. Bénabou (ReStud 1996)gives a general set of conditions for stratification.



Neighborhoods
The population consists of a continuum of agents with associatedmeasure who may live in one of two neighborhoods, each of sizeand denoted as A and B.
Residence in a neighborhood entails the payment of s rent ;these rents go to an absentee landlord.
There are two types of agents, denoted by whether they are associatedwith incomes or . Let denote the percentage ofagents.



Payoff to a given neighborhood:

When do neighborhoods stratify by income? Consider how individualagents are willing to trade off the rental price against .Specifically, for each individual, one may define the functionR which characterizes the marginal tradeoff betweenand that leaves utility unchanged at a given initial .

Neighborhoods



This tradeoff implicitly describes how different agents will react tochanges in relative neighborhood rental prices.
This function may be derived by differentiating the payoff function withrespect to and when utility is held constant, i.e.

Neighborhoods
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The properties of determine whether neighborhoods arestratified in equilibrium.
Proposition (Bénabou (1996))
If is increasing in , then the only stable equilibriumconfiguration of families is one that is stratified.
This is intuitive: the more affluent need to be more willing to pay forhigh income neighbors than the less affluent for stratification to hold.What might lead to such a willingness to pay difference?

Neighborhoods



Complementarity and optimal matching (Becker (1973))
Consider a population of N men and N women.
Suppose that the product of a marriage between man u and woman vdepends on scalar characteristics and of the man and womanrespectively.
Suppose that the product of a given match is and that thisfunction is increasing in both arguments.

Matching



Proposition: Optimality of assortative matching in the Beckermarriage model

If ( , ) then assortative matching maximizes the sum of
products across marriages.

Matching



Proof:
For assortative matching to be inefficient, there must exist pairsand such that , , and

But this can be rewritten as

The last inequality is inconsistent with complementarity.

Matching
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For firms, one might simply say that one has NK agents with scalar skillscharacteristics who must be organized into K-tuples, each of whichproduces some payoff.
In this case, equating supermodularity with the efficiency of assortativematching also requires permutation invariance (Durlauf and Seshadri(2003)): if a is a K-tuple of characteristics and is a permutation of ,then

.

Matching



Equity/Efficiency Tradeoffs
Assuming that returns to a group are not redistributed, then themaximization of average output also maximizes the gap between thehighest and lowest groups output.
In my opinion, a great example of an equity/efficiency tradeoff.

Matching



A Caveat
Assortative matching can be dynamically inefficient even if every staticfunction of interest exhibits complementarities.
This following numerical example, taken from Durlauf and Seshadri (inprogress) illustrates general ideas.

Matching



Consider 4 agents who are tracked over 3 periods.
Each agent is associated with a period-specific characteristic ; forconcreteness assume that it is educational attainment. Thedistribution of period-0 values is 10, 10, 20, 20.
In periods 0 and 1, the agents are placed in two person groups, Think ofthese as classrooms. Pairings can differ between periods 0 and 1.

Matching



The value of is determined by and , the value for theagent with whom he is paired. The policymaker chooses the pairings.
The objective of the policymaker is to maximize , i.e. the averagecharacteristic in period 2.

Matching



Suppose that one step ahead transformation function for agentcharacteristics is

This function exhibits strict increasing differences (I do not use theterm complementarities because the function is not differentiableeverywhere.)

Matching
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Proposition:
If , then for sufficiently small, then is maximized bynegative assortative matching in period 0 and assortative matching inperiod 1.

Matching



What is the general idea from the example?
Assortative matching is efficient when one wants to maximizes the averageof something.
For this problem, the period 0 rule should not maximize ; it should choosethe feasible distribution of ’s which is best for maximization of . Thisdistribution depends on higher moments of the period one distribution than.
The shift from negative assortative matching to assortative matching in theefficient sorting rule has “real world” analogs, e.g. mixed high schools andstratified colleges.

Matching



Equilibrium
It is one thing to ask how agents should be configured by a socialplanner who maximizes the sum of payoffs across groups. A distinctquestion is how agents will organize themselves in a decentralizedenvironment. In the marriage case, Becker shows that the efficient (interms of aggregate output) equilibrium in terms of male/femalematches will occur when marriages are voluntary choices, so long asmarital partners can choose how to divide the output of the marriage.This division of marital output is the analogy to market prices thatwould apply to labor market models in which workers are sorted tofirms. Similarly, one can show that wages can support the efficientallocation of workers when increasing returns are absent.

Matching



Unequal Division can Promote Equality
Second, suppose that marital output cannot be arbitrarily divided;assume for simplicity that the output is nonrival so that both marriagepartners receive it. (Parents will understand). Further, rule out transfersbetween the partners.
The ruling out of transfers is important as it means, in essence, thatneither member of the marriage can undo the nonrival payoff of themarriage.

Matching



Under these assumptions, assortative matching will still occur, evenwhen it is socially inefficient. The assumption that isincreasing in both arguments is sufficient to ensure that the highestwill match with the highest , etc.
This indicates how positive spillovers can create incentives forsegregation by characteristics even when the segregation is sociallyinefficient. Durlauf and Seshadri (2003) hint at this possibility; it issystematically and much more deeply addressed in Gall, Legros, andNewman (2015). It is worth thinking about the possibility of inefficientsegregation in various contexts. Residential neighborhoods and collegestudent bodies are possible examples beyond marriage.

Matching



c. Neighborhoods and Schools



Neighborhood Effect Heterogeneity by Family Income andDevelopmental Period (AJS, forthcoming 2016)
Research question: How does timing of exposure to disadvantagedneighborhoods during childhood versus adolescence affect high schoolgraduation? And how do these effects vary across income levels?
• Estimates structural nested mean model via two-stage regressionwith residuals
• Uses PSID data on 6,137 children from childhood throughadolescence

Wodtke, Harding, and Elwert (2015)



• Neighborhood effects are detrimental to education attainment, andmuch more so for poor relative to non-poor families
• For poor blacks, high school graduation rates are 25 p.p. lower forstudents living in the most disadvantaged neighborhoods comparedto least disadvantaged neighborhoods. For poor whites it is 8 p.p.
• For non-poor blacks and non-poor whites, it is 8 p.p. and 3 p.p.respectively.

Wodtke, Harding, and Elwert (2015)



Wodtke, Elwert, and Harding
Fig. A1.— Neighborhood socioeconomic characteristics by disadvantage index quintile



Black students
FIG. 4.—Predicted probability of high school graduation by adolescent exposure to neighborhood disadvantage and family poverty history, black respondents. Probabilities are computed with childhood treatment set to residence in a third-quintile, or “middle class,” neighborhood.



White students
FIG. 5.—Predicted probability of high school graduation by adolescent exposure to neighborhood disadvantage and family poverty history, white respondents. Probabilities are computed with childhood treatment set to residence in a third-quintile, or “middle class,” neighborhood.



d. Identity



Assessing the Oppositional Culture Explanation for Racial/ethnicDifferences in School Performance (Am. Soc. Rev., 1998)
Ainsworth-Darnell and Downey

Note: High School Sophomores from the National Education Longitudinal Study, 1990. Valid cases range from 11,937 to 16,972. “Somewhat” is the omitted category between “Not at all” and “very much.”  



Ainsworth-Darnell and Downey

Note: Numbers in parentheses are standard errors. White is the omitted category for race; “somewhat good" is the omitted category for good student. Models 2 through 5 also include the following control variables: sex, region, number of siblings, parents' age, family structure, and urban/suburban/rural locationof school.*p<.05; **p < .01; ***p< .001 (two-tailed tests) 



An Empirical Analysis of Acting White (J. Pub. Econ., 2010)
Data from Add Health survey (a nationally representative sample of US students entering grades 7 through 12 in the 1994–1995 academic year):
• Grades: Most recent GPA on a 4.0 scale (A=4, D or Lower=1), averagedacross four subjects.
• Friends: Each respondent nominates up to five friends of each sexwho are themselves surveyed

Fryer and Torelli



Social status: the (unique) index that satisfies monotonicity, homogeneity, andlinearity (Echenique and Fryer, 2005)
• Monotonicity: an increase in individual ’s same-race connections implies anincrease in ’s social status .
• Homogeneity (a normalization): when all individuals of a given race haveexactly same-race friends, they all have
• Linearity: individual ’s social status should be the average among 'ssame-race friends, relative to the average social status of the individuals in 'sconnected component (all ’s friends, friends of friends, etc.)

Qualitatively, linearity implies that 's social status depends on the social status ofher friends, and a decrease in the social status of one of 's friends will affect lessif is in a high social status component.

Fryer and Torelli



An Empirical Analysis of Acting White (J. Pub. Econ., 2010)
Fryer and Torelli



• Members of a social group (exogenously determined) may havenegative associations with certain activities
• Undertaking such an activity may result in a utility penalty from “lossof identity”
• Members of such a group may thus avoid activities despite apparenteconomic benefits

Akerlof and Kranton



Implications:
• Can rationalize group differences in e.g. antisocial behavior,educational attainment
• Residential job training programs may be more successful (Stanley,Katz, and Krueger1998) because they allow participants to avoidinteraction with their original group
• May explain success of programs which separate students adheringto different identities (e.g. Central Park East Secondary School in EastHarlem)
• “…Legal equality may not be enough to eliminate racial disparities”

Akerlof and Kranton



d. Discrimination and Stigma



Why (Many) Economists are Skeptical that Discrimination is a First OrderDeterminant of Black/White Differences (following Heckman (2008))
1. Strongest empirical evidence is at micro level; equilibrium implications unclear.(Becker discrimination model).
2. Identification problems with respect to taste-based versus statisticaldiscrimination.
3. Many measures of discrimination involve interpretation of ethnicity-indexeddifferences in residuals.
4. Educational gaps seem first-order in explaining gaps.

Discrimination



The Mark of a Criminal Record (2003 AJS)
Audit methodology: matched pairs of individuals (called testers) to apply for realjob openings in order to see whether employers respond differently to applicantson the basis of selected characteristics
Two pairs of testers
• Black pair audited 200 employers, white pair audited 150 employers
• All testers claimed to have high school diploma
• Each tester alternated between no criminal record and a felony drug conviction(possession with intent to distribute, cocaine), 18 months (served) prison time
• Testers assigned favorable work histories with steady work experience in entry-level jobs and nearly continual employment (until incarceration). In the job priorto incarceration (and, for the control group, prior to the last short-term job),testers reported having worked their way from an entry-level position to asupervisory role

Pager



Pager



Pager
Greater disparity for applications that asked about criminal history



Pager
Greater disparity for applications submitted without personal contact



Why Has Black-White Skill Convergence Stopped? (Neal, 2006)
1. Gap in reading and math scores narrowed to 20-25 p.p. in the late 80s
2. Gap has stagnated or even widened slightly from the 80s to the late 90s
3. Discrimination models suggest that returns to skills for whites should behigher than blacks
4. However, skill-returns are higher for blacks than whites

Discrimination



Neal (2006)



Neal (2006)



Racial Inequality in the 21st Century (Fryer, 2011)
1. Declining significance of discrimination in labor markets
2. After accounting for skills (AFQT), the male black-white wage gapfalls by 72% for the 1979 NLSY cohort and 39% for the 1997 NLSYcohort
3. Similar declines in the importance of skills on racial wage gaps forfemales

Discrimination



Fryer (2011)



Fryer (2011)



Fryer (2011)



Open Research Questions (IMO)
1. Discrimination may manifest itself via costs to actions, not viawages (for example).
Common to see unobserved cost differences explains educationalchoice differences.

Discrimination



2. Stigma vs. statistical discrimination (Loury).
My interpretation:
Standard statistical discrimination models ask for circumstances underwhich beliefs of whites about blacks, given data, are confirmed by data.
A distinct question is whether data are rich enough to swamp priors. Insuch a world; segregation inhibits.

Discrimination


