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Stop explaining black box machine learning models for
high stakes decisions and use interpretable models

instead Post-hoc explanation

Cynthia Rudin 84

Post-hoc explanation is not enough.
High-stakes applications require models that are interpretable by design.



Interpretability by Design at Two Stages

R

Raw data

Measurement and

Representation
Transform raw or multimodal
data into human-interpretable
measurements and concepts

X

Human-
interpretable
measurements
and concepts

Y

Behavioral
outcomes

Behavioral Modeling
Map measurements and

concepts to behavioral
outcomes through theory-
grounded structures



An example: MNL for Mode Choice

R - X Y
T T

Shortest-path-based measurement Structural constraints by MNL:
roearg I;'nEIJIQl T Uni = Vi + &nis Vi = ﬁTxni
Extracted X: V=1 © Uy=2Uy Vj
xTT = TTr* eXp(an’)

P,;=Pr(y,=ilX,) =

Xcost = Fare; ZjECn eXp(Vn]')

The classical MNL can be viewed as replacing the unrestricted mapping Y = NN(R) with
two explicitly designed stages.
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Part |I: Behavioral Mapping



A. NN represents the systematic utility

Model What NN () represents Utility What is preserved
Classical MNL no network Vi = B xn; everything, by assumption
F-DNN the entire utility Vo = NN(xy, 2) No explicit behavioral restrictions
ASU-DNN : e V.. = NN;(x,,;, Z,)
Wang et al. (2020) alternative-specific utility ni i\Anir 4n A
L-MNL linearity on xX, so WTP for those

Sifringer et al. (2020)

a utility residual

Vi = B xpn; + NN;(xh)

attributes

TB-ResNet
Wang et al. (2021)

a weighted mixture

Vai =@ =8) Vi + 6 Vpyn,i

Nothing guaranteed; § measures
the distance from the DCM

GAUNet
Nishi & Hara (2026)

attribute-level utility shape

Vai = ASC; + ZkNNik (Xnix)

additivity; the shape of each
attribute's effect

DNN + gradient regularization
Feng et al. (2024)

the entire utility

V,, = NN(x,, z,) + Gradient

penalty during training

monotonicity in designated
attributes as a soft penalty

DCM-LN
Kim & Bansal (2024)

constrained nonlinear
utility

Vni — NNimono (xni)

monotonicity in designated
attributes, as a hard constraint
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[1] Full DNN

Uni = Vni + €ni
Vi = NN(x,,z,)

Yw=1 S Upy2Uy VJj

. exp(Vp)
Pnizpr(ynzllxn) =
Zjeen exp(an)
- N )
s | P
2
v 2
R
o o B P
o
=
@ @ VnJ g > Iy
N g¥ g° y

Each alternative’s utility may depend arbitrarily on
the attributes of all alternatives, obscuring stable

alternative-specific preferences and substitution
mechanisms.



[2] ASU-DNN (Wang et al., 2020)

Uni = Vi + &ni
Vi = NN; (X, 2)

Yw=1 S Upy2Uy VJj

. exp (Vi)
P .= I)I'( =i|X ) —
ni Yn n Zje@n eXp(an)
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O
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Q\ OV, /0xn; > 0

X

Before
After

Before ____
After

X

BVm-/axm- =~ 0 an-/axm- <0

ASU-DNN preserves alternative-specific scalar
utility and therefore utility-based ranking. However,
it does not guarantee monotonicity, sign
consistency, or attribute-level interpretability.
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[3] GAUNet (Nishi & Hara, 2026)

Uni = Vni + €ni

Vg = ASCi+ ) NNy Gei)

=1 <= Upy2Uy Vj

] eXp(Vni)
Pm-=PI'(yn=l|Xn)= v
Zjecn EXp( nf)
O/
L i
)
- KE
/' _>
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Q\ OV, /0xn; > 0

X

Before
After

Before ____
After

X

BVm-/axm- =~ 0 an-/axm- <0

Behavioral constraints do not necessarily compromise
predictive performance; they can act as effective
regularization and improve generalization (Wang et al.,
2020; Nishi and Hara, 2026).

However, it guarantees additivity and a readable per-
attribute shape, but not monotonicity or sign.



[4] L-MNL (Sifringer et al., 2020) £

Uni = Vni + €ni
Vi = .BTxni + NNi(Zn)

Yw=1 S Upy2Uy VJj

Pm-=Pr(yn=i|Xn)=

exp (Vi)

[ R —
I

——n Vi,

. 2 J

( : I \
\ :g>'é‘ Vg \

[
-
Other >[J
factors
N

Logit(V,)

~

2 jeey, eXp(an)

— ni

n2

nj

O
O O

IBTxni ?

Key attributes such as travel time and cost remain
in an interpretable linear utility component, while
the NN learns flexible utility corrections from the
remaining variables.

Do not replace the entire behavioral model with an
NN. Keep the part that must remain interpretable,
and let the NN learn only the remaining utility
component.




[5] Monotonicity: Hard Constraints vs. Soft Penalties

DCM-LN: o Ay 9
Uni = Vi + €ni O oO——
Vi = NN™™° () = LN;(xp¢) T O\

Yo=i & Uy=U, Vj Vi) O%nixe = 0
exp (V) v _ Ay L

P, =Pr(y, =il X, =
ni n n Zjecn eXp(an)

X X

6Vni/6xnik >0 6Vni/6xnik >0

DCM-LN (Kim and Bansal, 2024)
Monotonicity of utility is guaranteed by design for selected attributes within the
specified input domain (Hard architectural constraint)

DNN + gradient regularization (Feng et al., 2024)
Monotonicity of choice probabilities is encouraged through gradient regularization
but is not guaranteed globally (Soft gradient penalty)



B. Learning taste heterogeneity

How taste heterogeneity is

Model Formulation What is preserved
represented
Linear-in-attributes utility; common
Classical MNL No heterogene|ty:. a p = parTameter and c.ilrlectly. interpretable tagte
common taste point Vi =B Xni coefficients; closed-form logit
probability
Entropy Tucker ¢ = o Jo jr.Jx) Entropy/gravity structure; separation

Ishii et al. (2022)

* Non-neural, aggregate-

level approach

Latent mobility-pattern-
specific taste points

Xodtk = Z Wodtk,c exp(_ﬂcDod)
c

_ (0) (D) (1) (K)
Wodtk,c = Sc Qo,j,%a,jp, U, jr Yk, jk

of latent attractiveness from travel
impedance; interpretable pattern-
specific impedance £,

TasteNet
Han et al. (2022)

An individual conditional
taste point

Brn = NN(Zn)
Vhi = .Br-lrxni

Linear-in-attributes utility conditional
on f,; person-level WTP and
elasticities; coefficient signs through
output transformations

MDN-Logit
Li et al. (2026)

A conditional taste
distribution

{T[nm' Unmo an}%=1 = NN(ZTL)
M

ﬁn ~ Z 7Tnm]\r (:unm' anL;m)
m=_|_1
Vhi = ,Bn Xni

Linear-in-attributes utility conditional
on S,,; RUM/logit kernel; interpretable
taste distributions and flexible
substitution; P,,;obtained by
integrating over g,
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[6] TasteNet (Han et al., 2022)

Uni = Vi + &ni O
) O O— |
Vi = Bn Xy fn = NNi(Zn)

Yw=1 S Upy2Uy VJj

exp(Vp;)
Zjeen exp(an)

Pm-=Pr(yn=i|Xn)=

X /E’E/)(

v

> ni

:P’ Vai
: :
e e— Vs
AN\

=S\

The NN maps individual characteristics z,, to

individual-specific taste coefficients f,,. Utility
n2 remains linear in the alternative attributes x,,;,
while its slopes vary flexibly across individuals.

Logit(V,)

AN\ Y
N

p
Other §) S
factors nj
\




Mixed Logit: Prespecified Taste Distribution

Mixed logit: O tv

— — T
Uni - Vni + Enir Vni — ,Bn Xni

exp (B xpi)
2. jec, €XP (.3 Txn; )

Lni(ﬁ) =

R
1
Pui = | Lnd BIFB:0) B = 5 ) Lt (57)
r=1

Bn Nf(,B;Q)

The distributional family is prespecified by the
analyst. Conditional utility remains linear in
the alternative attributes x,,;. B,




[7] MDN-Logit (Li et al., 2026)

MDN-logit: O
O oO—
Uni = Vni + &nis Vai = lgr-lrxni
. R
Pui = [ L BIPo(B 1 2204 = ) L (57)
r=1 i i Ay ///, i i

Taste heterogeneity: )

{T[nmr Unm» an}%:l - NN(Zn) - X= - ," L X:

y : S —
Bn ~po(B | z,) = Z Tpm N (Unms anL;m) \\\\ I// o /

m=1

Gaussian mixture
A

The MDN learns a flexible taste distribution
conditional on observed characteristics z,,, capturing
both systematic and residual taste heterogeneity. B,

Conditional utility remains linear in x,;.
Open modeling issue: How should individual taste heterogeneity be regularized?
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Revisiting regularization

For heterogeneity modeling, regularization should do more than prevent overfitting:
it should encode how much individual-level variation should be trusted.

Fit to individual n + Pull toward the population

\ J \ J
| |

Data Penalty

A well-designed penalty should induce statistically meaningful shrinkage.

Lietal. (2026): L = —SLL + A(Jlwl|| + |[b]]), A chosen by cross-validation

Does this regularization encode the desired shrinkage structure?
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BLUP: Shrinkage as a Statistical Principle

Key idea: individual effects should not be estimated independently when individual data are limited.

A linear mixed-effects model: B, ~ NV(u, X)

The BLUP (Best Linear Unbiased Predictor) of the individual parameter can be written schematically as

Ind. precision

ABLUP . ~ . ~ . . . . _ " . -
i =W,B, + U —-W,)u, where B, is the individual-specific estimate. W, Ind. precision + Pop. precision

More informative individual data: W,, —» I = trust the individual estimate.

Less informative individual data: W,, - 0 = shrink toward the population mean.

The same estimator is obtained from penalized estimation:

1
%}32 [Ln(,gn) + E (,Bn - H)Tz_l(ﬁn - .u)

)\ J
[ |

Data Penalty (Generalized L,/ Mahalanobis penalty)

(individual information)
Gaussian negative log-likelihood



Panel MXL: BLUP-like Shrinkage in Distribution Space

Key idea: individual effects should not be estimated independently when individual data are limited.

TTL
A panel mixed logit model: g, ~ p,(B), L,(B,) = HP Vnt | Br)
t=1

P(Bn | Dp,m) < Ly (Br) 0y (Br)

posterior Likelihood  prior
~logp (D, I 1) = min {—IEqn [log L, (8)] + KL (qn(ﬁ) I Py (/3))} 47(B) = P(By | Dny1)

\ | q,. any candidate
\ Y : Y distribution over

Data Penalty individual taste 8,
(individual information)

Weak individual information keeps g,, close to the population distribution,
while strong individual information allows g,, to concentrate elsewhere.

7

Proposed direction: From global regularization to information-adaptive shrinkage

AAIwll + 151D > KL(gn(B) | pe(B | 2))

Shrink only when individual evidence is weak
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C. Generalizing the Stochastic Choice Structure

What is

Model What NN (-)represents | Formulation specified / UHITES
preserved
learned
A differentiable @« Fy, P = @ Error Implements a
RUM-NN simulator of a (@ _ (q) e specified RUM
. o _ U,” =V, +¢&, distribution
Bagheri et al. | specified RUM; 1 and asa
(2025) optionally, nonlinear P, == E softmax (U,Sq)//l) . differentiable
A Q correlation .
systematic utility q simulator
The random utility (k.£) The entire .
RUMnets function and sampled Uni latent Learns a flexible
P = NNY (x;, N, N§, (x;)z,NN} (z,))| random- distribution over
Aouad & latent person- and 1 o :
Désir (2025) | alternative-side P =— E softmax; (U(k’€)> utlity RUM-consistent
L ¢ tTn representati | utilities

representations

k£

on

20
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Part | summary: Where should NN enter?

A. Systematic utility
Learn nonlinear utility, while preserving selected behavioral constraints.

B. Taste heterogeneity

Learn individual tastes or taste distributions while preserving an interpretable
utility structure.

C. Stochastic choice structure
Learn richer error and substitution patterns, while preserving RUM consistency.

Key message

« Ask where flexibility is needed, what should be preserved, and how it should
be regularized.

* Flexible heterogeneity requires information-adaptive shrinkage.



e , Aj?; " UEEUR o

XJ - Y

Part Il: From Raw Data to Behaviorally
Relevant Measurements
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Common Digital Data Sources

Raw Data R What It Records Spatial Res. Temporal Res. Key Applications

Image / video Visual scenes Pixel-level Frame rate Counting, classification

GTFS Routes, stops, timetables Stop/route Scheduled or real-time | Accessibility, service quality
GPS / smartphone Lat, lon, timestamp, speed Meter-level Seconds—minutes Trip detection, mode inference
Bus location Venhicle position, speed Meter-level Seconds—minutes Reliability, dwell time

ETC / probe vehicle Vehicle trajectory GPS/link Seconds—minutes Map matching, link travel time
Smart card (IC card) Card ID, timestamp, station | Station/stop Transaction OD estimation, transfer analysis
Mobile phone (CDR) Cell tower connections 100 m—km Event-driven Population flow, OD
Zgé)gﬁczpatial ﬁ%%ri?egﬁ;e@gﬁ(p;s:glg from 500 m mesh Hourly Population distribution, OD flow

23



From Raw Data to Concepts

« Digital data record scenes, signals, and traces.
« Behavioral models require meaningful attributes, perceptions, and states.
« Connecting the two requires measurement assumptions.

R - X 4

Raw data R Measurement / concept X Behavioral outcome Y

Street-level images Perceived safety Cycling route choice
Eye movements Attention allocation Venhicle choice
EEG signals Cognitive effort / inattention Route switching

What does the data measure—and how should it enter a behavioral model?



Conventional Two-Stage Approach

R - X Y

— X =g4s(R) P(Y | X) = hp(X)

« Semantic enrichment has long been conducted in transportation field.

— Map matching (source: GPS trajectory data) [e.g., Lou et al., 2009]

— Travel mode (source: GPS trajectory data) je.g. Feng & Timmermans, 2013; AlOlabi & Chikaraishi, 2026]
— OD estimation (source: traffic count data) [e.g., Yang et al., 1992]

— Trip purpose (source: smart card data) [e.g., Kusakabe & Asakura, 2014]

— Comprehensive Package (source: GPS trajectory data) [Hara, 2017]

25



Measurement—Behavior Link: Three Questions

Conventional two-stage approach:

R

X =go(R)

X

Y

P(Y | %) = hy(X)

26

Question What should we examine?

Alternative formulations

Q1. Information | What information is used

or

p(X | R) p(X|RY)

used to infer X? Raw data only Raw data + observed behavior
Q2. Concept Is direct supervision used Ly = d(ge(R),X'3¢)  or  No direct labels for X
Supervision for X7? With concept supervision Without concept supervision

Q3. Uncertainty
treatment

Is uncertainty in X retained
downstream?

or  Elf(X)] = j £ (0)q(X) dX

Distribution retained

f(X)

Point estimate

q(X)

. inferred distribution of X; f(X): downstream prediction or evaluation.



[1] Predicting Named Concepts

lto et al. (20206)

v A pretrained vision model predicts perceived safety.
v Safety scores enter a mixed logit model alongside other route attributes.
v' The measurement model is fixed; preference parameters are estimated.

Street-level images

Perceived safety Cycling route choice

R

- X - Y

X; =g5(R) Vii = B Qni + ¥uXi

a: travel time, traffic lights, and segmentation shares

Question

This study

Q1. Information used

R Only: Xi = ga(Rl)

Q2. Concept supervision

Yes: external safety ratings

Q3. Uncertainty treatment

Point score; measurement uncertainty not explicitly retained

27



[1] Predicting Named Concepts

lto et al. (20206)

Total travel time d Traffic lights u Total travel time & Traffic lights u

14 min 3. 11 min i

Fig.2 Example choice task from the stated choice experiment of Terra et al. (2025). Each of the two route
alternatives is presented as a street-level image with its travel time and number of traffic lights shown
beneath: respondents selected their preferred route

28
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[2] Learning from Choices

van Cranenburgh & Garrido-Valenzuela (2025)

v Image features & preference parameters are jointly learned from choice data.
v" Numeric attributes and image features enter utility.

v" Individual feature dimensions have no predefined meaning.

Street-level images Learned image features Residential location choice
Xi = gé(Ri) representation Vi = :[;)Tani +a'X;

without predefined A

concept meanings ((9, B, d)) = arg 5nﬁ1£1) Lchoice(8, B, w)
Question This study
Q1. Information used R only when computing X;; choices used during training
Q2. Concept supervision No direct labels for the feature dimensions
Q3. Uncertainty treatment Deterministic representation; no explicit concept-error model




[2] Learning from Choices

van Cranenburgh & Garrido-Valenzuela (2025)
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[3] Modeling Latent Concepts

Agrawal & Peeta (2021)

v' EEG-derived indicators measure latent cognitive states.
v" A measurement model separates the indicators from the concepts.
v’ Latent cognitive states are linked to route switching.

EEG signals Cognitive effort / inattention Route switching
Measurement model: X — |
I, = T(R,), P(Y,=11X, a,)
I, = AX,, + &, =o(BTa, +y"X,)
Question This study
Q1. Information used Indicators and choices are linked through a joint latent-variable model
Q2. Concept supervision No direct concept labels; interpretation based on prior literature
Q3. Uncertainty treatment Latent variation and indicator residuals are modeled
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[3] Modeling Latent Concepts

Agrawal & Peeta (2021)

Ifemale

Ipersinfo

’Conglnfo

Cognitive effort
(77)

Utility (U)

v

Cognitive
inattention (C%)

> —

I Freeway

Ipescinfo

Route choice
(R)

Y

I AltInfo

32



[4] Keeping Inference Uncertainty

Ali et al. (20206)

v' Smartphone diaries contain trips with untagged purposes.
v" Inferred purposes imply several possible daily trip patterns.
v' These patterns can be collapsed to one or retained with probability weights.

Smartphone travel records Trip purposes Daily trip counts by purpose

R - X Y

Aggregation by purpose

Deterministic inference: X = arg max po (X | R) P = A4(%)
Probabilistic inference: W, = pg(X. | R) Y, = A(X,) 2(B) = 2 welogLg (Y,)
c
Question This study
Q1. Information used p(X | R); no feedback from the trip-generation model
Q2. Concept supervision User-tagged trip purposes
Q3. Uncertainty treatment Single assignment vs. probability-weighted candidate patterns
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[5] Where Should Measurements Enter?

Hancock, Hess & Choudhury (2025)

v" The same physiological features can enter different model components.
v' They may affect utility, initial preference, or process noise.
v The contribution of the measurements depends on their behavioral role.

Heart rate, electrodermal activity,
and time-pressure condition Model-based stress index Gap acceptance / rejection

R - X Y

Decision Field Theory (DFT)

34

_ norm norm
an' = aTTn + aHHRm- + aSSCRni Hn,t — SHn,t—l + Vn,t + Sn,t
Question This study Entry point Simplified specification
Q1. Information used Computed from R ; coefficients estimated using choices. MNL utility Vni,accept

. . = VO. t -|- Xni
Q2. Concept supervision No direct stress labels ntaccep

. N HO.
Q3. Uncertainty treatment | No explicit measurement-error model DFT initial preference zn%a(;icept

t *’J{ni

ni,accep

DFT nrocess noise o.... = exp(X..)




Open Questions

Survey design with passive data What should we infer, and what should we ask?

Passive records R”
Active reports R’ Measurements / concepts Behavioral outcomes

R - X Y

LLM integration Where should LLMs enter and what should they preserve?

Passive records R”
Active reports R/ Measurements / concepts Behavioral outcomes

R - X Y

LLM? LLM?
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Take-home messages

1. Choose where flexibility belongs.

Let the network learn where flexibility is needed, and preserve the structure that
interpretation requires: selected constraints on utility, a linear taste structure,
RUM consistency.

2. Treat measurement as part of the model.

Say what X stands for, what information infers it (R alone, or R and Y'), whether
it is supervised, and where it enters the behavioral model.

3. Keep a distribution where the data cannot fix a point.

For tastes, let the amount of individual data set the shrinkage toward the
population. For measurements, carry the uncertainty in X into Y instead of
collapsing it to a point.

Design the whole R - X — Y pipeline around the behavioral question!
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Codes available

Paper Model name GitHub

Wang, Wang & Zhao (2020) TR-C F-DNN https://github.com/cjsyzwsh/dnn-for-economic-information
Wang, Mo & Zhao (2020) TR-C ASU-DNN https://github.com/cjsyzwsh/ASU-DNN

Sifringer, Lurkin & Alahi (2020) TR-B L-MNL https://github.com/BSifringer/EnhancedDCM

Han et al. (2022) TR-B TasteNet https://github.com/deborahmit/Taste Net-MNL

Wong & Farooq (2021) TR-C ResLogit https://github.com/LiTrans/reslogit-example

Feng et al. (2024) TR-C https://qgithub.com/siqi-feng/DNN-behavioral-regularity

Xia, Chen & Zimmermann (2023) TBS RE-BNN https://github.com/yutong-xia/RE-BNN

Li et al. (2026) TBS BI-DNN (ICLV) https://github.com/DeadliftData/BI-DNN-model

Bagheri, Ghasri & Barlow (2025) JOCM RUM-NN https://github.com/NioushaBagheri/RUM-NN

van Cranenburgh & Garrido-Valenzuela (2025) TR-A CV-DCM https://github.com/TUD-CityAl-Lab/Computer-vision-enriched-DCMs
Ito et al. (2026) Transportation https://github.com/koito19960406/cycling_safety perception
Ding, Yu & Bansal (2025) TR-D DFT https://github.com/jiaxuan-ding/uncertainty
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