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Neural Random Utility Model

ui ,t = vi ,t + ηi ,t
DM chooses i vs. j on trial t if ui ,t > uj ,t (consider only
binary choices) ⇒ yij ,t = 1 (ui ,t > uj ,t)
P [yij ,t = 1 | vi ,t , vj ,t ] = P [ṽij ,t > η̃ji ,t | vi ,t , vj ,t ], where
ṽij ,t ≡ vi ,t − vj ,t , η̃ji ,t ≡ ηj ,t − ηi ,t

assume4 η̃ji ,t ∼ iid N
(
0, σ2

η̃

)
← A1

⇒ P [yij ,t = 1 | vi ,t , vj ,t ] = Φ
(

ṽij,t
ση̃

)
assume vt = (v1,t , . . . , vI ,t) is independent over trials ← A2
νi ,t ≡ vi ,t − IE [vi ,t ] (mean over trials)

⇒ P [yij ,t = 1 | IE [vi ,t ] , IE [vj ,t ]] =
P [IE [ṽij ,t ] > ν̃ij ,t + η̃ji ,t | IE [vi ,t ] , IE [vj ,t ]]

assume ν̃ij ,t ≡ νi ,t − νj ,t ∼ iid N
(
0, σ2

ν̃

)
← A3

⇒ P [yij ,t = 1 | IE [vi ,t ] , IE [vj ,t ]] = Φ

(
IE[ṽij,t]
ση̃+ν̃

)
, where σ2

η̃+ν̃ = σ2
η̃ + σ2

ν̃

4Item-pair independence follows from the binary choice setup: realizations
for different item-pairs must occur on different trials
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Analysis Compare the Orderings of Subjective Values with Choices

Stage 2 → vim, i = 1, . . . , 20, m = 1, . . . , 11 for each subject

→ rank v̄i = 1
11

11∑
m=1

vim to order the items

Compare to Stage 3: prediction rate is 59± 1% (i.e., in 59± 1% of
trials subjects chose according to this ordering) → not much!

Can do better!
segregate prediction accuracy according to the rank-distance in neural
activity between two items

⇒ ordering of subjective values can predict choice outcomes
Q: Is subjective value a cardinal quantity? ⇒ NRUM
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Analysis Estimating NRUM

P [yij ,t = 1 | vi ,t , vj ,t ] = Φ

(
ṽij ,t

ση̃

)
vs

P [yij ,t = 1 | IE [vi ,t ] , IE [vj ,t ]] = Φ

(
IE [ṽij ,t ]

ση̃+ν̃

)
Do not observe vi ,t on the trial t in which choice was made

To get IE [ṽij ,t ]:

Blood-Oxygenation Level Dependent (BOLD) signal

Bi ,m = a + γvi ,m + µi ,m, µi ,m ∼ iid N
(
0, σ2

µ

)
measurement error

B̄i = a + γv̄i + µ̄i (average over m)
˜̄Bij = γ ˜̄vij + ˜̄µij (take difference)

Note: Orderings of Bi,m and vi,m coincide
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IE [ṽij ,t ]

ση̃+ν̃

)
Do not observe vi ,t on the trial t in which choice was made

To get IE [ṽij ,t ]:
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Analysis Estimating NRUM

Ignoring Measurement Error

P [yij,t = 1 | IE [vi,t ] , IE [vj,t ]] = Φ

(
IE [ṽij,t ]

ση̃+ν̃

)
IE [ṽij,t ] : ˜̄Bij = γ ˜̄vij+˜̄µij

P
[
yij,t = 1 | ˜̄Bij

]
= Φ

(
γ−1

ση̃+ν̃

˜̄Bij

)
Probit model:

P (yij,t = 1) = Φ

(
c +

γ−1

ση̃+ν̃

˜̄Bij

)
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Analysis Estimating NRUM

yij =


0, yij,1 = yij,2 = 0
1, yij,1 + yij,2 = 1
2, yij,1 = yij,2 = 1

P (yij = 0) =
(
1− Φ

(
γ−1

ση̃+ν̃

˜̄Bij

))2

P (yij = 1) = 2
(
1− Φ

(
γ−1

ση̃+ν̃

˜̄Bij

))
Φ
(
γ−1

ση̃+ν̃

˜̄Bij

)
P (yij = 2) = Φ2

(
γ−1

ση̃+ν̃

˜̄Bij

)
⇒ P (yij = 0) < P (yij = 2) < P (yij = 1) for small positive ˜̄Bij

Data: too few once choices when ˜̄Bij is small (ordered Probit model)

⇒ need to account for measurement error: ˜̄Bij = γ ˜̄vij + ˜̄µij

Intuition: small ˜̄vij for which once is most likely might correspond to large ˜̄Bij due
to measurement error
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Analysis Estimating NRUM

Accounting for Measurement Error

P [yij,t = 1 | IE [vi,t ] , IE [vj,t ]] = Φ

(
IE [ṽij,t ]

ση̃+ν̃

)
IE [ṽij,t ] : ˜̄Bij = γ ˜̄vij + ˜̄µij

P
[
yij,t = 1 | ˜̄Bij , ˜̄µij

]
= Φ

(
γ−1( ˜̄Bij − ˜̄µij)

ση̃+ν̃

)

µi,m ∼ iid N
(
0, σ2

µ

)
⇒ ˜̄µij ∼ N

(
0, σ2

˜̄µ ≡
2
11
σ2
µ

)
Random-effects Probit model:

P
[
yij,1, yij,2 | ˜̄Bij

]
=

+∞∫
−∞

e− ˜̄µij
2/2σ2

˜̄µ

√
2πσ ˜̄µ

[
2∏

t=1

P
[
yij,t | ˜̄Bij , ˜̄µij

]]
d ˜̄µij
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Analysis Estimating NRUM

Accounting for Measurement Error

Random-effects Probit model:

P
[
yij,1, yij,2 | ˜̄Bij

]
=

+∞∫
−∞

e− ˜̄µij
2/2σ2

˜̄µ

√
2πσ ˜̄µ

[
2∏

t=1

P
[
yij,t | ˜̄Bij , ˜̄µij

]]
d ˜̄µij

P
[
yij,t = 1 | ˜̄Bij , ˜̄µij

]
= Φ

(
γ−1( ˜̄Bij − ˜̄µij)

ση̃+ν̃

)

Caveats:

1 ˜̄Bij and ˜̄µij are not independent: Cov
(

˜̄Bij , ˜̄µij

)
= 2Var [µ̄i ] = 2

11σ
2
µ

⇒ RE Probit estimate of γ−1

ση̃+ν̃
will be biased towards zero

2 ˜̄µij are not independent over choice pairs: Cov
(

˜̄µij , ˜̄µij′
)

= Var [µ̄i ]

⇒ RE Probit estimate of standard errors will be biased towards zero

⇒ use multi-way clustering techniques (Cameron et al., 2011)
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Analysis Estimating NRUM
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Analysis Estimating NRUM

Subject specific RE Probit

Note: ση̃+ν̃ = 1

significant reduction of observations

six γ−1
s are significant and positive / six γ−1

s are not significantly different
from zero
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Analysis Choice Prediction Based on NRUM
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Analysis Choice Prediction Based on NRUM

The prediction based on NRUM:
Simulate y∗s,ij,1, y∗s,ij,2 using

P
[
ys,ij,t = 1 | ˜̄Bs,ij

]
= Φ

(
γ−1

s

ση̃+ν̃,s

˜̄Bs,ij

)
subject RE Probit estimate

If y∗s,ij,1 + y∗s,ij,2 = ys,ij,1 + ys,ij,2, then success

Compare to the prediction at chance:
Data: the frequency of ys,ij,1 + ys,ij,2 = 0 is 46%, ys,ij,1 + ys,ij,2 = 1 is
9%, ys,ij,1 + ys,ij,2 = 2 is 45%
Percent of correct predictions: 1

4 × 46 + 1
2 × 9 + 1

4 × 45 ≈ 27%

Compare to RUM:

P [ys,ij ,t = 1 | Xi ,Xj ] = Φ ((Xi − Xj)βs)

’Amazon star’ rating & price
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Conclusion

Main Contribution:
1 An econometric framework for relating neural measurements to choice

prediction, the Neural Random Utility Model, was introduced.
2 The comparison of the predictive power of NRUM with established

techniques was done based on data from a laboratory experiment:
the measured neural activity cardinally encodes valuations and predict
choice behavior
accounting for measurement error and combining neural data with
standard observables improves predictive performance
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