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Motivation: Algorithm/AI-assisted Human Decision Making

AI/machine learning based recommendation systems

Routine decisions made by individuals in daily lives
Consequential decisions made by clinicians, judges, etc.

Risk assessment instruments (“risk scores”)

Widely used in medicine, criminal justice system, and other areas
Predicts the likelihood of an undesired outcome if no intervention is made
High risk → recommend intervention

We should also consider what would happen if a decision maker does intervene
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Background on Triage Score

Effective decision-making requires consideration of how decisions affect outcomes

risk score: only considers the likelihood of an undesired outcome under no intervention
triage score: incorporates counterfactual outcomes under alternative decisions

Triage: trier or “sort” in French

Napoleon’s military surgeon: Baron Dominique-Jean Larrey

prioritize worst wounds rather than first-come first-serve

do not fully consider counterfactual outcomes

Modern triage scores: prioritize those who would benefit most to maximize survival given
resource constraints
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Triage Score as Statistical Decision-theoretic Framework

Standard decision theory: specifies utility for each decision and its consequence

Counterfactual decision theory: incorporates counterfactual outcomes under alternative
decisions when specifying each utility
Nuanced counterfactual notions: regret, difficulty, do-no-harm, fairness etc.

Two axes of comparisons

1 Risk v.s. Triage scores: beyond the baseline outcome
2 Standard v.s. Counterfactual decision theory: beyond the realized outcome

Evaluation of decision making systems in practice

Do AI/algorithmic recommendations help humans make better decisions?
What is the optimal decision rule that maximizes policy maker’s expected utility?
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Empirical Application: Public Safety Assessment (PSA)

At the first appearance hearing, judges must decide

1 whether to release an arrestee pending disposition of charges
2 what conditions (e.g., bail and monitoring) to impose if released

Public Safety Assessment (PSA) provides
algorithmic recommendations to judges

Inputs: age, criminal history
No gender or race is used
Outputs: Risk factors ; recommendation
Widely used system across 25 US states

PSA is a risk score: prediction under release

1 failure to appear (FTA)
2 new criminal activity (NCA)
3 new violent criminal activity (NVCA)
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Does a Judge Follow PSA?

We conducted an RCT in Utah (and elsewhere)

Experimental samples: 7K arrest cases
Provision of PSA is randomized across cases
PSA provision influenced the judge’s decision
(more agreement between judges and PSA)

cash bail
release on their own recognizance (ROR)

Goal: evaluate and improve decision-making systems

Does PSA help the judge make better decisions?
What is the optimal decision under a given utility
function?
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Statistical Decision-Theoretic Framework

Binary decision, binary outcome (generalizable to categorical cases)

D∗ ∈ {0, 1}: decision made by a decision-maker (e.g., human, human+PSA)

D∗ = 1 if judge imposes cash bail (cash)
D∗ = 0 if release on own recognizance (ROR)

Y ∈ {0, 1}: indicator of an undesirable outcome

Y (d): potential outcome under decision D∗ = d
Y = 1 if rearrested with an NCA, and Y = 0 otherwise

Triage score considers principal strata: (Y (0),Y (1)) = (y0, y1)

(Y (0),Y (1)) =


(0, 0) “Safe”: no new crime under either decision
(0, 1) “Backlash”: new crime only under cash bail
(1, 0) “Preventable”: new crime only if released
(1, 1) “Hopeless”: new crime regardless of decision

Risk score considers Y (0): two latent groups {safe, backlash} and {preventable, hopeless}
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Evaluating Decision-Making Systems with Triage Score

Decision

Release (D∗ = 0) Cash bail (D∗ = 1)

Safe
(Y (0) = 0, Y (1) = 0) uror

¬crime + ũcash
¬crime ucash

¬crime + ũror
¬crime

Principal
Backlash

(Y (0) = 0, Y (1) = 1) uror
¬crime + ũcash

crime ucash
crime + ũror

¬crime

Strata Preventable
(Y (0) = 1, Y (1) = 0) uror

crime + ũcash
¬crime ucash

¬crime + ũror
crime

Hopeless
(Y (0) = 1, Y (1) = 1) uror

crime + ũcash
crime ucash

crime + ũror
crime

udyd : standard utility under decision d with outcome Y (d) = yd

ũ1−d
y1−d

: counterfactual utility under alternative decision 1 − d with outcome
Y (1 − d) = y1−d
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¬crime ucash

¬crime + ũror
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Evaluating Decision-Making Systems under Risk Score
Decision

Release (D∗ = 0) Cash bail (D∗ = 1)

Y (0) = 0

Safe
(Y (0) = 0, Y (1) = 0)

uror,¬crime ucash,¬crime

Baseline
Backlash

(Y (0) = 0, Y (1) = 1)
Outcome

Y (0) = 1

Preventable
(Y (0) = 1, Y (1) = 0)

uror,crime ucash,crimeHopeless
(Y (0) = 1, Y (1) = 1)

ud ,y0
u0,y0 = u0

y0 : standard utility under decision d = 0 with realized outcome Y (0) = y0

u1,y0 = ũ1
y0 : counterfactual utility under an alternative decision d = 1 with counterfactual

outcome Y (0) = y0

risk score is a special case of triage score with restrictions
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crime
= ucash

crime + ũror
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Nonparametric Identification of Expected Counterfactual Utility

Expected counterfactual utility is generally unidentifiable

E[U(u;D∗)] =

KD−1∑
d=0

KY−1∑
y0=0

. . .

KY−1∑
yKD−1=0

u(d , {yd}KD−1
d=0 ) Pr(D∗ = d ,Y (0) = y0, . . .Y (KD − 1) = yKD−1)

Partial identification approaches (Li and Pearl, 2019; Ben-Michael et al. 2024)
Additive counterfactual utility (Koch and Imai, 2025):

u(d , {yd}KD−1
d=0 ) = udyd︸︷︷︸

standard utility

+
∑
d ′ ̸=d

ũd
′

yd′︸︷︷︸
counterfactual utility

.

standard utility as a special case
can be a function of covariates X

Additivity as a necessary and sufficient identification condition under unconfoundedness
Counterfactual utility may not have a standard utility representation beyond the binary
decision case
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Axiomatizing Counterfactual Utility (Koch, Imai, and Strzalecki, 2026)

Recent criticisms about counterfactual utility

Gelman and Mikhaeil (2025): counterfactual utility violates von Neumann-Morgenstern axioms
Sawant and Stensrud (2026): counterfactual utility can be intransitive

Consider the potential outcomes space Z := D × YD ×X
Let ∆(Z) denote the set of probability distributions on Z

Definition 1 (Preference Relation)

Let Pπ,Qρ ∈ ∆(Z) denote the probability distributions induced by policies π and ρ under
states of nature P and Q, respectively. Then, a binary preference relation ≿ on ∆(Z) is
represented by a counterfactual utility ũ if the value of policy π in state P is no less than that
of policy ρ in state Q, i.e.,

Pπ ≿ Qρ ⇐⇒ VP(π; ũ) ≥ VQ(ρ; ũ).

where VP(π; ũ) := EPπ [ũ(D,Y (0), . . . ,Y (K − 1),X )]
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von Neumann-Morgenstern for Counterfactual Utility

von Neumann-Morgenstern (vNM) axioms

1 Completeness: For all p, q ∈ ∆(Z), either p ≿ q or q ≿ p
2 Transitivity: For all p, q, r ∈ ∆(Z), if p ≿ q and q ≿ r , then p ≿ r
3 Independence: For all p, q, r ∈ ∆(Z) and α ∈ (0, 1], if p ≻ q then

αp + (1 − α)r ≻ αq + (1 − α)r
4 Continuity: For all p, q, r ∈ ∆(Z), if p ≻ q ≻ r then there exists α, β ∈ (0, 1) such that

αp + (1 − α)r ≻ q ≻ βp + (1 − β)r

Theorem 1 (vNM for Counterfactual Utility)
The following statements are equivalent:

1 ≿ satisfies the above axioms;

2 there exists a counterfactual utility ũ : Z → R that represents ≿ in the sense of Definition ??.

Moreover, any such utility function ũ is unique up to a positive affine transformation.

Key point: one must evaluate counterfactual utility in the potential outcomes space
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Assumptions in Our Empirical Application

PSA (R) Judge’s Decision (D) Arrestee’s Behavior (Y )

Demographics/PC Affidavit (⊂ X )Age/Criminal History (⊂ X )

If Z = 1

Assumption 1: Single-blinded and unconfounded treatment assignment

1 Single-blinded: Yi (Zi = 0,Di (Zi ) = d) = Yi (Zi = 1,Di (Zi ) = d) = Yi (d) for d = 0, 1
; PSA can only affect the outcome through the decision

2 Unconfounded: Zi ⊥⊥ {Ri , {Di (z),Yi (d)}z∈{0,1},d∈D} | Xi

3 Overlap: e(x) := Pr(Zi = 1 | Xi = x) ∈ [λZ , 1 − λZ ] for 0 < λZ ≤ 1
2

Assumption 2: Unconfounded decision and overlap

{Yi (d)}d∈D ⊥⊥ Di | Xi ,Zi ,Ri , Pr(Yi = y | Di = d ,Zi = z ,Ri = r ,Xi ) ≥ λD

This holds so long as we have all the information that the judge takes into account

14 / 1



Assumptions in Our Empirical Application

PSA (R) Judge’s Decision (D) Arrestee’s Behavior (Y )

Demographics/PC Affidavit (⊂ X )Age/Criminal History (⊂ X )

If Z = 1

Assumption 1: Single-blinded and unconfounded treatment assignment

1 Single-blinded: Yi (Zi = 0,Di (Zi ) = d) = Yi (Zi = 1,Di (Zi ) = d) = Yi (d) for d = 0, 1
; PSA can only affect the outcome through the decision

2 Unconfounded: Zi ⊥⊥ {Ri , {Di (z),Yi (d)}z∈{0,1},d∈D} | Xi

3 Overlap: e(x) := Pr(Zi = 1 | Xi = x) ∈ [λZ , 1 − λZ ] for 0 < λZ ≤ 1
2

Assumption 2: Unconfounded decision and overlap

{Yi (d)}d∈D ⊥⊥ Di | Xi ,Zi ,Ri , Pr(Yi = y | Di = d ,Zi = z ,Ri = r ,Xi ) ≥ λD

This holds so long as we have all the information that the judge takes into account

14 / 1



Assumptions in Our Empirical Application

PSA (R) Judge’s Decision (D) Arrestee’s Behavior (Y )

Demographics/PC Affidavit (⊂ X )Age/Criminal History (⊂ X )

If Z = 1

Assumption 1: Single-blinded and unconfounded treatment assignment
1 Single-blinded: Yi (Zi = 0,Di (Zi ) = d) = Yi (Zi = 1,Di (Zi ) = d) = Yi (d) for d = 0, 1

; PSA can only affect the outcome through the decision

2 Unconfounded: Zi ⊥⊥ {Ri , {Di (z),Yi (d)}z∈{0,1},d∈D} | Xi

3 Overlap: e(x) := Pr(Zi = 1 | Xi = x) ∈ [λZ , 1 − λZ ] for 0 < λZ ≤ 1
2

Assumption 2: Unconfounded decision and overlap

{Yi (d)}d∈D ⊥⊥ Di | Xi ,Zi ,Ri , Pr(Yi = y | Di = d ,Zi = z ,Ri = r ,Xi ) ≥ λD

This holds so long as we have all the information that the judge takes into account

14 / 1



Assumptions in Our Empirical Application

PSA (R) Judge’s Decision (D) Arrestee’s Behavior (Y )

Demographics/PC Affidavit (⊂ X )Age/Criminal History (⊂ X )

If Z = 1

Assumption 1: Single-blinded and unconfounded treatment assignment
1 Single-blinded: Yi (Zi = 0,Di (Zi ) = d) = Yi (Zi = 1,Di (Zi ) = d) = Yi (d) for d = 0, 1

; PSA can only affect the outcome through the decision
2 Unconfounded: Zi ⊥⊥ {Ri , {Di (z),Yi (d)}z∈{0,1},d∈D} | Xi

3 Overlap: e(x) := Pr(Zi = 1 | Xi = x) ∈ [λZ , 1 − λZ ] for 0 < λZ ≤ 1
2

Assumption 2: Unconfounded decision and overlap

{Yi (d)}d∈D ⊥⊥ Di | Xi ,Zi ,Ri , Pr(Yi = y | Di = d ,Zi = z ,Ri = r ,Xi ) ≥ λD

This holds so long as we have all the information that the judge takes into account

14 / 1



Assumptions in Our Empirical Application

PSA (R) Judge’s Decision (D) Arrestee’s Behavior (Y )

Demographics/PC Affidavit (⊂ X )Age/Criminal History (⊂ X )

If Z = 1

Assumption 1: Single-blinded and unconfounded treatment assignment
1 Single-blinded: Yi (Zi = 0,Di (Zi ) = d) = Yi (Zi = 1,Di (Zi ) = d) = Yi (d) for d = 0, 1

; PSA can only affect the outcome through the decision
2 Unconfounded: Zi ⊥⊥ {Ri , {Di (z),Yi (d)}z∈{0,1},d∈D} | Xi

3 Overlap: e(x) := Pr(Zi = 1 | Xi = x) ∈ [λZ , 1 − λZ ] for 0 < λZ ≤ 1
2

Assumption 2: Unconfounded decision and overlap

{Yi (d)}d∈D ⊥⊥ Di | Xi ,Zi ,Ri , Pr(Yi = y | Di = d ,Zi = z ,Ri = r ,Xi ) ≥ λD

This holds so long as we have all the information that the judge takes into account

14 / 1



Assumptions in Our Empirical Application

PSA (R) Judge’s Decision (D) Arrestee’s Behavior (Y )

Demographics/PC Affidavit (⊂ X )Age/Criminal History (⊂ X )

If Z = 1

Assumption 1: Single-blinded and unconfounded treatment assignment
1 Single-blinded: Yi (Zi = 0,Di (Zi ) = d) = Yi (Zi = 1,Di (Zi ) = d) = Yi (d) for d = 0, 1

; PSA can only affect the outcome through the decision
2 Unconfounded: Zi ⊥⊥ {Ri , {Di (z),Yi (d)}z∈{0,1},d∈D} | Xi

3 Overlap: e(x) := Pr(Zi = 1 | Xi = x) ∈ [λZ , 1 − λZ ] for 0 < λZ ≤ 1
2

Assumption 2: Unconfounded decision and overlap

{Yi (d)}d∈D ⊥⊥ Di | Xi ,Zi ,Ri , Pr(Yi = y | Di = d ,Zi = z ,Ri = r ,Xi ) ≥ λD

This holds so long as we have all the information that the judge takes into account 14 / 1



Affidavit of Probable Cause and GenAI Powered Inference (GPI)

In Utah, PC Affidavit (along with PSA) contains all
the information a judge has
structured information: types of offense
unstructured information: probable cause statement

GPI (Imai and Nakamura 2026)

use open-source LLM to regenerate texts
obtain their internal representation
guranteed to contain all the information
leverage LLM’s internal structure
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Policy Evaluation and Learning

Nonparametric identification of expected additive counterfactual utilities

We consider a general setting (Assumptions 1 and 2), which are plausible in our application
Under binary decision, Assumption 2 (unconfoundedness of decision) is not required for the
comparison between human-alone and human+PSA

AIPW estimators given the decision and outcome models

GPI to learn the “deconfounder” through the DragonNet neural network architecture
semiparametric inference: asymptotic normality, double-robustness, rate-robustness

Statistical hypothesis test

1 When do we prefer Human+PSA? Invert the hypothesis test

H0 : U(ũ;D(1)) ≤ U(ũ;D(0)) vs. H1 : U(ũ;D(1)) > U(ũ;D(0))

for a given counterfactual utility function ũ
2 What is an optimal decision rule? Consider a covariate-dependent policy π : X → D and

estimate optimal policy by solving the empirical utility maximization problem
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2 What is an optimal decision rule? Consider a covariate-dependent policy π : X → D and

estimate optimal policy by solving the empirical utility maximization problem

16 / 1



Policy Evaluation and Learning

Nonparametric identification of expected additive counterfactual utilities
We consider a general setting (Assumptions 1 and 2), which are plausible in our application
Under binary decision, Assumption 2 (unconfoundedness of decision) is not required for the
comparison between human-alone and human+PSA

AIPW estimators given the decision and outcome models

GPI to learn the “deconfounder” through the DragonNet neural network architecture
semiparametric inference: asymptotic normality, double-robustness, rate-robustness

Statistical hypothesis test

1 When do we prefer Human+PSA? Invert the hypothesis test
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for a given counterfactual utility function ũ
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2 What is an optimal decision rule? Consider a covariate-dependent policy π : X → D and
estimate optimal policy by solving the empirical utility maximization problem

16 / 1



Policy Evaluation and Learning

Nonparametric identification of expected additive counterfactual utilities
We consider a general setting (Assumptions 1 and 2), which are plausible in our application
Under binary decision, Assumption 2 (unconfoundedness of decision) is not required for the
comparison between human-alone and human+PSA

AIPW estimators given the decision and outcome models
GPI to learn the “deconfounder” through the DragonNet neural network architecture
semiparametric inference: asymptotic normality, double-robustness, rate-robustness

Statistical hypothesis test
1 When do we prefer Human+PSA? Invert the hypothesis test
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Utility Specification

Focus on cost and regret (they are all non-negative):

Cost of decision: ccash

Cost of outcome: cror
crime and ccash

crime
Regret from counterfactual outcome: rror

¬crime and rcash¬crime

Decision

Release (D∗ = 0) Cash bail (D∗ = 1)

Safe
(Y (0) = 0, Y (1) = 0) −rcash

¬crime −ccash − rror
¬crime

Principal
Backlash

(Y (0) = 0, Y (1) = 1) 0 −ccash − ccash
crime − rror

¬crime

Strata Preventable
(Y (0) = 1, Y (1) = 0) −cror

crime − rcash
¬crime −ccash

Hopeless
(Y (0) = 1, Y (1) = 1) −cror

crime −ccash − ccash
crime
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Utility Specification (cont.)

Standardize cror
crime = 1 (cost of new crime under ROR)

1 standard decision theory with the risk score framework: ccash

2 standard decision theory with the triage score framework: ccash, ccash
crime

3 counterfactual decision theory with the risk score framework: ccash, rror
¬crime

4 counterfactual decision theory with the triage score framework: ccash, ccash
crime, rror

¬crime, rcash¬crime

To further reduce the number of parameters for our analysis:

Cost of new crime under cash bail (ccash
crime)

Cost of new crime under ROR(cror
crime)

=
Regret of no new crime under cash bail (rcash

¬crime)

Regret of no new crime under ROR(rror
¬crime)

cost ratio is the same as regret ratio ; rcash
¬crime = rror

¬crimec
cash
crime
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When Do We Prefer Human+PSA over Human?
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Optimal Decision Rules
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Outcome: new criminal activity
Policy class: decision trees (depth 2; minimum leaf size 10)
Most utility settings favor less cash bail than the current practice (blue)

Triage and risk scores can imply different cash-bail policies
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Concluding Remarks

We propose triage score as a comprehensive framework for decision-making

Unlike risk score, triage score can incorporate counterfactual utilities
It enables decision-makers to incorporate a wide range of ethical and practical factors
Triage score captures richer utility structures than risk score and yield distinct results

We apply our framework to a RCT to evaluate a pre-trial risk assessment instrument
The triage score framework yields higher expected utility for Human+PSA and more
lenient optimal recommendations than the risk score framework

Next steps:

Ongoing partnerships with courts, prosecutors’ offices, and child protection agencies
Evaluate Human-alone vs. Human+Triage decision systems
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