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Selling Input Data/Within Consumer Data
1

Bergemann, Bonatti, Smolin (2018 AER) "“The Design and Price of Information”
m monopolist screening: data broker, buyer with private information (interim belief)

ex. lenders with knowledge of a borrower; doctors with access to patients’ family history...

m private information + input data — optimize their decision under uncertainty

input data: update prediction algorithms = cost and/or quality of offerings (Joshua,2024)
m key attributes: position & quality

B private signal s <= interim belief g

= certain Type of statistical error induced by action selection a5 and u(as,w) v/



Selling Training Data/Across Consumer Data
1

m monopolist screening: data broker, data buyer with private information baseline dataset

baseline data + supplemental data — train its predictive model.

training data: develop Al prediction algorithms = market entry (Joshua,2024)
m key attributes: multi-dimension & combinatorial nature & allocation rigidity

m private experiment Pr(s|w) <= distribution of posteriors F(u) X

= a bundle of statistical error induced by action scheme Pr(a,w) and u(a,w) v



Training Data v.s. Input Data
_

Training data reduces error of baseline data («, 3) = constrained multi-dimensional goods

Input data reduces certain error of private information (a, 0) or (0, 3) = separate multi-goods

B

I Grand Bundling (No Exclusion) B
II Grand Bundling (Exclusion)

III Nested Bundling (Partial Extraction)

IV Partial Grand Bundling (Full Extraction)

I Grand Bundling (No Exclusion)
1I Grand Bundling (Exclusion)

I Nested Bundling (Partial Extraction)
IV (Degenerated) Partial Grand Bundling (Full Extraction)

¥
1
1
]
1
v \
\ High-type (a, B) '
A 1
: v
1 1
o '
\ '
1 1
\ 1
. 1
~ 1
i
i i
)
| .
E I I High-type (a, 0)
a
The Low-type Buyer (a', ') located inside a’ + ' < a +

a
The Low-type Buyer (a',0) or (0,4") located inside ¢’ < eor i’ < &



A simplified model for this talk (Hypothesis Testing)

11

m two states {wi,ws}, prior: = (3, 5), binary action {a1, a>}, payoff u(a;,w;) = 1i—;

m private type: («, ), a+ [ < %

Private Experiment

E' 5 S5 Statistical Errors

Null hypothesis ~ —— @1 | Pr(si|w,) || Pr(sz|w;)| —+ Type I Error a = Pr(s;|w,) p(w,)

Alternative hypothesis w, || Pr(s|w,)|| Prish|w,) —+ Type IL Error § = Pr(sy|w,) p(o;)
|
s1: accept wy Sq: reject w; Pr(s)|w;) + Pr(sh|wsy) = 1

Figure: Baseline Dataset —> Statistical Error



Supplemental Data
|

Data broker recommends action profiles for different private signal realizations.
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In the reduced-form, data broker allocates the reduction ratio of Type | and Il error
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Table: Statistical Error Allocation

Figure: Reducing Type | error

Value of experiment (71, m) for («, 3): incremental probability of correct identification
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V(E,) = a+ B —min{ar + Bma, =71, =M}
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type 0 = (o, 8) € ©, mechanism M = {m1(0), m2(0), to }oco
Designer’s Problem:
max Jo todF(0)
ami(0) + Br2(0) < min{imi(0), 3m(0)}, V6 € ©
a+ B —am(0) — fm(0) —tg >0, VO € ©

a+ B —am(8) — Bra(0) — to > o + B — min{am(8) + Bma(6'), %m(e'), %m(a’)} V0,0’ € ©

two-step deviation
Rigidity:
allocation rigidity: am + Am, < min{3my, 3m}

differentiation rigidity: min{am; + S, %71'1, %772}

Flexibility : exploit the horizontal difference to neutralize the vertical difference



Assumption: Perfectly Correlated

For the private type (, 3), it holds that ko + 8 = m, with m € [0, 3), k € [0,2m], and

1 : T
o € [a, @] = [0, 2=7] draws from absolutely continuous distribution F
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Figure: Optimal Menu

Two-tiered pricing is optimal:

(Eo, to) = (E, ) for a € [a*,q]
(Ea,ta) = (E*, t*) for a € [a, o)

E* | (a1, a) (a1, 2) (22, 2)
wr | k(1-%) 1-k(1-2) 0
w2 0 o 1-<

o € argmax, o ((1 — k)a — 3F(a))



Define A(+) : [a, @] — [a, @] such that IC[x — «] is one-step deviation for x € [a, A()]

Define ~(+) : [a, @] — [a, @] such that IC[y(a) — «] is binding

0 a a Ala) Al@) y(a)
Figure: Optimal Structure of Menu
Key Conclusions:

“FOC” property is transitive: \(-) is increasing

price gap = informativeness gap: t, — t,s = 3m(a) — 3m (o) for all o, o’ € [a, d]



exploit horizontal differences to neutralize vertical difference

= nullify the impact of private dataset and include of the low type
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Figure: Neutralization Line and Allocation Rigidity



Future Work
!

m a solid statistical decision foundation for two states

m extend the distributional assumption to generalize the result in two states
robust optimal mechanism
distributional assumptions sufficient for a simple optimal menu (?)

m trade-off in many signals, many actions and many states (?)

m concrete applications
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