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Big Data

Online platforms and data brokers track consumer activities, producing
new measurements of everything from

the size of your social network, to how often you move, to how
many hours you spend playing video games

This new data is increasingly available to firms and organizations, and
regulators are concerned about

banks using this data to predict whether an agent is creditworthy

firms using this data to predict a worker’s productivity at a new job

Recent EU regulation draft labels these as “high risk” — not just privacy
concerns, but also possibility of the forecasts to “distort behavior.”
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Reputational Incentives for Effort

To understand when and how to regulate new data, need to first
understand the economic implications.

Today focus on impact on markets with moral hazard.

Agents exert hidden effort (which may be productive, but is
costly).

Main incentive to do this is a reputational payoff: improve a
market’s perception of their quality.

Our question: How does information extracted from big data
impact effort choice and welfare?
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Model



Reputational Incentives for Effort (Holmstrom, 1999)

An agent participates in a market across two periods.

The agent has a type θ which is unknown to both the agent and
the market.

In period 1:

The agent exerts hidden effort e ∈ R+ at cost C (e) =
1

2
e2.

An outcome
Y = e + θ + ε

is observed, where ε is a shock independent of θ

In period 2, the agent receives a reputational payoff E[θ | Y ]

Total payoff: −(1− β) · e
2

2
+ β · E[θ | Y ] for some β ∈ (0, 1).
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Our Model:

We suppose that θ and ε are predictable from primitive covariates:

θ = θ1 + · · ·+ θJ

ε = ε1 + · · ·+ εK

where

θ1, . . . , θJ are called attributes

ε1, . . . , εK are called circumstances

Examples:

Labor market: θ is productivity, Y is output. “Reliability” is
an attribute; “industry shock” is a circumstance.

College admissions: θ is ability, Y is GPA. “Attention span” is
an attribute; “illness or injury” are circumstances.
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Expansion of Measured Covariates

Some covariates are measured, revealing their values for all agents.

Measured attributes: J ⊆ {1, . . . , J}

Measured circumstances: K ⊆ {1, . . . ,K}

Timeline:

t = 0 : Agent and market observe agent’s realization (θJ , εK)

t = 1 : Agent chooses effort e and incurs cost of effort.

t = 2 : The outcome Y = e + θ + ε is realized, and the agent
receives the market’s forecast E[θ | Y , θJ , εK].

Distribution of effort depends on family (J ,K)

Big data: Measured covariates expand from (J ,K) to (J ′,K′).
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Some Comments on Knowledge Assumptions

Should the agent know more?

Each θj is really the effect of a given covariate

Agents may know, e.g., # hours spent playing video games,
but not how that translates into productivity

Should the agent know less?

Agents only need to understand the value of their effort,
which may be learned by experience in the market.

Our results generalize under model uncertainty where the
agent is uncertain about the market’s understanding of (θ, ε).
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Related Literature

Growing literature about the economic consequences of big data.

see e.g. Bergemann, Bonatti, and Smolin (2018); Ichihashi (2019);
Bergemann, Bonatti, and Gan (2020); Hidir and Vellodi (2021);
Elliot et al. (2021).

Specifically related to us, papers about impact on consumer effort:

incentives for “gaming” forecasts (Eliaz and Spiegler, 2019;
Frankel and Kartik, 2020; Ball, 2020)

to improve own characteristics (Haghtalab et al., 2020)

These papers treat the data environment as fixed. We vary it.

Methodologically, we build on the career concerns literature.

Closest paper: Dewatripont et al. (1999). Effort chosen prior
to information realizations.



Preview of Main Results

The change in effort on average is determined completely by
whether the covariate is an attribute or circumstance:

New attributes reduce average effort
New circumstances increase average effort

But the change in effort may differ across agents not only in
magnitude but also in sign — we call this disparate impact

Demonstrate a statistical condition which guarantees that
disparate impact does not emerge.

Use these results to determine when measurement of a new
covariate improves welfare.
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Example: Labor Market

Worker output is

Y = e + θ + ε, ε ∼ N (0, 100)

Worker productivity θ decomposes into a residential stability θ2 and a
worker reliability θ2.

The two attributes are correlated: θ1 ∼ U ([0, 1]) and

θ2|θ1 ∼

{
U([90, 100]), θ1 ≥ 0.05

U([0, 100]), θ1 < 0.05

Workers with very low residential stability are less reliable on average and
also very heterogeneous

includes individuals who move frequently because of evictions

Paul Erdős famously had no permanent residence
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Comparison Across Two Data Environments

Suppose no attributes are measured.

All agents exert effort e∗ ≈ 0.16.

Suppose worker reliability remains unmeasured, but big data makes
it possible to observe a worker’s residential stability.

Average effort declines to 0.11.

Effort for infrequent movers declines to e∗∗ ≈ 0.08

−→ equilibrium payoffs increase

Effort for frequent movers rises to ẽ∗∗ ≈ 0.82

−→ equilibrium payoffs decrease

Measuring residential stability leads to disparate impact.
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−→ equilibrium payoffs decrease

Measuring residential stability leads to disparate impact.



Comparison Across Two Data Environments

Suppose no attributes are measured.

All agents exert effort e∗ ≈ 0.16.

Suppose worker reliability remains unmeasured, but big data makes
it possible to observe a worker’s residential stability.

Average effort declines to 0.11.

Effort for infrequent movers declines to e∗∗ ≈ 0.08

−→ equilibrium payoffs increase

Effort for frequent movers rises to ẽ∗∗ ≈ 0.82
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Why Does Disparate Impact Occur?

infrequent movers

frequent movers

Measurement of θ1 redistributes uncertainty across agents, with
uncertainty about θ going down for one group and up for another.

Lower uncertainty about θ reduces the value to effort

Higher uncertainty about θ improves the value to effort



Main Results



Data Environments

To simplify notation, suppose in talk that:

θ = θ1 + θ2

ε = ε1 + ε2

Compare the distribution of effort across two data environments:

No covariates measured vs. θ1 measured

No covariates measured vs. ε1 measured



Affiliated Covariates

θ = θ1 + θ2 ε = ε1 + ε2

Definition. Say that attribute 1 is Affiliated if (θ1, θ2) are
affiliated, and circumstance 1 is Affiliated if (ε1, ε2) are affiliated.

Higher realizations for the measured θ1 imply higher
realizations of the unmeasured θ2.

Theorem

(a) If attribute 1 is Affiliated, then measuring the attribute
reduces average effort.

(b) If circumstance 1 is Affiliated, then measuring the
circumstance increases average effort.
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General Intuition

Returns to effort depend on the sensitivity of E[θ | Y , θJ , εK] to Y .

Y = e + θ + ε

Lower uncertainty about θ

−→ Variations in Y are attributed to shock rather than type

−→ Lower equilibrium effort.

Lower uncertainty about ε

−→ Variations in Y are attributed to type rather than shock

−→ Higher equilibrium effort.

But what measurement of a new covariate implies for ex post
uncertainty about θ and ε is not straightforward.
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Two Effects

Consider measurement of θ1 (where recall that θ = θ1 + θ2).

Direct effect:

θ1 is known, which taken alone implies lower uncertainty about θ.

Indirect effect (redistribution of uncertainty):

Conditional uncertainty about θ2 (given θ1) may be large, leading
uncertainty about θ to increase at some realizations of θ1
−→ higher value of effort at those realizations of θ1
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Redistribution of Uncertainty

infrequent movers

frequent movers
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Next result will further clarify these two forces by shutting down
redistribution of uncertainty.
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redistribution of uncertainty.
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Strong Homoskedasticity

θ = θ1 + θ2 ε = ε1 + ε2

Definition. Say that attribute 1 satisfies Strong Homoskedasticity

θ2 − E(θ2 | θ1)︸ ︷︷ ︸
“de-meaned residual”

⊥⊥ θ1

and say that circumstance 1 satisfies Strong Homoskedasticity if

ε2 − E(ε2 | ε1) ⊥⊥ ε1

Interpretation: Distribution of the unmeasured term does not depend
on the measured covariate, except possibly in mean.

Examples:

Multivariate normal covariates (with any covariance matrix)

Additive shifts, e.g. θ2 = X + θ1 for any X ⊥⊥ θ1
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Strongly Homoskedastic Covariates

Previous directional change in average effort manifests as a
stronger uniform effect:

Theorem

(a) If attribute 1 satisfies Strong Homoskedasticity, then
measuring the attribute reduces every agent’s effort.

(b) If circumstance 1 satisfies Strong Homoskedasticity, then
measuring the circumstance increases every agent’s effort.

Moreover the size of change is the same for every agent.

No disparate impact

Can interpret as a limiting case where redistribution of
uncertainty becomes small.



Welfare and Regulation



Which Covariates Should be Permitted?

Suppose measurement of a new covariate becomes available for
forecasting

When should the social planner permit the market access to this
covariate?



Measuring Welfare

Social surplus generated by a given agent:

w(θ, e) ≡ Ee(Y | θ)− C (e)

For any family of measured covariates (J ,K), aggregate welfare is

W (J ,K) ≡ E
(
w(θ, e∗J ,K)

)
where e∗J ,K denotes the (random) equilibrium effort.

We find that:

Attributes improve welfare if and only if the “reputation weight” β
is sufficiently high.

Circumstances improve welfare if and only if β is sufficiently low.
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Welfare Impact of New Covariates

Agent’s payoff is −(1− β) · e
2

2
+ β · E[θ | Y ] for some β ∈ (0, 1).

Proposition

Fix any baseline family of measured covariates (J ,K).

(a) For every Affiliated or SH attribute j ′, there is a β∗ ∈ (0, 1] such
that measuring j ′ improves welfare iff β ≥ β∗.

(b) For every Affiliated or SH circumstance k ′, there is a β∗ ∈ (0, 1)
such that measuring k ′ improves welfare iff β ≤ β∗.
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Disparate Impact and Welfare Improvement

Result: If attribute j ′ does not produce disparate impact,
then β∗ < 1
−→ the attribute improves welfare for large enough β

But if disparate impact is sufficiently extreme, then it can be
the case that β∗ = 1
−→ the attribute never improves welfare

In our previous example, measurement of “residential
stability” decreases welfare for every β!
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Regulation of Covariates: Takeaways

1 Reputation weights β are low ⇒ ban attributes

2 Reputation weights β are high ⇒ ban circumstances

3 Significant disparate impact ⇒ ban covariate

Note that this emerges even though distributional concerns are
not explicitly built into the social welfare criterion.



Conclusion

Big data has the potential to reshape reputational incentives for
socially relevant effort.

Our paper tackles two related questions:

What is the effect of access to new data on reputational
incentives for effort?

When should a regulator permit/forbid use of a new covariate
in forecasting?

Future work:

What data gets collected in a competitive market?

Endogenous covariates


