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Abstract

Fairness studies of algorithmic decision-making systems of-
ten simplify complex decision processes, such as bail or lend-
ing decisions, into binary classification tasks (e.g., approve
or not approve). However, these approaches overlook that
such decisions are not inherently binary; they also involve
non-binary treatment decisions (e.g., loan or bail terms) that
can influence the downstream outcomes (e.g., loan repayment
or reoffending). We argue that treatment decisions are inte-
gral to the decision-making process and, therefore, should
be central to fairness analyses. Consequently, we propose a
causal framework that extends and complements existing fair-
ness notions by explicitly distinguishing between decision-
subjects’ covariates and the treatment decisions. Our frame-
work leverages path-specific counterfactual reasoning to: (i)
measure treatment disparity and its downstream effects in his-
torical data; and (ii) mitigate the impact of past unfair treat-
ment decisions when automating decision-making. We use
our framework to empirically analyze four widely used loan
approval datasets to reveal potential disparity in non-binary
treatment decisions and their discriminatory impact on out-
comes, highlighting the need to incorporate treatment deci-
sions in fairness assessments. Finally, by intervening in treat-
ment decisions, we show that our framework effectively mit-
igates treatment discrimination from historical loan approval
data to ensure fair risk score estimation and (non-binary)
decision-making processes that benefit all stakeholders.

Code — https://github.com/ayanmaj92/fair-nonbin-treat
Extended version — https://arxiv.org/abs/2503.22454

1 Introduction
Data-driven systems are increasingly used to automate de-
cisions in domains such as finance, healthcare, and crimi-
nal justice (Almheiri 2023; Moscato, Picariello, and Sperlı́
2021; Habehh and Gohel 2021; Dieterich, Mendoza, and
Brennan 2016). These systems typically reduce complex de-
cisions to binary classification tasks, for example, simply
predicting for loan repayment or recidivism (Mhasawade,
D’Amour, and Pfohl 2024). However, real-world decisions
are rarely as simple as a binary choice, they involve mul-
tiple, non-binary treatment decisions which in turn affect

*These authors contributed equally.
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Intelligence (www.aaai.org). All rights reserved.

Figure 1: Illustration of data-driven decision-making
pipelines. Parts (a)–(c) highlight the three common simplifi-
cations in existing fairness analyses.

outcomes. Fig 1 illustrates the data-driven decision-making
pipeline, which involves both (a) treatment decisions, (b) bi-
nary decisions, and (c) their downstream effects.

Despite growing research on fairness in algorith-
mic decision-making, existing analyses simplify complex
decision-making mechanisms in three key ways. First, many
studies (Zafar et al. 2017; Hardt, Price, and Srebro 2016;
Corbett-Davies et al. 2023) include non-binary treatments as
covariates of the decision-subject (see covariate and treat-
ment examples from different deployment contexts in Ap-
pendix B.1), restricting fairness analyses to binary decisions
(Fig. 1b). This obscures the fact that such decisions are in
control of the decision-makers. As a result, potential sources
of discrimination may be masked, limiting the scope of fair-
ness assessments. Second, some works (Madras et al. 2019;
Coston et al. 2020; Plecko and Bareinboim 2023) account
for treatment decisions (Fig. 1a) but assume they are bi-
nary, ignoring their often non-binary nature (e.g., loan or bail
amounts). Finally, while a few studies do focus on dispari-
ties in non-binary treatment decisions, e.g., in lending (Agier
and Szafarz 2013; Escalante et al. 2018; Alesina, Lotti, and
Mistrulli 2013), they only provide empirical insights into
disparities in treatment but overlook the downstream effects
these treatment disparities may have on outcomes (Fig. 1c).

In this paper, we bridge the gaps in the fairness literature
by extending fairness analyses to multiple, non-binary treat-
ment decisions and their downstream outcome effects. We
propose a causal framework that explicitly distinguishes be-
tween a decision-subject’s covariates and the treatment deci-
sions made by a decision-maker. Our framework enables us
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to: (i) measure disparities in non-binary treatment decisions
induced by the sensitive attributes, and (ii) quantify how
these disparities propagate to outcomes, thereby inducing
treatment discrimination. Furthermore, we discuss how the
proposed measures of treatment disparities and their down-
stream effects relate and complement existing fairness no-
tions in binary decision-making.

To make our framework actionable, we introduce a
practical approach for generating fairness-aware counter-
factual data, leveraging recent advances in causal infer-
ence (Javaloy, Sánchez-Martı́n, and Valera 2024). Unlike
prior methods, which often relied on restrictive assumptions
or computationally intensive procedures (Nabi and Shpitser
2018; Chiappa 2019), our approach is broadly applicable
and scalable. Moreover, it supports treatment discrimina-
tion mitigation via pre-processing techniques. These tech-
niques generate treatment-fair counterfactual datasets, en-
abling fairer non-binary automated decisions and more equi-
table risk score estimation to inform future decision-making.

We validate our framework using four real-world lend-
ing datasets across two decision-making scenarios and em-
pirically show that: (i) historical data encode treatment dis-
parities that fair binary predictions fail to correct for owing
to downstream effects of treatment decisions; and (ii) fairer
treatment decisions yield more optimal outcomes, benefit-
ing all stakeholders. Our findings thus highlight the need to
address treatment decision disparities to achieve fairer out-
comes, bridging a key gap in fairness research, and laying
the foundation for more holistic fairness assessments and
mitigation efforts. Thus, our analysis opens up avenues for
future work, such as developing fair data-driven approaches
for jointly making treatment and binary decisions.

2 Background
This section introduces the key causal concepts we leverage
in our framework for studying treatment decision disparities.

Structural causal models (SCMs). An SCM (Pearl et al.
2000) encodes the cause-effect relations among observed
features V as M = (V,U, F ), where U is a set of mutu-
ally independent, unobserved exogenous variables, and F is
a set of functions such that each feature Vi ∈ V is given by
Vi = Fi(pa(Vi), Ui), with pa(Vi) ⊆ V denoting the causal
parents of Vi. The structure of these equations induces a di-
rected acyclic graph (DAG) G over V , as seen in Fig. 2.

Performing interventions. Interventions are external ac-
tions that forcibly fix a feature’s value, breaking its usual
dependence on causal parents (Pearl et al. 2000). In SCMs,
such hypothetical interventions are denoted by the do-
operator. For instance, the intervention I = do(Vi = α) re-
places Vi’s structural equation with the constant assignment
Vi = α, producing a modified model MI . This intervened
SCM captures the changed causal structure and enables rea-
soning about the intervention’s downstream effects.

Counterfactuals. In the absence of hidden confounders,
the intervened SCM MI enables counterfactual analysis for
a specific individual with observed features ϑF . This anal-
ysis answers the question: “What would the counterfactual
features ϑCF be if we intervened with do(Vi → α), all else
remaining the same?” Computing counterfactuals involves

X Z YS

Figure 2: Causal graph of the data generation process, dis-
tinguishing decision-subject covariates X and treatment de-
cisions Z, assuming positive binary decisions. Red paths
(solid: direct, dotted: indirect) show the potential disparate
influence of sensitive S on Z. The orange dashed path from
Z to Y reflects possible discriminatory effects on outcomes.

three steps (Pearl et al. 2000): (i) abduction that infers the
exogenous uF from ϑF using the original M; (ii) action
that intervenes using do(Vi → α) to produce the intervened
SCM MI ; and (iii) prediction that computes the counterfac-
tual features ϑCF from MI using uF and Vi = α. Counter-
factuals capture the total effect of an intervention on down-
stream causal features for the individual. This framework
is widely used in fairness research (Kusner et al. 2017) to
quantify the total effect of sensitive attributes (e.g., gender)
on binary decisions (e.g., granting loans).

Path-specific counterfactuals. In certain scenarios, in-
stead of focusing on total effects, we may want to under-
stand how one feature influences another through specific
causal pathways. This can be done using path-specific coun-
terfactuals, which apply multiple do operations to isolate
effects along selected paths. Consider a causal structure in-
volving variables ⟨Vi, Vj , Vk⟩ with two paths: a direct path
Vi → Vk and an indirect path Vi → Vj → Vk. For
a factual instance ϑF = ⟨vFi , vFj , vFk ⟩, we can compute
the counterfactual effect of do(Vi → α) along each path
separately. To isolate the direct path Vi → Vk, we block
the indirect path by fixing Vj to its factual value, yield-
ing vCFk (do(Vi → α), do(Vj → vFj )). To isolate the in-
direct path Vi → Vj → Vk, we fix Vi = vFi for the
direct path, but update Vj based on the intervention using
vCFk (vFi , do(Vj → vCFj (do(Vi → α)))). This approach has
been effective in fairness studies (Chiappa 2019) to deter-
mine whether sensitive features influence binary decisions
through potentially problematic causal paths.

3 Measuring Treatment Disparities
In this section, we introduce our causal framework to mea-
sure non-binary treatment disparities and their downstream
effects. Our framework considers historical data D gener-
ated by the causal graph G (Fig. 2) , where:

1. Treatment decisions Z are assigned by decision-makers
(e.g., banks setting loan terms) and are causally influ-
enced by decision-subject covariates X (e.g., income,
savings) and possibly the sensitive attribute S (e.g., gen-
der, race). This mechanism may exhibit disparities via di-
rect (solid red) and indirect (dashed red) effects of S.

2. Treatment decisions Z causally affect outcomes Y (e.g.,
loan terms affect repayments). Thus, S may influence Y
indirectly through Z (orange dashed line in Fig. 2), po-
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tentially propagating treatment disparities to outcomes.

Remarks. Although Fig. 2 presents a single S for simplic-
ity, our framework supports modeling multiple as indepen-
dent root nodes. We treat X and Z as multivariate blocks,
focusing on causal relations between blocks without mak-
ing assumptions about causal structures within them. The
directed edges in G indicate the causal ordering (Javaloy,
Sánchez-Martı́n, and Valera 2024) among feature groups,
although some of these relations may have zero effect. To
enable general analyses, we retain S → Y to account for
direct effects in scenarios like healthcare.

3.1 Disparities in Non-Binary Treatment
Decisions

Based on the causal graph in Fig. 2, we use the SCM
framework to measure how S influences treatment deci-
sions Z, capturing both the total and the direct disparities.
For simplicity and without loss of generality, we assume
a binary sensitive attribute, S ∈ {0, 1}. 1 Given a dataset
D = {sF , xF , zF , yF } consisting of instances that received
a positive decision under a historical binary predictive pol-
icy, we define disparity measures using a disparity function
∆, which depends on the type of treatment variable, e.g.,
using value differences for continuous treatments.

Definition 1. Total Treatment Disparity (TTD) against
decision-subjects with factual sensitive feature sF , measures
the expected disparity between the treatment zF they re-
ceived and the treatment zSCF they would have received if
they belonged to a different sensitive group, i.e.,

TTD(sF ) = ED
(
∆(zSCF, zF )

)
, where

zSCF = zCF (do(S → (1− sF )))
(1)

Following Kusner et al. (2017), this notion captures the
total effect of S on the treatment decisions Z. The sensitive
counterfactual treatment zSCF reflects, e.g., the loan terms a
female applicant would receive if they were male with coun-
terfactually adjusted covariates like income.

Definition 2. Direct Treatment Disparity (DTD), against
decision-subjects with factual sensitive feature sF , measures
the expected disparity between the treatment they received
and the sensitive direct-path counterfactual treatment, i.e.,

DTD(sF ) = ED
(
∆(zSPCF, zF )

)
, where

zSPCF = zCF (do(S → (1− sF )), do(X → xF ))
(2)

Following Nabi and Shpitser (2018); Chiappa (2019), this
captures the direct effect of S on Z. The sensitive direct-
path counterfactual zSPCF reflects, e.g., the loan terms a fe-
male applicant would have received if they identified as male
while maintaining their original covariates like income.

Relation to fair binary predictions. Ensuring fairness
in binary decisions determines who receives a positive deci-
sion (e.g., loan granted) but does not directly address dispari-
ties in more complex, non-binary treatment assignments. We

1Discussions on possible extensions to multi-valued and multi-
ple sensitive features in Appendix B.3.

illustrate this empirically in Sec. 5. Still, drawing parallels
with predictive fairness concepts can help interpret the im-
plications of treatment disparities. For example, DTD cap-
tures disparities caused by the explicit use of sensitive at-
tributes S in assigning Z. While this may be acceptable in
settings like healthcare, it is generally inappropriate in do-
mains like lending, echoing the notion of disparate treat-
ment (Dwork et al. 2012). Similarly, zero TTD requires
Z to be independent of S, analogous to demographic par-
ity (Dwork et al. 2012), which requires binary predictions
to be independent of S. As with predictive fairness, the ap-
propriateness of treatment parity depends on context. When
the true outcome Y is unobserved (e.g., hiring), treatment
disparities may be considered discriminatory. In contrast,
when Y is observable and the ground-truth (e.g., loan repay-
ment), separation-based fairness frameworks (Hardt, Price,
and Srebro 2016; Zafar et al. 2017) suggest that outcome
differences may justify some disparities. Hence, analyzing
the downstream impact on Y is essential for assessing the
unfairness of treatment disparities.

3.2 Downstream Effects of Treatment Disparities
While Def. 1 and 2 help measure treatment disparities, it is
crucial to assess the downstream impact of these disparities
on the outcome Y (e.g., when Y is a ground truth as in lend-
ing) to determine if they are discriminatory. Next, we intro-
duce two novel metrics to quantify the downstream outcome
effects of total and direct treatment disparities.
Definition 3. Total Treatment Disparity Effect (TTD-E)
measures the downstream effect of the sensitive counterfac-
tual treatment zSCF, computed in Eq. 1, as the probability of
a label change from the factual value yF , i.e.,

TTD-E(sF , yF ) = ED
[
I
(
yCF (do(Z → zSCF)) ̸= yF

)]
,

(3)

where I is an indicator function. This measures how the out-
come would change if the decision-maker applied the sen-
sitive counterfactual treatment zSCF, e.g., how a female ap-
plicant’s repayment would differ if her covariates stayed the
same but treatment was adjusted by the total effect of S.
Definition 4. Direct Treatment Disparity Effect (DTD-E)
measures the downstream effect of the sensitive path coun-
terfactual treatment zSPCF, computed in Eq. 2, as the prob-
ability of a label change from the factual value yF , i.e.,

DTD-E(sF , yF ) = ED
[
I
(
yCF (do(Z → zSPCF)) ̸= yF

)]
.

(4)
This measures how the outcome would change if the
decision-maker applied the sensitive direct-path counterfac-
tual treatment zSPCF, e.g., how a female applicant’s repay-
ment would differ if her covariates stayed the same but only
the treatment was adjusted by the direct effect of S.

Relation to fair binary predictions. Ensuring parity in
treatment decisions complements parity in binary decisions,
and fairness in predictions alone cannot eliminate unfair ef-
fects of treatment disparities on outcomes. However, con-
necting to predictive fairness concepts helps identify when
treatment disparities lead to discrimination through unfair
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decision outcomes. For example, under the notion of dis-
parate treatment (Dwork et al. 2012), any direct use of sen-
sitive attribute S in assigning treatment Z is problematic,
and its impact on outcome Y is considered discriminatory.
However, in some contexts like healthcare, DTD effects may
be justified if they benefit Y . Similarly, disparities between
counterfactual and factual treatments (ZSCF and ZF ) can
cause unfairness in Y . In predictive fairness, separation (Za-
far et al. 2017) allows decision disparities if they do not harm
ground-truth outcomes. Likewise, treatment disparities (e.g.,
TTD) may be deemed discriminatory if they fail to improve
Y , such as when factual treatment zF leads to worse out-
comes than counterfactual treatment zSCF.

3.3 Practical Implementation
Prior work (Nabi and Shpitser 2018; Chiappa 2019) on
path-specific counterfactuals for predictive fairness was ei-
ther limited to linear settings or relied on imprecise ap-
proximations and regularization. To allow for a practi-
cal yet theoretically grounded method for computing path-
specific counterfactuals, we leverage causal normalizing
flows (CNF) (Javaloy, Sánchez-Martı́n, and Valera 2024),
which have shown accurate causal estimates in societal
decision-making settings (Majumdar and Valera 2024).

Background on CNF. Given factual data D =
{sF , xF , zF , yF } and causal graph G, CNF approximates
the unknown SCM M using a single invertible normalizing
flow model Tψ . CNFs support partial causal graphs,
where some features are grouped into multivariate blocks,
requiring only a causal ordering across blocks. CNFs can
also flexibly learn from data if certain causal relations
have zero effect. Once trained, CNF estimates counter-
factuals for a given factual instance ϑF = {vF1 , . . . , vFK}
under an intervention do(Vj → α) through three steps:
(i) Abduction; infer exogenous variables as uF = Tψ(ϑ

F );
(ii) Action, modify uF to reflect the intervention, yielding
uCF = {uF1:j−1, Tψ(do(Vj → α)), uFj+1:K}; and, (iii) Pre-
diction, estimate counterfactual ϑCF = T−1

ψ (uCF ). See
Appendix B.2 for extended details. Next, we show how to
adapt CNF to estimate treatment disparities.

Estimating counterfactual treatments and outcomes.
We can use a causal normalizing flows model trained using
factual D to compute counterfactual quantities for some fac-
tual ϑF ∈ D. Importantly, we can readily utilize the existing
counterfactual estimation method shown above to compute
the sensitive total treatment counterfactual zSCF as:

zSCF = T−1
ψ (⟨Tψ(do(s → (1− sF ))), uFX , uFZ , u

F
Y ⟩) (5)

We can also directly use the existing CNF approximation
process to compute the counterfactual labels in Def. 3 and 4
resulting from a treatment intervention do(Z → ẑ), as:

yCF (do(Z → ẑ)) = T−1
ψ (⟨uFS , uFX , Tψ(do(z → ẑ)), uFY ⟩),

(6)

where ẑ denotes respectively zSCF from Def. 1, and zSPCF

from Def. 2. However, note that to compute the effect of

the counterfactual treatments on the outcome, we need to
perform counterfactual approximations in two steps, where
the first step measures the counterfactual treatment and the
second step measures the effect on the outcome.

Extension for path-specific disparity measures. To ana-
lyze our path-specific measures in Def. 2 and 4, we cannot
directly apply the existing CNF counterfactual estimation
process since it does not work for multiple sequential inter-
ventions. Moreover, since we want to compute path-specific
measures in non-linear settings, we cannot directly apply the
existing linear approach in (Chiappa 2019) either. Hence,
we provide a novel procedure that extends the existing non-
linear causal normalizing flows counterfactual approach to
approximate path-specific counterfactuals.

For computing zSPCF in Def. 2 and 4, we need to perform
sequential interventions in the CNF following the causal or-
dering of the features to obtain:

zSPCF = T−1
ψ (⟨uCFS , ûFX , uFZ , u

F
Y ⟩), where

uCFS = Tψ(do(S → (1− sF ))), and

ûFX = Tψ((1− sF ), do(X → xF ))

(7)

Hence, to compute zSPCF, we perform two interventions
following the causal ordering. First we use do(S → (1 −
sF )) on ϑF to get ϑSCF. Then, we use do(X → xF ) on
ϑSCF, combine the different exogenous u from the separate
intervention steps and generate zSPCF. Further details and
pseudocode regarding the different counterfactual computa-
tions using CNF can be found in Appendix B.6.

Assumptions and considerations. Our causal framework
is designed to incorporate advances in causal genera-
tive modeling flexibly, but its current CNF-based imple-
mentation relies on key assumptions. Our framework as-
sumes overlap, i.e., all relevant treatment-covariate com-
binations have non-zero support, a condition that gener-
ally holds in practice (Appendix B.4). Consistent with prior
work (Khemakhem et al. 2021; Sánchez-Martin, Rateike,
and Valera 2022; Kusner et al. 2017; Chiappa 2019), we
also assume no hidden confounders and full observability
of treatments, covariates, and sensitive attributes from the
decision-maker’s perspective. However, in real-world set-
tings, decision-makers may not observe all covariates im-
pacting the outcome, introducing potential confounding.
However, this would only impact the direct disparity mea-
sures (Definitions 2 and 4) since they need interventions
on X . Importantly, since decision-makers only intervene on
treatment decisions in our framework, robustness can be
practically tested through small-scale interventional studies
on subpopulations. Future work can also explore integrating
recent advancements for tackling confounding (Almodóvar
et al. 2025). We provide a more detailed discussion in Ap-
pendix B.4. Appendix D presents synthetic data experiments
validating the framework’s effectiveness against an oracle.

4 Mitigating Historical Treatment
Unfairness

Our framework identifies when historical data reflects dis-
criminatory treatment policies, i.e., disparities in treatments
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Z that are not justified by corresponding benefits in ground-
truth outcomes Y . To prevent such biases from being per-
petuated in data-driven decision-making, we propose an au-
tomated pre-processing procedure. Although pre-processing
approaches may lack formal guarantees, they remain a prac-
tical and effective mitigation strategy (Mutlu, Yousefi, and
Ozmen Garibay 2022). Our method augments the biased
dataset D to produce a fairer version, Dfair, enabling more
equitable non-binary decisions (Sec. 4.1). We further show
that using Dfair can mitigate the effects of treatment dispar-
ities on risk score estimation, a central component in many
decision-making pipelines (Sec. 4.2).

4.1 Fairness in Non-Binary Decision-Making
Automated decision-making systems often rely on histori-
cal data, including sensitive attributes, individual covariates,
and past treatments to train classifiers that predict outcomes:
hy : {S,X,Z} 7→ Y . These predictions are used to make bi-
nary decisions, such as granting loans (Corbett-Davies et al.
2017). However, biases in the decision-maker’s non-binary
past treatment policy (Def. 1–4) can propagate into future
automated decisions. As we show later in Sec. 5 and Ap-
pendix E, optimizing for predictive fairness (Dwork et al.
2012; Hardt, Price, and Srebro 2016) does not eliminate
treatment disparities or their downstream effects.

To prevent automated systems from reinforcing such dis-
parities, we propose a pre-processing method that uses our
causal framework to transform biased historical data D into
a treatment-fair dataset Dfair. We define a treatment policy
π(Z) that adjusts treatment assignments for disadvantaged
individuals SF = s−, those who previously received worse
treatment without benefiting in outcome (Def. 3). For these
cases, π(Z) assigns the sensitive counterfactual treatment
zSCF (Def. 1). The fair dataset is then constructed as:

Dfair =
{
sF , xF , zF , yF

}
s=s+

⋃
{
sF , xF , zSCF, yCF (do(Z → zSCF))

}
s=s−

(8)

For individuals in group SF = s−, we replace the
historically assigned treatment with zSCF and sim-
ulate the counterfactual outcome under this inter-
vention (Def. 1 and 3). Despite its simplicity, π(Z)
corrects disparities without harming outcomes, en-
suring P

[
Y CF (do(Z → zSCF)) = 1 | SF = s−

]
≥

P
[
Y F = 1 | SF = s−

]
. The resulting Dfair removes past

disparate treatment and its effects, enabling the training of
predictive models that do not perpetuate such disparities.

4.2 Fair Risk Score Estimation
Risk scores are widely used in algorithmic decision-making
to inform lending decisions (Hurley and Adebayo 2016;
Obermeyer et al. 2019). For example, banks often rely
on risk scores from third-party institutions such as FICO
or SCHUFA to assess creditworthiness and justify loan
terms (Doroghazi 2020; Toh 2023; Loqbox 2023). These
scores are typically estimated from historical data D and
past decision outcomes (Maiden 2024; MyFico 2018) as
R(X,Z) = P (Y = 0 | X,Z). However, disparities in prior

Data SCF Measure
Disparity Effect(%)

Amount (K$) Y F = 0/1

Hist. EOD Hist. EOD

NY
F→M TTD(-E) +30 +28 2.2/0.4 4.8/0.1

DTD(-E) +7 +7 2.5/0.2 3.6/0.1

M→F TTD(-E) −30 −28 3.9/0.2 2.6/0.0
DTD(-E) −6 −7 1.8/0.1 2.6/0.0

TX
F→M TTD(-E) +19 +21 1.6/0.3 0.0/0.0

DTD(-E) +3 +3 1.6/0.1 0.0/0.0

M→F TTD(-E) −20 −21 3.0/0.2 0.0/0.0
DTD(-E) −4 −3 2.4/0.1 0.0/0.0

Table 1: Treatment disparities and outcome effects in S.1
(HMDA). Disparity in median U.S.D. ($) across sensitive
counterfactuals (SCF), female (F) and male (M). Y F = 0:
label changed from negative to positive agreement; Y F = 1:
reverse. Hist: all test-set loans granted (past policy); EOD:
use loan grants predicted by equalized odds predictor.

non-binary treatment decisions can bias both outcomes and
risk scores. Crucially, this bias may persist even if treatment
decisions are excluded from the estimation, due to the causal
effect of treatment Z on outcome Y .

Since the treatment decisions are beyond an applicant’s
control (Kleinberg, Mullainathan, and Raghavan 2016; Cos-
ton et al. 2020), we argue for mitigating the unfair effects
of past treatment policies on risk score estimation. To this
end, we formulate a fair risk score estimate as Rfair(x, s) =
Ez′∼π(Z)

[
P
(
yCF (sF , xF , do(Z → z′)) = 0

)]
, where we

use π(Z) to marginalize out disparate effects of Z. To en-
sure the marginalization does not systematically disadvan-
tage any group, we set π(Z) = PDfair(Z | S = s+), using
treatments from the advantaged group. Treatment distribu-
tion overlap across groups (Appendix B.4) ensures our inter-
ventions remain realistic while removing disparate effects.

5 Use Case: Lending Decisions
In this section, we evaluate our framework by (i) auditing
historical data to identify treatment disparities and their po-
tentially discriminatory effects on outcomes, and (ii) assess-
ing the effectiveness of our mitigation strategies. We eval-
uate using four real-world lending datasets that span di-
verse geographic regions, loan structures, and two repre-
sentative decision-making scenarios (experimental details in
Appendix C and additional results in Appendix E):

• Decision agreement as label (S.1): The ground-truth Y
captures a decision’s immediate outcome, where Y = 1
shows agreement on treatment terms, e.g., a loan ap-
proved by the bank and terms accepted by the applicant.
We evaluate this scenario using the 2017 HMDA dataset
from New York and Texas (FFIEC 2017).

• Decision outcome as label (S.2): The ground-truth Y
captures a decision’s downstream outcome, e.g., Y = 1
for loan repaid and Y = 0 for default. We analyze this
scenario using Home Credit (Montoya, Odintsov, and
Kotek 2018) and German Credit (Hofmann 1994) data.
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Data SCF Measure
Disparity Effect (%)

Annuity (INR) Amount (INR) Y F = 0 Y F = 1

Hist. EOD Hist. EOD Hist. EOD Hist. EOD

Home Credit
F → M TTD(-E) +1005.26 +1031.86 +7834.47 +8606.90 0.22 0.18 0.25 0.13

DTD(-E) +708.24 +694.17 −797.40 −972.88 0.22 0.00 0.08 0.05

M → F TTD(-E) −957.37 −924.41 −6778.88 −7310.10 2.46 3.08 0.05 0.04
DTD(-E) −604.94 −529.54 +857.12 +1069.00 1.36 1.54 0.08 0.06

Duration (months) Amount (DM) Y F = 0 Y F = 1

German Credit
F → M TTD(-E) +1.15 0.94 +272.15 +189.89 4.25 0.00 2.70 3.64

DTD(-E) +0.42 +0.36 +133.39 +116.74 4.25 0.00 1.35 1.82

M → F TTD(-E) −0.87 −0.67 −237.97 −212.44 12.33 9.10 0.97 0.81
DTD(-E) −0.58 −0.42 −189.68 −189.68 12.33 4.54 0.48 0.81

Table 2: Treatment disparities and outcome effects in S2. For sensitive counterfactuals (SCF), female (F) and male (M), Y F = 0:
outcome changed defaulted → repaid, Y F = 1 the reverse. Reporting median INR (Indian Rupees) and DM (Deutsche Marks).
Hist: all test-loans were granted (past policy), EOD only uses test-loans granted by the equalized odds predictor.

5.1 Measuring Treatment Disparities

We begin by auditing disparities in historical treatment as-
signments in test data. First, we examine disparities un-
der historical binary decisions using the full test set (Hist.),
where all individuals received positive decisions. We also
evaluate the impact of predictive fairness by analyzing treat-
ment disparities for positively predicted individuals under an
equalized odds (EOD) predictor. Results for other predictors
in Appendix E.2 , analysis of unsplit data in Appendix E.1.

S.1: Agreement of the decision-making process as la-
bel. In both HMDA datasets, we follow the identification
and pre-processing procedures for sensitive attributes, co-
variates, and treatment decisions outlined in (Cooper et al.
2024). We consider loan amount and preapproval status as
treatment decisions within the bank’s authority. Table 1 re-
ports the treatment disparity analysis results.

Takeaway. Although loan agreement rates do not dif-
fer significantly by gender, our analysis (ref. Hist) shows
that banks assign more conservative loan terms to female
applicants, suggesting potential treatment unfairness. Offer-
ing higher loan amounts to women would not reduce agree-
ment rates, challenging the justification for such disparities.
We also observe that predictive fairness (e.g., EOD) does
not eliminate treatment disparities. For example, Table 1
shows that in the NY dataset, an EOD-compliant predictor
still yields disparities: females, if treated as males, would
have received $27K higher loan amounts without any nega-
tive impact on Y , indicating potential treatment unfairness.
These differences are largely explained by applicant covari-
ates, with minimal direct disparity observed.

Our observations raise important questions about the ra-
tionale behind these disparate treatment decisions. Specifi-
cally, we ask: Are disparities in loan terms for female appli-
cants justified by downstream outcomes, such as repayment
behavior, and thus defensible as a business necessity? This
motivates our second scenario examining treatment dispari-
ties, repayment outcomes, and potential discrimination.

S.2: Decision outcome as label. In the Home Credit
dataset, we analyze two treatment decisions: loan amount
and annuity amount, while in the German Credit dataset, we
examine three treatment decisions: loan amount, loan dura-
tion, and installment rate with results summarized in Table 2.

Takeaway. In Scenario S.2, our results show female ap-
plicants experience negative treatment disparities not ex-
plained by downstream outcomes. Conversely, while males
receive perceived positive treatment, they are ultimately neg-
atively impacted by its downstream effects. Notably, our
findings align with similar insights observed for German
Credit in a simpler linear setting (Kanubala, Valera, and
Gupta 2024), reinforcing the validity of our results. Despite
appearing favorable, loan terms offered to certain males may
increase their default risks and lower their creditworthiness
over time. Applying the treatment decisions of their female
counterparts to male applicants could mitigate this discrim-
ination and improve repayment outcomes. Importantly, this
scenario also further illustrates that predictive fairness alone
does not mitigate treatment disparities or their effects on
outcomes. In German Credit, 9.1% of male applicants who
received loans from the EOD predictor but later defaulted
would have repaid under counterfactual treatments.

5.2 Mitigating Treatment Discrimination
Our results in Table 2 show that banks exhibit negative treat-
ment disparity against female applicants. However, males
are potentially discriminated against since they experience
a negative downstream effect on repayment ability, and
treating them as females improves repayment performance.
Hence, treating all applicants conservatively as females may
enhance the overall repayment ability of borrowers, benefit-
ing both the banks and the applicants.

Fair non-binary decision-making. Following Sec. 4.1,
we examine the creation of a treatment-fair dataset aimed
at automating future fair non-binary decision-making tasks.
Based on our Scenario S.2 analyses, we identify males
as the group needing adjusted treatment to generate our
fair dataset, Dfair. To understand the impact of Dfair, we
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Dataset Group LGD (INR/DM) ESI (INR/DM)

Home
Credit

Female 586692.67 290208.73
Male (D) 576590.35 422114.31
Male (Dfair) 568157.43 391110.73

German
Credit

Female 1220.51 312.13
Male (D) 1163.88 495.65
Male (Dfair) 940.03 393.86

Table 3: Fairness analysis in S.2, comparing bank’s LGD
and applicant’s ESI (both: lower better) for various policies.
D is factual data, in Dfair all applicants treated as females.

aim to compare the fair dataset with the original (unfair)
dataset on two key metrics: the bank’s Loss Given Default
(LGD) (Schuermann 2004) and the applicant’s Expected
Simple Interest (ESI) (Ross, Westerfield, and Jordan 2014).
Appendix B.5 contains further details on stakeholder losses.

Takeaway. Table 3 shows at the data-level how adjusting
male treatments reduces bias and benefits stakeholders by
lowering LGD for banks and ESI for male borrowers, high-
lighting the value of fairer treatment. Appendix E.3 further
confirms that training binary predictors on Dfair improves
outcome utilities while preserving predictive performance.

Fair risk score estimation. Following Sec. 4.2, we now
analyze treatment-fair risk score estimates. Based on in-
sights from scenario S.2, we focus on male applicants and
apply different treatment distributions π(Z) to generate risk
estimates. We approximate π(Z) for males under two condi-
tions: (i) a fair interventional distribution, derived from the
empirical distribution of Z conditioned on female applicants
to produce “fair” risk scores, and (ii) the factual “unfair”
distribution, based on the empirical distribution of Z con-
ditioned on male applicants. For female applicants, π(Z) is
approximated using the empirical distribution of Z condi-
tioned on female applicants. We compare the empirical cu-
mulative distribution functions (CDFs) of the resulting risk
scores for male and female applicants in Fig. 3.

Takeaway. While males generally exhibit lower risk
scores than females for German Credit, the pattern reverses
for Home Credit. However, historical treatment practices
have led to an unfair overestimation of males’ risk scores,
especially in German Credit. This bias is corrected when
the risk scores are recalculated under the fair interventional
distribution, adjusting for potentially unfair treatments. Inte-
grating these fair risk scores into decision-making pipelines
mitigates the residual impacts of historical treatment biases,
paving the way for more fair decision-making processes.

6 Discussion
Through a novel causal framework, our work highlighted the
overlooked role of non-binary treatment decisions in fair-
ness analyses. This section notes several open challenges
(additional discussion in Appendix B.4 ).

Robust causal frameworks. Our approach assumes
access to ground-truth outcomes and no hidden con-
founders, assumptions that often fail in practice. Hidden
confounders (Kilbertus et al. 2020) and proxy labels for

0.0 0.5 1.0
Risk score

0.0

0.5

1.0

CD
F

Home Credit

0.0 0.5 1.0
Risk score

German Credit
Female
Male
Male(Zfair)
Femaleavg
Maleavg
Maleavg(Zfair)

Figure 3: Fair risk score estimation in S.2 for females and
males under different treatment distributions π(Z). Unfair
estimates use the factual distribution; fair estimates apply an
interventional distribution, treating all applicants as female.

unmeasured outcomes (Mhasawade, D’Amour, and Pfohl
2024) can bias fairness measures, particularly when different
stakeholders (e.g., decision-makers vs. auditors) apply the
framework. Incorporating emerging methods (Almodóvar
et al. 2025) is a key step toward addressing these limitations.

Considering diverse stakeholders. Although our pre-
processing approach mitigates treatment discrimination, it
lacks theoretical guarantees of optimality. Future work
should benchmark our method against existing interven-
tions (Coston et al. 2020). Moreover, such approaches may
not satisfy differing stakeholder objectives, raising a central
question: What defines a fair treatment policy that accounts
for all stakeholders? For instance, banks may prioritize re-
payment, while applicants seek lower interest rates (O’Neil
and Gunn 2020). Achieving fairness thus requires a holistic
approach to learning policies that balance these utilities.

Collecting treatment data. While our framework gen-
eralizes to various domains (Appendix B.1), we evaluated
only in lending owing to major data challenges in other do-
mains. Many datasets conflate covariates with treatments,
omit treatment details (e.g., COMPAS (Angwin et al. 2022)
lacks bail terms; lending datasets exclude interest rates), or
oversimplify complex treatments into binary variables (e.g.,
IHDP (Madras et al. 2019) reduces care to a single binary in-
dicator). Moreover, most datasets are subject to selective la-
beling (Lakkaraju et al. 2017), where outcomes are observed
only when both decision-makers and individuals agree on
terms, ignoring potential agreement-phase discrimination.
These limitations underscore the need for transparent data
collection across domains that includes full treatment as-
signments (Centre for Public Data 2023) and agreement-
phase decisions to enable more comprehensive analyses.

Conclusion. Our work underscores the importance of an-
alyzing the fairness of non-binary treatment decisions given
positive binary decisions, e.g., loan approvals. Our novel
treatment disparity measures extend existing fairness frame-
works toward a more comprehensive evaluation of algorith-
mic decision-making. Our findings show that fairness cannot
rely on technical solutions alone; it requires socio-technical
approaches that account for diverse stakeholder utilities. By
capturing the nuanced impacts of treatment decisions, our
framework advances aligning algorithmic systems with so-
cietal values, working toward jointly addressing fairness in
binary predictions and non-binary treatment decisions.
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