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Summary

MOTIVATION

@ Data has become a central input into firms’' production, pricing, and strategic decisions.

@ The literature has examined some first-order effects: productivity, quality, or scale effects.
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o Data-driven decision-making and productivity: Brynjolfsson and McElheran (2019).
e Data as an informational and nonrival input: Jones and Tonetti (2020); Farboodi and Veldkamp
(2021).

@ This paper: Implications of data scientists on firm risk valuation.
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Effect of having more data Implication for risk

Better information allows higher markups Hedge — lower risk
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Data scientists are a relatively persistent
labor commitment. The firm pays their
wages even when aggregate conditions
deteriorate; higher cash flow risks.
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Summary

MODEL: FROM DATA TO MARKUPS AND RISK

1. More data scientists improve demand forecasting
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3. Persistent DS employment creates operating leverage

Assuming persistent and costly-to-adjust DS employment, countercyclical hiring amplifies
cash-flow risk in downturns.
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3. Persistent DS employment creates operating leverage

Assuming persistent and costly-to-adjust DS employment, countercyclical hiring amplifies
cash-flow risk in downturns.

Testable predictions
@ Information quality: More DS hiring improves management’s sales-forecast accuracy.
© Market power: A higher DS ratio is associated with higher markups.

@ Risk and returns: Countercyclical DS hiring creates operating leverage; if this dominates
the markup hedge, high-DS firms earn higher expected returns.
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Summary

EMPIRICAL AND QUANTITATIVE DESIGN

1. Data and sample

@ Revelio Labs covers 150 occupations and is comprehensive since 2008; the final annual
firm-level sample covers 2008-2021 and combines Revelio data with Compustat, CRSP,
IBES Guidance, and Lightcast job postings.

@ 29,462 firm-year observations with non-missing DS ratios; mean = 6.90%, median =
4.44%, and P95 = 21.00%.

2. Test the model’s three predictions

@ Information quality: Does DS hiring improve management’s forecast-revision accuracy?
RI; ¢4p = aj + 8¢ + b DS Hiring Rate; ; + c Controls; + + €; ¢, h e {0,1}.

@ Market power: Is a higher DS ratio associated with higher De Loecker-style markups?

Markup; ; = aj + 8¢ + bDS; ; + ¢ Controls; + + € ¢.

@ Expected returns: Do high-DS firms earn higher subsequent returns in portfolio sorts and
Fama—MacBeth regressions?

Ri t+1 — Rr t11 = aj + bDS Ratio; ; + ¢ Controls; ¢ + € ¢-

3. Quantitative model

@ Calibrate and simulate the model to see whether its data-learning and operating-leverage
channels reproduce the observed markup and return patterns.
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MAIN FINDINGS

i Number of data scientists/data workers at firm i
DS Ratiojs = /

Total employees at firm 7
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MAIN FINDINGS

Number of data scientists/data workers at firm i
Total employees at firm 7

DS Ratiojs =

Prediction Evidence Estimate t-stat.

1. Information quality DS hiring — forecast-revision improve-  0.215-0.352  1.79-3.27

ment
2. Market power One-SD higher DS ratio — markup +0.155 3.70
3. Expected returns DS-ratio high-minus-low excess return 4.13% 2.00
Risk-adjusted returns Fama-French five-factor alpha 4.81% 3.03
Quantitative model Model high-minus-low return spread 4.54% —

@ The empirical patterns line up with the model’s three central predictions.

@ The calibrated model closely matches the observed return spread.
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Comments

A very interesting, timely paper!

My comments:

@ Alternative interpretation for the risk story

@ A persistent labor commitment assumption
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their wages even when aggregate conditions deteriorate = higher cash flow risks.

@ Missing evidence: Is DS really having a persistent commitment?

Suggestions:

@ Construct a DS-specific wage bill using headcount and occupation/location wages; track it
around negative TFP, sales, and aggregate shocks.

@ Construct a DS-specific commitment measure; the return spread results should be stronger
for firms with stronger commitment measure.
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Comments

COMMENT 3: MINOR COMMENTS

@ Cross-reference: Table 3 should refer to Equation (14), rather than Equation (13).

@ Internal consistency: In Section 4.3, the discussion after Table 10 states that
low-productivity firms hire more DS and earn “lower expected returns.” Since the
model reports a positive 4.54% high-minus-low DS return spread, “lower” should
likely be “higher.”

@ Notation and proofreading: In Section 4.1, the DS adjustment-cost function is
mistakenly written as GV (I, Kt); its arguments should be G"(Hi, Nit), consistent
with DS hiring and employment. A final proofread could also correct spelling errors
such as “amplifiying” and “orthogonoalized.”

These are purely editorial points and do not affect the paper’'s main results.
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Comments

CONCLUSION

Overall: The paper offers a novel framework in which data can increase both market
power and firm risk.

@ Clarify the economic content of the DS ratio.

@ Validate the DS labor-commitment assumption.

Thank you!

nancy.xu@jbs.cam.ac.uk
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