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Abstract

Predicting individual treatment effect (ITE) is a vi-
tal problem across several domains. ITE prediction
models deployed in critical settings such as health-
care should ideally be (i) accurate, and (ii) provide
faithful explanations. However, current solutions are
inadequate: state-of-the-art black-box models do not
supply explanations, post-hoc explainers for black-
box models lack faithfulness guarantees, and self-
interpretable models greatly compromise accuracy. To
address these issues, we propose DISCRET, a self-
interpretable ITE framework that synthesizes faithful,
rule-based explanations for each sample. A key insight
behind DISCRET is that explanations can serve du-
ally as database queries to identify similar subgroups
of samples. We provide a novel RL algorithm to ef-
ficiently synthesize these explanations from a large
search space. We evaluate DISCRET on diverse tasks
involving tabular, image, and text data. DISCRET
outperforms the best self-interpretable models and has
accuracy comparable to the best black-box models
while providing faithful explanations.

1. Introduction

Designing accurate and explainable AI models is a key chal-
lenge in solving a wide range of problems which require
individualized explanations. In this paper, we tackle this
challenge in the context of individual treatment effect (ITE)
estimation. ITE quantifies the difference between one in-
dividual’s outcomes with and without receiving treatment.
Estimating ITE is a significant problem not only in health-
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care (Basu et al., 2011) but also in other domains such as
linguistics (Pryzant et al., 2021; Feder et al., 2021) and
poverty alleviation (Jerzak et al., 2023a;b). A large body of
literature has investigated accurately estimating ITE using
various machine learning architectures, including GANs
(Yoon et al., 2018) and transformers (Zhang et al., 2022),
among others (Shalit et al., 2017; Liu et al., 2022).

ITE prediction models deployed in critical settings should
ideally be (i) accurate, and (ii) provide faithful explana-
tions in order to be trustable and usable. In this paper, we
follow prior work on evaluating faithfulness of explana-
tions in terms of consistency, which measures the degree to
which samples with similar explanations have similar model
predictions (Dasgupta et al., 2022; Nauta et al., 2023).

Current solutions for predicting ITE are either accurate or
faithful, but not both, as illustrated in the first two rows of
Figure 1. While self-interpretable models such as Causal
Forest (Athey & Wager, 2019; Chen et al., 2022) produce
consistent explanations, they struggle to provide sufficiently
accurate ITE estimations. On the other hand, while black-
box models like transformers are typically the most accurate,
explanations generated by post-hoc explainers, such as An-
chor (Ribeiro et al., 2018), are not provably consistent.

We therefore seek to answer the following central question:
Is it possible to design a faithfully explainable yet accu-
rate learning algorithm for treatment effect estimation? To
this end, we propose DISCRET!, the first provably-faithful,
deep learning based ITE prediction framework. Given a
sample x, DISCRET follows prior work and estimates ITE
by computing the average treatment effect (ATE) of samples
that are similar to . However, in contrast to prior methods
that discover similar samples through statistical matching
(Anderson et al., 1980) or clustering (Xue et al., 2023), DIS-
CRET finds similar samples by (i) synthesizing a logical
rule that describes the key features of sample = (and hence
explains the subgroup the sample belongs to) and then (ii)
evaluating this rule-based explanation on a database of train-
ing samples (see Figure 2 for our pipeline). As shown in
Figure 1, DISCRET produces consistent explanations for
samples with similar predictions; in fact, it is guaranteed to
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Figure 1. Motivating examples from the Uganda dataset. We predict how providing economic aid (the treatment) helps to develop remote
regions of the country (the outcome) via satellite images. The task is to estimate the ITE for each sample x1 and 2. DISCRET predicts
that, because both images have several indicators of rich soil and urbanization, they will have similar ITE if given aid. Self-interpretable
models such as Causal Forest (Athey & Wager, 2019) produce consistent ITE estimates (i.e., samples with same explanations have same

model predictions, viz. 3.97 and 3.97), but have poor accuracy (I T’Ezl

ITE,, = 4.25). Black-box models such as TransTEE (Zhang

et al., 2022), are accurate but do not produce similar predictions for samples x1 and x2 with similar explanations, when the explanations
are sourced from post-hoc explainers such as Anchor (Ribeiro et al., 2018). DISCRET produces both consistent and accurate predictions.

be consistent by construction, as we show later.

How does DISCRET synthesize rules which correctly group
similar samples, and thus lead to accurate predictions?
Learning to synthesize rules is challenging, since the ex-
ecution of database queries is non-differentiable and thus
we cannot compute an end-to-end loss easily. To address
this issue, we design a deep reinforcement learning algo-
rithm with a novel and tailored reward function for dynamic
rule learning. We also state the theoretical results of the
convergence of DISCRET under some mild conditions sug-
gesting if the ground-truth explanations are consistent, then
our training algorithm can always discover them.

Due to the widely recognized trade-offs between inter-
pretability and prediction performance (Dziugaite et al.,
2020), DISCRET slightly underperforms the state-of-the-
art black-box models (Zhang et al., 2022). In addressing
this, we found that regularizing the training loss of black-
box models such as TransTEE to penalize discrepancy with
DISCRET predictions yields new state-of-the-art models.

We evaluate the capabilities of DISCRET through compre-
hensive experiments spanning four tabular, one image, and
one text dataset, covering three different types of treatment
variables. For tabular data, among others, we use the [HDP
dataset (Hill, 2011) which tracks cognitive outcomes of pre-
mature infants. Other datasets used are TCGA (tabular)
(Weinstein et al., 2013), IHDP-C (tabular), Uganda satellite-
images for estimating poverty intervention (image), and the
Enriched Equity Evaluation Corpus (text). Notably, our ap-

proach outperforms all self-interpretable methods, including
by 34% on IHDP, is comparable to the accuracy of black-
box models, and produces more faithful explanations than
post-hoc explainers. In addition, regularizing the state-of-
the-art black-box models with DISCRET reduces their ITE
prediction error across tasks, including by 18% on TCGA.

Our contributions can be summarized as follows:

1. We introduce DISCRET, a self-interpretable framework
that synthesizes faithful rule-based explanations, and
apply it to the treatment effect estimation problem.

2. We present a novel deep Q-learning algorithm to auto-
matically learn these rule-based explanations, and sup-
plement it with theoretical results.

3. We conduct an extensive empirical evaluation which
demonstrates that DISCRET outperforms existing self-
interpretable models and is comparable to black-box
models across tabular, image, and text datasets spanning
a diverse range of treatment variable types. Moreover,
regularizing the state-of-the-art black-box models with
DISCRET further reduces their prediction error.

2. Preliminaries
2.1. Individual Treatment Effect (ITE) Estimation

Suppose each sample consists of (i) the pre-treatment co-
variate variable X, (ii) the treatment variable 7', (iii) a dose
variable S associated with 7', and (iv) observed outcome
Y under treatment 7" and dose S. We embrace a versatile
framework throughout this study, where I" can take on either
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Figure 2.lllustration of DISCRET on the IHDP dataset, which tracks premature infants. DISCRET begins by generating an explanation;
during explanation synthesis, DISCRET iteratively constructs each literal in the explanation by embedding the sample and any previously
generated literals, passing that embedding to the feature selection network to pick the feature, and then passing the embedding and selected
feature to the constant selection network to get the constant. The operator is auto-assigned based on the feature and sample. Second,
DISCRET executes this explanation on the database to nd relevant samples, from which ITE is calculated.

discrete or continuous valueS,is inherently continuous 2.2. Syntax of Logic Rules

but can be either present or absentcan be discrete or . o

continuous, an& may incorporate structured features as Ve assume. that[ the covariate variakilas compoged ofn
well as unstructured features, such as text or image data. Ifﬁaturesx 1;X2; 213 Xm, Which can be categorical or nu-

the rest of the paper, we primarily explore a broadly stugmeric attributes from tabular data or pre-processed features

ied setting wher/ is a continuous variabld. is a binary extracted from text data or image data. We then build logic

variable T = 1 andT = O represent treated and untreated rule-based explanations upon those features to construct our

respectively) and there is no dose variable. The goal is to eg_eatment effect estimator. Those logic rules are assumed to

timate individual treatment effects (ITE), i.e., the difference. e in the form oK disjunctions of mu'It|pIe cqnjunptlons,

of outcomes withl = 1 andT = 0. Typically, the average he, Ry _ RZ - = RHAWh?\re eactR; is a (?OHJUT?CIII?.n. of

treatment effectATE), the average ofTE across all sam- K- literals:lia " li2 " lis li - EfChI‘J' (4 =1:2::)

ples (i.e., ATE = E[ITE]) is reported. Generalizations to represent§ a'I!F?ral Of_ the.forrlm . (A op 9, where

other settings are provided in Appendix D.5. A2t X.l’ X2; Xmg; opis equality or mequaht.y for
categorical attributes, arap 2 f <;>; =g for numeric at-

Beyond the treatment effect de nitions, the propensity scoretributes; andt is a constant.

represented as the probability of treatment assignmient

conditioned on the observed covariads often plays a 3. The DISCRET Framework

pivotal role in regularizing the treatment effect estimation. )
This propensity score is denoted a&jX ). The DISCRET framework consists of a two-step process:

) ) o _explanation synthesendexplanation evaluatiordepicted
Unlike conventional prediction tasks, we are unable to diin Figyre 2. Initially, a rule-based explanation is synthe-

rectly observe the counterfactual outcomes during trainingsjzeq for a given sample, capturing pertinent characteristics.
rendering the ground-truth treatment effect typically un-sypsequently, a subgroup of similar samples satisfying the
available. To address this challenge and ensure the causdlp|anation is selected from the training database, and the
interpretability of our estimated treatment effect, we adfredicted ITE is computed over this subgroup.

),

here to the standard assumptions proposed by Rubin (1974), _ _ _
which are formulated in Appendix D.1. This section outlines the two steps of DISCRET assuming

a trained explanation synthesiz&B(1 andg3.2). We then
introduce our novel Q-learning algorithm to train the ex-
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planation synthesizeg8.3). Additionally, we explain how depends on the type of the selected attribhitdf A is a
DISCRET is employed to regularize state-of-the-art deegategorical attribute, then we assiga x[A], i.e., the value
learning models for maximal performan@&3(4). Note that  of attributeA in Ry is the value ofA in samplex; we assign
we sometimes use “rule” and “explanation” interchangeablyop as=, which guarantees thaatis ability of Ry onx.

Instead, ifA is a numeric attribute, we rst discretize the
range ofA with a list of evenly distributed oat numbers,
3.1.1. DESIREDPROPERTIES OFEXPLANATIONS fCq;Cy;::::C g, to facilitate the computation of the Q-

We rst state four desired properties of a rule-based expla\-’alue for the subsequent deep Q-learning process. We then

nation. We refer to these properties in §3.1.2 and §3.3. design a feed-forward qgura! ne.two.rk (parameterized by

to produce the probability distribution of thesenumbers,

1. Local interpretability : We aim to synthesize a rule- which takes the encoding of the covariates bag 1, Ey.| ,
based explanatioRy for eachindividual sample rather  and the one-hot encoding of featukeas the model input.
than for a population of samples. Thus, explanations mafrhe most probabl€; is then selected as After the feature
differ for different samples. A and the constartare identi ed, the operatasp is then

2. Satis ability : For any ruleR, for a given sample,  deterministically chosen by comparing the vakja] and
x's features must satisfiR,. This guarantees that the c. If x[A] is greater tham, thenopis assigned as, and
samplex and any samples retrieved B share the as otherwise, thus again guaranteeing $adis ability
same characteristics. of the ruleRy onx. To produce multiple disjunctions with

3. Low-bias: We expect thaRy can retrieve a set of similar DISCRET, multiple literals are generated simultaneously
samples so that the bias between the estimated ATE oveit each round, each of which is assigned to one disjunction
them and the ground-truth ITE is as small as possible. respectively (see Appendix D.3 for details).

4. Non-emptiness There should be at least one sample
from the database whose covariates safigfy In ad- 3.2, Explanation Evaluation
dition, for those samples satisfyifity, their treatment ) o )
variables should cover all essential treatment values foRU€rying of Similar Samples. Given a sample (e.g.,
treatment effect estimations, e.g., containing both treate@ Patient) with(X; T;S;Y'), and a ruleRy, the next step

3.1. Explanation Synthesis

and untreated units in binary treatment settings. is to evaluate the rul®, on a databas® to retrieve a
subgroup of similar samples, which is denoted®y(D) =
3.1.2. S'NTHESIS AT INFERENCEPHASE FOG sy gk -

The explanation synthesizer consists of three models: H E Estimation. The ITE of the sample is then estimated
backbone model to encode features a feature-selector by computing the average treatment effect (ATE) estimated

1, and a constant-value selectos. During inference, we ~Within this subgroup. In this paper, we take the empir-

assume that these are already trained. Now, given a samplg?l mean by default for estimating ATE & (D), i.e.,
X, o, 1and », wewant to synthesize a conjunctive rule $(1)  ¥(0), in which$(t); (t = 0; 1) denotes the estimated

R, which takes the form oRy -1, A I, A I3 A [ . outcome calculated with the;pllowing formula:

. . . p(t) = — It =1t) v (1)
DISCRET synthesizeRy recursively by generating all of It = 1)
lk;k=1;2; ;K one after the other in multiple rounds. we also estimate the propensity score for discrete treat-
Sincely takes the form ofA op ), then at each rounk,  ment variables by simply calculating the frequency of every
we determine a featur to select using 1, a constantto  treatment withinrR,(D): b(T = tjX = x) = It =
be compared against using, and an operatawp. )Ry (D)j.

Figure 2 depicts how a literd] is generated at thig;, round _
with a running example from the IHDP dataset. First, we3.3. RL problem formulation
encode the covariate asE, with the feature encoder of To preserve théow-bias property, we need to guide the

one backbone quel (e.g., TransTEE mode| (Zhang et alg’eneration of rules such that the estimated ITE is as accurate
2022)) parameterized byg, and also encode all the liter-

X . as possible. We therefore need to optimize this objective
als generated inthe rdt  1rounds (see Appendix D.2), by training the three models 6, ; and ) used in the

célenoted r?y r‘]}:kd 1= fllf; |2;d ; i Bg aSEIL' Ex ankd rule generation process. One dif culty of learning
L are then fed into a feed-forward neural networ (pa-[ o; 1, 2]isthe non-differentiability issue caused by the

rameterized by 1) andthe most probabléeature from step of evaluatingRy over the database. We overcome this
issue by formulating this model training problem as a deep

Selection of the constastand the operataspfor literall, ~ reinforcement learning (RL) problem, and propose to adapt
the deep Q-learning (DQL) algorithm to solve this problem.



DISCRET: Synthesizing Faithful Explanations For Treatment Effect Estimation

We rst map the notations from Section 3.1.2 to classicalperfectly discover them. We prove the theorem and explain
RL terminology. An RL agent takes ome&tionat onestate  our algorithm in detail in Appendix D.
collects arewardfrom the environment, which is then tran-

sitioned to a new state. In our rule learning settingtade  3.4. Regularizing black-box models with DISCRET

is composed of the covariatgsand the generated literals , ,
inthe rstk 1roundsLy, 1. Withx andLy. 1, the Due to the widely recognized trade-offs between model

model ; and coIIectiveiy determine thiy, literal, I, interpretab_ility and model performance (Dziugaite et al.,
which is regarded as oretion Our goal is then to learn 2020), self-interpretable models typically suffer from poorer

a policy parameterized by, which models the probabil- performance than their neural network counterparts. .To
ity distribution of all possiblé, conditioned on the state achieve a better balance between the performance and inter-

| pretability, we further propose to regularize the prediction of
K rounds is maximized: black-box models with that of DISCRET. Since DISCRET
Xk 1 also leverages part of the black-box model such as TransTEE

Vik = Mk ; (2)  asthe backbone, we thus obtain the predictions of black-

in which is a discounting factor Note that there are only hox models by reusing o. Speci cally, starting from the

K horizons/rounds in our settings since the number of conencoded covariates, generated by o, we predict another

junctions in the generated rules is limited. To bias rU|e0utcome§0 direcﬂy with Ey adhering to the mechanism

generation towards accurate estimation of ITE, we expecémployed by state-of-the-art neural models. This predic-

that the value functioWy.x re ects how small the ITE esti- tion is then regularized by the predicted outcame by
mation error is. However, since the counterfactual outcomes)|SCRET as follows:

are not observed in the training phase, we therefore use o
yplzK =(Y0+ Pk )=(1+ )

the errors of the observed outcomes as a surrogate of the
ITE estimation error. Also, we give a zero reward to thein which is a hyperparameter for controlling the impact
case where the retrieved subgroup (D), violates the  of Y% Afterward, 9.« is replaced witriinl:,( in Equation 3
non-emptinessproperty. As a resully;.¢ is formulated as or Equation 9 for model training. In addition, to facilitate

Vig = e O Pr)? I(L1x (D) is non-empty;  (3) accuratg/’\), we further minimi;e the loss involving? andy

along with the Deep Q-learning loss.

in which¥,.x represents the estimated outcome by using the

generated rule composed of literalsx and is a hyper- 4. Experiments

parameter. As a consequence, the reward collected k§the ) ) ) )

round of generatinty becomesy = (Vix Vik 1)= X L. In this section, we aim to answer the following research
We further discuss how to automatically ne-tune the hyper questions about DISCRET:

parameter and incorporate the propensity score de ned in RQ1: Does DISCRET produce faithful explanations?
Section 3.2 for regularization in Appendix D.8. RQ2: How does the accuracy of DISCRET perform compare

Next, to maximize the value functiof.x , we employ Deep to existing self-interpretable models and black-box models?
Q-learning (DQL) (Mnih et al., 2013) to learn the parameter4 1. Setup
. To facilitate Q learning, we estimate the Q value with "™
the output logits of the models given a stéteL 1« 1) Datasets. We evaluate across tabular, text, and image
and an actiomy . Recall that since DISCRET can generatedatasets, covering diverse categories of treatment variables.
consistent explanations by design, we can show thagis  Speci cally, we select IHDP (Hill, 2011), TCGA (Wein-
an identity mapping and ; is a one-layer neural network, stein et al., 2013) IHDP-C (a variant of IHDP), and News
the following theorem holds: for tabular setting, the Enriched Equity Evaluation Corpus
Theorem 3.1. Suppose we have input data (EEEC) dataset (Kiritchenko & Mohammad, 2018) for text
f(xi;ti;si;vi)gY,; where x; 2 R™ and discrete, Settingand Uganda (Jerzak et al., 2023b;a) dataset for the
ti 2 R:si 2 R, andy; 2 R, then thd T'E , obtained from image setting. We summarize the modality, categories of

DISCRET converges to zero generalization error with prob_treatment and dose variables, and number of features for
ability 1 for ITE estimation (i.e(ITEx ITE,)2! Owp. €achdatasetin Table 1, with more details in Appendix A.

1)forany xedK  m over the dataset with all discrete fea- gaselines We use extensive baselines for neural network

(X;L1:x 1), such that the value function calculated over al

tures under the data generating procgss f Xk )+ ct+ . models, self-interpretable models, and post-hoc explainers.
whereXx f X1;Xo; i Xm0;c2 R;tisthe treatment
assignment, and N (0; 2) for some > O. Neural network modelsFor neural networks, we select

the state-of-the-art models: TransTEE (Zhang et al., 2022),
Intuitively, Theorem 3.1 suggests if the ground-truth ex-TVAE (Xue et al., 2023), Dragonnet (Shi et al., 2019), TAR-
planations are consistent, then our training algorithm camet (Shalit et al., 2017), Ganite (Yoon et al., 2018), DRNet

5
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Dataset Type Treatment Dose # Features the model predictions are between samples with the same
explanations, whilesuf ciency generalizes this notion to

IT|-(|:DGPA Iagu:ar g g 4218 00 arbitrary samplesatisfyingthe same explanations (but not
IHDP-C T:bﬂlzrr cont 7 5 necessarilyproducingthe same explanations). Appendix E

) ' rovides formal de nitions of these two metrics.
News Tabular cont. 7 2000 P
EEEC Text 2 7 500 We evaluate ITE estimation accuracy using different met-
Uganda Image 2 7 20 rics for datasets to account for different settings. For

the datasets with binary treatment variables, by follow-

Table 1.Datasets used for evaluation (cont. means continous) ing prior studies (Shi et al., 2019; Shalit et al., 2017), we
employ thePabsqute error in gyerage treatment effect, i.e.,

(Schwab et al., 2020), and VCNet (Nie et al., 2020). Notall .. = j1" " |TE(x;) & " [TE(x)j. Bothin-

. . n
of these models support all categories of treatment variablegample and out-of-samplare are reported, i.e.,ate

as discussed in Appendix C. Also, since our regularizationsyaluated on the training set and test set respectively. For
strategy can be regarded as the integration of two modelge datasets with either continuous dose variables or con-
through weighted summation, we compare our regularizeginuous treatment variables, we follow (Zhang et al., 2022)
backbone (TranSTEE) against the integration of TransTERqg report the average mean square erAWsSE between

and another top-performing neural network model (Dragthe ground-truth outcome and predicted outcome on the
onnet for IHDP, EEEC, and Uganda dataset, VCNet fofest set. For the image dataset, Uganda, since there is no
TCGA, DRNet for IHDP-C) in the same manner. ground-truth ITE, we therefore only report the average out-

Self-interpretable modelsWe compare against classical COMe errors between the ground-truth outcomes and the
self-interpretable models, e.g., Causal Forest (Athey & WaPredicted outcgimes conditioned on observed treatments,
ger, 2019), Bayesian Additive Regression Trees (BART)-€ outcome= & iz J¥i = Yil.

decision tree (DT), and random forests (RF), in whichcon gurations for DISCRET. We consider two variants
the latter two are integrated into R-learner (Nie & Wager of DISCRET: vanilla DISCRET and backbone models regu-
2021) for treatment effect estimation. We also adapt thregarized with DISCRET (denoted as DISCRET + TransTEE).
general-purpose self-interpretable models to treatment effe¢tor hoth variants, we perform grid search on the number of
estimation—ENRL (Shi et al., 2022), ProtoVAE (Gautam conjunctionsK , and the number of disjunctions,, and
etal., 2022}, and Neural Additive Model (NAM) (Agarwal  the regularization coef cient . We found that wittH = 1

etal., 2021), which generate rules, prototypes, and featurgndk = 6, we can balance both explanation complexity
attributes as explanations respectively. For tree-based mognd performance.

els among these methods, we maintain the same explanation _ )

complexity as DISCRET. For the sake of completeness wé&Xtracting features from text and image data. For
also conduct additional experiments to vary the complext€xt data, we employ the word frequency features such as
ity (e.g., the number of trees and tree depth) of all self-1€"m Frequency-Inverse Document Frequency” (Baeza-
interpretable models, provided in Table 3 in Appendix F;Yates et al., 1999). For image data, we follow (Fel et al.,

DISCRET outperforms self-interpretable models even wherf023) to extract interpretable concepts as the features, which
they are con gured to high complexity. we further discuss in Appendix H. Note that we only ex-

tract features for DISCRET and self-interpretable baselines

Post-hoc explainersiVe apply several post-hoc explainers sych as Causal Forest while all neural network model-based
to the TransTEE model to evaluate the ConSiStency of eXpquase”neS still take raw images or text data as input_

nations. Thy include Lore (Guidotti et al., 2018), Anchor

(Ribeiro et al., 2018), Lime (Ribeiro et al., 2016), Shapley, > RrQ1: Faithfulness evaluation on explanations

values (Shrikumar et al., 2017), and decision tree-based

model distillation methods (Frosst & Hinton, 2017) (here-We evaluate theonsistencyand suf ciency of explana-
inafter referred to as Model Distillation). We enforce thetions produced by DISCRET, the state-of-the-art self-
complexity of these explanations to be the same as Dignterpretable models, and the post-hoc explainers. For those
CRET for fair comparison. explainers producing feature-based explanations, we also

. . . . . follow (Dasgupta et al., 2022) to discretize the feature im-
Evaluation metrics. We primarily evaluate faithfulness by portance scores, say, by selecting the Top-K most important

measuringonsistencyproposed by (Dasgupta et al., 2022); goayres, for identifying samples with exactly the same ex-

we also measursuf ciency, which is a _genirallza_tlo_:] of planations. For fair comparison, we evaluate the explana-
consistency. Brie y,consistencyquanti es how similar  qng generated w.r.t. the same set of features extracted from

2ProtoVAE is designed for image data. We therefore onlyNLP and image data.
compare DISCRET against this method on the Uganda dataset.

6
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Modality ! | | Tabular | Text |  Image
Dataset! | | IHDP | TCGA | IHDP-C | EEEC | Uganda
Method # Self- ATE ATE ATE ATE AMSE

interp.?| (In-sample) (Out-of-sample)| (In-sample) (Out-of-sample) ATE outcome
Decision Tree 3 1.507 0.061 1.420 0.066 0.200 0.012 0.202 0.012 | 22.136 1.741| 0.014 0.016| 1,796 0.021
Random Forest 3 1.268 0.087 1.204 0.088 0.263 0.057 0.264 0.058 | 21.348 1.222| 0.525 0.573| 1.820 0.013
NAM 3 0.260 0.031 0.250 0.032 - - 24,706 0.756| 0.152 0.041| 1.710 0.098
ENRL 3 4.104 1.060 3.759 0.087 | 10.938 2.019 10.942 2.019 | 24.720 0.985 - 1.800 0.143
Causal Forest 3 0.177 0.027 0.240 0.024 - - - 0.011 0.001 -
BART 3 1.335 0.159 1.132 0.125 | 230.74 0.312 236.81 0.531 | 12.063 0.410| 0.014 0.016| 1.676 0.042
DISCRET (ours) 3 0.089 0.040 0.150 0.034 0.076 0.019 0.098 0.007 0.801 0.165 | 0.001 0.017 | 1.662 0.136
Dragonnet 7 0.197 0.023 0.229 0.025 - - - 0.011 0.018| 1.709 0.127
TVAE 7 3.914 0.065 3.573 0.087 - - - 0.521 0.080| 49.55 2.38
TARNet 7 0.178 0.028 0.441 0.088 1.421 0.078 1.421 0.078 | 12.967 1.781| 0.009 0.018| 1.743 0.135
Ganite 7 0.430 0.043 0.508 0.068 - - - 1.998 0.016| 1.766 0.024
DRNet 7 0.193 0.034  0.433 0.080 1.374 0.086 1.374 0.085 | 11.071 0.994| 0.008 0.018| 1.748 0.127
VCNet 7 3.996 0.106  3.695 0.077 0.292 0.074 0.292 0.074 - 0.011 0.017| 1.890 0.110
TransTEE 7 0.081 0.009 0.138 0.014 | 0.070 0.010 0.067 0.008 0.112 0.008 | 0.003 0.017| 1.707 0.158
TransTEE + NN 7 0.224 0.022  0.300 0.035 0.093 0.013 0.094 0.013 0.363 0.033 | 0.006 0.008| 2.001 0.425
TI’anSTE(EU-::SI)DlSCRET 7 0.082 0.009 0.120 0.014 0.058 0.010 0.055 0.009 0.102 0.007 | 0.001 0.017| 1.662 0.136

Table 2.ITE estimation errors (lower is better). Vdeld the smallest estimation error for each dataset,amnterlinethe second smallest

one. We show that DISCRET outperforms self-interpretable models across all datasets, particularly @pgext 0 :001 for DISCRET

v/s 0:011 for causal forest). DISCRET is comparable to the performance of black-box models, with the exception of the IHDP-C dataset.
Regularizing black-box models with DISCRET (shown here as TransTEE + DISCRET) outpedibmnsdels.

Figure 3.Consistency scores (higher is better) for DISCRET and a black-box model (TransTEE) combined with a post-hoc explainer.
Our results con rm that DISCRET produces faithful explanations, and importantly, show that post-hoc explanations are rarely faithful, as
evidenced by low consistency scores across datasets.

We graph the consistency scores in Figure 3; full consistenchlack-box models, DISCRET only performs slightly worse
scores are provided in Table 5 in Appendix F. As Figurein most cases, and even outperforms them on the Uganda
3indicates, DISCRET always achieves 100% consistencglataset. The outperformance is possibly caused by equiv-
since the same explanations in DISCRET deterministicallyalent outcome values among most samples in this dataset
retrieve the same subgroup from the database, thus genas suggested by Figure 7 in Appendix F. Hence, consistent
ating the same model predictions. In contrast, the baselinpredictions (e.g., by DISCRET) between samples lead to
explanation methods generally have extremely low consisa lower error rate. DISCRET underperforms TransTEE on
tency scores in most cases. We also include the suf ciencyHDP-C, likely due to the complexity of the dataset; DIS-
score results in Table 6, which shows that DISCRET carCRET still beats all other black-box models on this dataset.
still obtain higher suf ciency scores in most cases than othe

. rFurther, backbone models (TransTEE) regularized with
explanation methods.

DISCRET outperform the state-of-the-art neural network
models, reducing their estimation errors by as much as
18% (TCGA dataset.) Interestingly, for the IHDPdataset,

We include the ITE estimation results for tabular setting,TransTEE outperforms its regularized version only on in-
NLP setting, and image setting in Table 2. For brevity, thesample (i.e. training) error, but underperforms the regu-
results on News dataset are not reported in Table 2, but af@rized version when we consider out-of-sample (i.e. test)
included in Table 7 in Appendix F. error. Intuitively, DISCRET's regularization incentivizes the
underlying backbone's training (TransTEE) to focus on only

As Table 2 shows, DISCRET outperforms all the self-; g hset of the most important features, thereby reducing its
interpretable methods, particularly on texie = 0:011 | 4iiance and allowing it to perform better.
for DISCRET v/s 0.0011 for causal forest). Compared to

4.3. RQ2: Accuracy Evaluation on ITE Predictions
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Figure 4.DISCRET identi es similar samples across diverse datasets —tabular (IHDP), image (Uganda), and text (EEEC). 1) In the
rst setting, given a tabular sampledescribing a premature infant, DISCRET establishes a rule associating extremely underweight
(weight  1:5) infants born to teenage mothersdm age 19) with a history of drug use; such groups likely bene t from childcare

visits (treatment), and will have highly improved cognitive outcomes. 2) In the second scenario on satellite images, for @ sample
DISCRET discerns a rule based on the presence of concepts like "high soil moisture” (reddish-pink pixels) and absence of minimal soil
(brown pixels); thus characterizing areas with high soil moisture. DISCRET 's synthesized rule aligns with ndings that government
grants (treatment) are more effective in areas with higher soil moisture content (outcome) (Jerzak et al., 2023b). 3) Likewise, the text
setting aims to measure the impact of gender (treatment) on the mood (outcome). Given a sewtegreethe gendered noun ("Betsy”)

does not affect the semantic meaning, DISCREIle focuses on mood-linked words in the sentence, i.e., "hilarious”.

5. Related Work planations are usually not faithful. (Rudin, 2019; Bhalla
o ) et al., 2023). To mitigate this issue, there are recent and
Treatment effect estimation. A substa_ntlal_ body of re- ongoing efforts in the literature to develop self-interpretable
search has been dedicated to the estimation of treatmemodels, meaning that such models perform predictions in a

effects through machine learning. For instance, Shalit et ahuman—understandable manner. For example, ENRL (Shi
(2017) introduced a novel theoretical analysis and a comprey; 51 ' >022) to learn tree-like decision rules and leverage

henslive family QT algﬁrithms to preiict ITE from ObserVa'those rules for predictions, ProtoVAE (Gautam et al., 2022)
tional data. Add_|t|ona y, Wager & Athey (20_18) introduced learns prototypes and predicts the label of one test sample
a non-parametric causal forest approach tailored for the est-

. o y employing its similarity to prototypes.

mation of heterogeneous treatment effects. Bridging the gap
between the predictive power of machine learning model¥Ve relegate the discussion on integrating rules into neural
and the need for interpretable decisions remains a pivotanodels and program synthesis to Appendix B.
challenge. To address the issue, (Kim & Bastani, 2019) pro-
posed a framework for learning interpretable models fromg  Conclusion
observational data for predicting ITE.

. . . In this work, we tackled the challenge of designing a faith-
Model interpretability. There are two lines of work to ful yet accurate Al model, DISCRET, in the context of ITE

address the model interpretability issues, one is for intersciimation. To achieve this, we developed a novel deep

preting black-box models in a post-hoc manner while thereim‘orcement learning algorithm that is tailored to the task

othelr oneis for lbdu'ld'n? gself-antlerpr_ethalfale modgl. I:)OSt'hOCof synthesized rule-based explanations which are database-
explainers could explain models with feature 'mportar_‘ceexecutable. Extensive experiments across tabular, image,
(e.g., Lime (Ribeiro et al., 2016) and Shapley values (Shriku

. o0 and text data demonstrate that DISCRET produces the most
mar et al., 2017)) or logic rules (e.g., Lore (Guidotti et al.

2 h ibei | 2 4 model disillai ‘consistent (i.e. faithful) explanations, outperforms the ac-
018), Anchor (Ri elro etal., 2018) and model distillation curacy self-interpretable models, is comparable in accuracy
methods (Frosst & Hinton, 2017)). However, post-hoc ex-

8
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to black-box models, and can be combined with existingChen, K., Yin, Q., and Long, Q. Covariate-balancing-aware
black-box models to achieve state-of-the-art accuracy. interpretable deep learning models for treatment effect
estimation.arXiv preprint arXiv:2203.031852022.
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A. Datasets

IHDP is a semi-synthetic dataset composed of the observations from 747 infants from the Infant Health and Development
Program, which is used for the effect of home visits (treatment variable) by specialists on infants' cognitive scores (outcome)
in the future.

TCGA. We obtain the covariates of TCGA from a real data set, the Cancer Genomic Atlas (Bica et al., 2020). We then
follow the data generation process of (Zhang et al., 2022) to generate synthetic treatments, dosage values and outcomes.

IHDP-C is a variant of the IHDP dataset, where we modify the treatment variable to become continuous, and follow (Nie
et al., 2020) to generate the synthetic treatment and outcome values.

Newsis composed of 3000 randomly sampled news items from the NY Times corpus (Newman, 2008). Bag-of-Word
features are used for treatment effect estimation and we follow prior studies (Bica et al., 2020) to generate synthetic treatment
and outcome values.

EEEC consists of 33738 English sentences. Each sentence in this dataset is produced by following a template such as
“<Persor made me feek emotional state worel” where< Persor and< emotional state wore are placeholders to be
lled. To study the effect of race or gender on the mood state, placeholders ssdPeasorr are replaced with race-related
or gender-related nouns (say an African-American name fRersor ) while the placeholdex emotional state worel is
lled with one of the four mood statesAnger, Sadnesg~ear andJoy. The replacement of those placeholders with speci ¢
nouns is guided by a pre-speci ed causal graph (Feder et al., 2021).

Ugandais composed of around 1.3K satellite images collected from around 300 different sites from Uganda. In addition

to the image data, some tabular features are also collected such as age and ethnicity. However, as reported by (Jerzak
et al., 2022), such tabular features often fail to cover important information such as the neighborhood-level features and
geographical contexts, which, are critical factors for determining whether anti-poverty intervention for a speci c area is
needed.

Note that the generation of synthetic treatments and outcomes on IHDP-C, News and TCGA dataset relies on some
hyper-parameters to specify the number of treatments or the range of dosage. For our experiments, we used the default
hyper-parameters provided by (Zhang et al., 2022).

B. Additional related work

Integrate rules into neural models How to integrate logic rules into neural models has been extensively studied (Seo
et al., 2021b;a). For instance, DeepCTRL (Seo et al., 2021b) has explored thesuistinfjrules to improve the training of

deep neural networks; in contrast, DISCRET does not require existing rules; it effectively learns (i.e. synthesizes) rules from
training data and can be incorporated into neural models as regularization.

Program synthesis Program synthesis concerns synthesizing human-readable programs out of data, which has been
extensively studied in the past few decades. Initial solutions to this problem, e.g., ILASP (Law et al., 2020) and Prosynth
(Raghothaman et al., 2020) leverage pure symbolic reasoning to search logic rules. Recently, people have started exploring
neural-based solutions, such as NeuralLP (Yang et al., 2017) and NLIL (Yang & Song, 2019) for guiding the rule generation
process. But note that these solutions are

C. Additional notes on baseline methods

TVAE and Ganite can only handle binary treatments without dose variables, which are thus not applicable to TCGA, IHDP-C,
and News datasets. VCNet is not suitable for continuous treatment variables, and hence is not evaluated on IHDP-C and
News datasets.

D. Additional Technical Details
D.1. Conventional Assumptions for Treatment Effect Estimation

Assumption 1. (Strong Ignorability)Y (T = t) ? TjX. In the binary treatment cas¥,(0); Y (1) ? TjX:
Assumption 2. (Positivity)0< (TjX) < 1;8X; 8T.

12



DISCRET: Synthesizing Faithful Explanations For Treatment Effect Estimation

Assumption 3. (Consistency) For the binary treatment settivg= TY(1)+(1  T)Y(0).

D.2. Encoding Rules

To encode a literaly = A op ¢, we perform one-hot encoding on feature A and operappwhich are concatenated with
the normalized version af(i.e., all the values ofA should be rescaled {6; 1]) as the encoding fdi . We then concatenate
the encoding of ally to compose the encoding bf .k .

D.3. Generalizing to Disjunctive Rules

The above process of building a conjunctive rule can be viewed as gendtatingst probableonjunctive rules among

all the possible combinations &f, op andc. This can be generalized to building a rule with multiple disjunctions, by

generating théd most probable conjunctive rules instead, whidreepresents the number of disjunctions speci ed by users.

Speci cally, for the model ;, we simply select thél most probable features from its model output while for the model
2, We leverage beam search to chooseHhmost probabl€A; c) pairs.

D.4. Generalizing to Categorical Outcome Variables

To generalize DISCRET to handle categorical outcome variables, by following (Feder et al., 2021), the treatment effect
is de ned by the difference between the probability distributions of all categorical variables. Additionally, to estimate
outcomes within a subgroup of similar samples, we simply compute the frequency of each outcome as the estimation.

D.5. Generalizing to Other Categories of Treatment Variables

We rst discuss general settings for various treatment variables and then discuss how to estimate the treatment effect for
each of them.

The settings for all treatment variables that our methods can deal with:

1. Tabular data with a binary treatment variableand no dose variables. In this settiig= 1 represents treated unit while
T = 0 represents untreated unit, and the ITE is de ned as the difference of outcomes under the treatment and under the
control, respectively (i.eITE(X) = y1(x)  Yo(X), wherey; (x) andyp(x) represents the potential outcome with and
without receiving treatment for a samplg The average treatment effedfl E, is the sample average BfE across all
samples (i.e., ATE E[ITE]).

2. Tabular data with a continuous treatment variabld-ollowing (Zhang et al., 2022), the average dose-response function
is de ned as the treatment effect, i.&[Y jX;do(T = t)].

3. Tabular data with a discrete treatment variableith one additional continuous dose variaBleFollowing (Zhang
et al., 2022), the average treatment effect is de ned as the average dose-response fEf¢iddo(T = t;S = 3)].

The treatment effect for each of the above settings is then estimated as follows:

1. With a binary treatment variable and no dose variable, we can estimate the ARE D) via arbitrary treatment effect
estimation methods, such as the classical statistical matching algorithm (Kline & Luo, 2022), or state-of-the-art neural
network models. In this paper, we adopt the K-Nearest Neighbor Matching by default for estimating the RTED)f
ITE = y1(X) yo(X). We can also obtain the estimated outcome by averaging the outcome of sampl&s; {idin
with the same treatment as the samplée.:

X
BO= P 16 =0 @

2. With a continuous treatment variablebut without dose variables, then as per 2, the ITE is represented by the outcome
conditioned on the observed treatment. One straightforward way to estimate it is to employ the average outcome of
samples withirR, (D) that receive similar treatmentsxo which is also the estimated outcome for this sample:

P
gl tisyi) 2 top (Rx(D))] i .
I(x;iti5y;) 2 top (Rx(D))]

in whichtop, (Rx (D)) is constructed by nding the tog-samples fronRy (D) with the most similar treatments 0
But again, any existing treatment effect estimation methods for continuous treatment variables from the literature are
applicable to estimaté'E, .

9:

©)

13



DISCRET: Synthesizing Faithful Explanations For Treatment Effect Estimation

3. With a discrete treatment variableand one associated continuous dose vari8blgE is estimated in a similar way to
equation 5. Speci cally, we estimate ATE over the subgroup of similar samples with the following formula:

P
gl(xiitiisiiyi) 2 op (R (D)) i .

7= I 1t s 1v1) 2 top (Re (D)]

(6)

In the above formulaop, (Rx (D)) is constructed by rst selecting the samples with the same treatment as the sample
and then only retaining thie samples with the most similar dose valuesto

D.6. Deep Q-learning and Training Algorithm

To facilitate Q-learning, we estimate the Q value with the output logits of the models given éstatg. 1) and an action

I, which is denoted b®@(l; (x;L 1.k 1)). Note thatl, is generated collaboratively by using two modelsg,and ,, we

therefore need to collect two sub-Q values from these two models, and then aggregate (say average) them as the overall Q
value, which follows prior multi-agent Q-learning literature (Wang et al., 2021). In the end, by following the classical DQL
framework, we optimize the following objective function adapted from the Bellman equation (Dixit, 1990):

L= BQU: 6Lk 1)) € maxQ(liea s (G L)) + rol%; @)

which is estimated over a sampled mini-batch of cached experience taking the ferfxdf 1.k 1);Ik;rk; (X;L1.x) >
during the experience replay process. The training algorithm for rule learning is outlined in Algorithm 1 below.

Algorithm 1 The overview of Deep Q-Learning (DQL) algorithm for rule learning in DISCRET

Input: target model updaté; gamma: , batch sizeb, target model parameters:9® | policy model parameters: *'% | experience
replay cachecache=< (x;L1.x 1);lk;r«;(X;L1:k) > wherex is a covariatel 1.k 1 is the set of literals at stdp 1, I is the literal
synthesized at stdp r is the reward at stef, andL 1.« isL1k 1 [ Ik
Output: None
1: Initializew®® andw '@ of lengthb
. Construcbatch by samplingb entries fromcache
fori;< (x';Lyx 1)ilkiri; (' LLy) > in Enumeratébatch) do
Use 5" and a deterministic function to encode bathandL'., ;, respectively, to geE} ;;
Forward pas&| , through P and select the index of the feature frojrto obtainQ} ;
Append a one-hot encoding of the feature figrio E, ; t0 getE parar
forward pas€ b, through 5 and select the index of the constant frijmto getQy;
Ob’[ainQ;< 1 by averagingQ; a_ndQ'c;_
9:  ObtainQj by forward passing' andL ., through "9 and averaging the maximu@ values from 9 and ' ;
100wl Qe w™ Qi +ri
11: end for )
12: Backpropogate and updaté&'® using lossMSEHw " w9 )
13: if len(cache)%t == 0 then
14: target policy

15: end if

N RA~rON

D.7. Proof of Theorem 3.1

We rst state some additional preliminary notations and settings for Q-learning. We denote the Markov decision process
(MDP) as a tupl€Sy; Lk; Pk; rk) where

Sk is the state space with a stdte L 1.x);
e Ly is the action space with an actitn
* Py represents the transition probability;

* ry represents the reward function.

Theorem 3.1 is a direct implication of Lemma D.1 below.
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Lemma D.1. Suppose we have input daft@q;ti;si;yi)g{\‘:l wherex; 2 R™ and discretet; 2 R;s; 2 Randy; 2 R,
then the obtained from DISCRET converges to zero generalization error with probability 1(yi.e.$)? ! 0w.p. 1) for
any xedK  m over the dataset with all discrete features under the data generating prgceds(Xx )+ ¢ t+ , where
Xk f Xq;Xy; :Xm@;c2 R;tis the treatment assignment, andN (0; ?) for some > 0.

To prove Lemma D.1, we need to use results from D.2.
Theorem D.2. Given a nte Markov decision proce$Sy; Lk; Px;r«), given by the update rule

Qlh; (L)) = QU 1;(06L1k 1)+ « 1(le ;6L 1k 1)) :

' 8
R S QU 150 shax 1)) QU 1306 L 1)) ©

converges with probability 1 to the optim@Hunction as long as

X
k(e (GLek 1) = 15 Z(l;(GLek 1) <1
k k

forall (h; (X;L1x 1)) 2Sk L «.

Proof. We start rewriting equation (8) as

Qll;(x;L1x))=(1 k1l 1306Lak 1)) Qlk 1 06Luk )+« 1l 15 (Lak 1)

re 1+ max Qlk 15X sLyx 1)
(X ;thk 1 2SkL K Lk 1

Denote the optimaD function beQ (lx; (X; L 1:x)), subtracting equation above from both sides the qua@tify; (X; L 1:k))
and letting

k(e (L)) = Qs (i L1w))  Q (hes (x5 L1:k))
yields

k(l; (L)) =@ k 1(lk 1Lk 1)) k(e (X L1k)) |

+ o1l 13(GLik 1)) re+ max QUk 1;(x ;L 1)) Q (h;(XL1k))

(x 5Ly 1)2Sk L
If we write
Fr(l; (6 L1k)) = re((6 L) les S(x; L k) + max QU 15X ;L 1)) Q (ks (XL 1k))
(X ;Ll:k 1)23k L Kk

whereS(x; L 1.¢) is a random sample state obtained from the Markov c{&inPy), we have

XE[Fk('k; (%L 1x))jF k]

= Pi((he; (65 L 1:k)s B ((Tes (6 L k)5 I) + oo A Qll 15(x Lk 1)) Q (h (XL 1))l
b2S Lk 1 k Kk

=(HQ(XLuk) Q (ki (X Lwk)):
Using the facttha® = (HQ)(x;L 1:k),
ElFc(i; (GLu)iF] = (HQ)(X Lk  (HQ )(XiLik  kQ Q k= k kky:
We could also verify that
VarFi(li (La)iF] - CA+ k ki)

for some constar€. Then by the theorem below, converges to zero with probability 1. Hen€g converges t@Q with
probability 1. O
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Theorem D.3(Jaakkola et al. (1993))The random process g taking values irR" and de ned as

t+1 (X) = (1 t(X)) t(X)+  t(X)F(x)

converges to zero with probability 1 under the following assumptions:
P P
*0 ¢+ 1L , (x=1and , 2x)<1;
o KE[F{(x)jFilkw Kk tkw;with < 1;

e Var(Fi(x)jFy) C(1+k (k& );forC > 0.
Proof. See Jaakkola et al. (1993) for the proof. O

Proof of Lemma D.1Using Theorem D.2, we can see tl@abbtained from DISCRET converges to optingal. As a

result,haty obtained from DISCRET converges to optinyal We left to prove thay leads to a zero mean square error

(i.e..ky y k3). We can prove this using the fact that all features are discrete. Since all features are discrete and the optimal
feature being selected in each step leads to a zero mean square error and other features lead to non-zero mean square error, it
turns out thay obtained from DISCRET leads to a zero mean square error. O

D.8. Additional Reward Function Optimizations

We further present some strategies to optimize the design of the cumulative reward function de ned in equation 3, which
includes incorporating estimated propensity scores into this formula and automatically ne-tuning its hyper-parameters.

Regularization by estimating propensity scores Similar to prior studies on ITE estimation (Shi et al., 2019; Zhang et al.,
2022), we regularize the reward functinpby integrating the estimated propensity scdr@, = tjX = x). Speci cally,
for discrete treatment variables, we re-weight equation 9 with the propensity score as a regularized reward function, i.e.:

Vlr:e'é;] =[e v P, ik (T = tjX = x)] ©)
I(L1.x (D) is non-empty;

Automatic hyper-parameter ne-tuning We further studied how to automatically tune the hyper-paramegard in

equation 9. For , at each training epoch, we identify the training sample producing the med{gn of; ¢ )*> among the

whole training set and then ensure that for this sample, equation 3 is 0.5 through adjusthig can guarantee that for

those training samples with the smallest or largest outcome errors, equation 3 approaches 1 or 0 respectively.

We also designed an annealing strategy to dynamically adjbgtsetting it as 1 during the initial training phase to focus
more on treatment predictions, and switching it to 0 so that reducing outcome error is prioritized in the subsequent training
phase.

E. Addendum on Performance Metrics
E.1. Faithfulness Metrics

We evaluate the faithfulness of explanations with two metrics, i.e., consistency and suf ciency from (Dasgupta et al., 2022).
For a single sample with local explanatiore,, the consistency is de ned as the probability of getting the same model
predictions for the set of samples producing the same explanations (dend@gd &yx while the suf ciency is de ned in

the same way, except that it depends on the set of samples satisfyidgnoted by5,) rather than generating explanation

e. These two metrics could be formalized with the following formulas:

Consistencix) = Pryoz ¢, (§(x) == y(x9)
Suf ciency(x) = Pryoy s, (§(x) == (x9)
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in which  represents the probability distribution G andS,. To evaluate explanations with these two metrics, (Dasgupta
et al., 2022) proposed an unbiased estimator for Consigtehand Suf ciency(x), i.e.,:

. 1 X Cy. 1
Cohsistencfx) = —  1(Cy > 1) I =
N Cx 1

X L%

Suf ciency(x) = — I > 1
y(x) N (Sx>1) s, 1

in which C,. y(x represents the set of samples sharing the same explanation and the same model predictions as the sample

while S, y(x) represents the set of samples that satisfy the explanation produsealioyshare the same explanatiorxas

As the above formula suggests, both the consistency and suf ciency scores vary between 0 and 1.

But note that for typical ITE settings, the model output is continuous rather than discrete numbers. Therefore, we discretize

the range of model output into evenly distributed buckets, and the model outputs that fall into the same buckets are regarded
as having the same model predictions. As (Dasgupta et al., 2022) mentions, the suf ciency metric is a reasonable metric for
evaluating rule-based explanations since it requires retrieving other samples with explanations. So we only report suf ciency

metrics for methods that can produce rule-based explanations in Table 6.

E.2. Additional Notes for the EEEC Dataset

Note that for EEEC datasefyte is used for performance evaluation but the ground-truth ITE is not observed, which is
approximated by the difference of the predicted outcomes between factual samples and its ground-truth counterfactual
alternative (Feder et al., 2021).

E.3. AMSE for Continuous Treatment Variable or Dose Variable

To evaluate the performance of settings with continuous treatment variables or continuous dose variables, we follow (Zhang
etal., 2022) to leverageM SE as the evaluation metrics, which is formalized as follows:

(

P R
3 .’\‘:1 [Q(Xi : y(xi;t)] (t)dt continuous treatment variable
PN T

Ni iz1 =1 9(Xist)  y(xist)] (t)dt continuous dose variahle

AMSE =

in which we compute the difference between the estimated outg§and the observed outcorgeconditioned on every
treatment, and average this over the entire treatment space and all samples for evaluations. Due to the large space of
exploring all possible continuous treatments continuous dose valuasswe collect sampled treatment or sampled dose
rather than enumerate allndt for the evaluations cAM SE .

F. Additional Experimental Results
F.1. Performance of Self-interpretable Models with Varying Complexity

On evaluating the performance of self-interpretable models when trained with a high depth, i.e number of conjunctive
clausesK = 100, as opposed to low-dept = 6), we see that DISCRETK( = 6) outperforms these models despite
having lower depth, and thus better interpretability.

F.2. Ablation Studies

We further perform ablation studies to explore how different components of DISCRET such as the database and featurziation
process (for NLP and image data), affect the ITE estimation performance. In what follows, we analyze the effect of the size
of the database, different featurization steps, and different components of the reward function.

Ablating the reward functions for DISCRET. Recall that in Section 3.3, the reward function used for the training phase
could be enhanced by adding propensity scores as one regularization and automatically tuning the hyper-parameters,

. We removed these two components from the reward function one after the other to investigate their effect on the ITE
estimation performance. We perform this experiment on Uganda dataset and report the results in Table 4. As this table
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Modality ! | | | Tabular
Dataset! | | | IHDP | TCGA | IHDP-C
ATE ATE ATE ATE
Method # Trees| Depth (In-sample) (Out-of-sample)| (In-sample) (Out-of-sample) AMSE

Decision Tree 6 0.693 0.028 0.613 0.045 | 0.200 0.012 0.202 0.012 | 21.773 0.190
100 | 0.638 0.031  0.549 0.052 | 0.441 0.004 0.445 0.004 | 23.382 0.342

1 6 0801 0.039 0.666 0.055 | 19.214 0.163 19.195 0.163 | 21.576 0.185
Random Forest | 1 | 100 | 0.734 0.041 0.653 0.056 | 0.536 0.011  0.538 0.012 | 33.285 0.940
10 | 100 | 0.684 0.033 0676 0034 | 0536 0011 0538 0012 | 38.299 0.841
NAM - ~ 10260 0.031  0.250 0.032 - - 24.706 0.756
ENRL 1 6 [ 4.104 1.060 3.759 0.087 | 10.938 2.019 10.042 2.019 | 24.720 0.985
1 | 100 | 4094 0032 4099 0.107 | 10.938 2.019 10.942 2.019 | 24.900 0.470
1 6 0144 0019 02750.035 - - -
1 | 100 | 0151 0019 0.278 0.033 ; -
CausalForest | 1 | max | 0124 0.015 0.230 0.031 ; ; )
CART 1 — [ 1.335 0159 1132 0.125 | 230.74 0312 236,81 0531 | 12,063 0,410
N 0232 0.039 0284 0.036 - 4323 0.342

6 0.089 0.040 0.150 0.034 | 0.076 0.019  0.098 0.007 0.801 0.165
0.082 0.009 0.120 0.014 | 0.058 0.010 0.055 0.009 0.102 0.007

DISCRET (ours)
TransTEE + DISCRET|
(ours)*

Table 3.ITE estimation errors (lower is better) at varying complexities for self-interpretable modelsoM/éhe smallest estimation

error for each dataset, andderlinethe second smallest one. Results in the rst row for each method are duplicated from Table 2. For
BART, we setN =200 for IHDP, andN = 10 for TCGA and IHDP-C due to large feature number of features in the latter. We show that
DISCRET outperforms self-interpretable models and has simpler rules regardless of the model complexity used. Asterisk (*) indicates
model is not self-interpretable.

suggests, throwing away those two components from the reward function incurs higher outcome errors, thus justifying the
necessity of including them for more accurate ITE estimation.

Outcome error
DISCRET 1.662 0.136

DISCRET without propensity score 1.700.161
DISCRET without propensity score or auto- netuning  1.742151

Table 4.Ablation studies on the reward function in DISCRET

Ablating the database size.Since DISCRET estimates ITE through rule evaluations over a database. The size of this
database can thus in uence the estimation accuracy. We therefore vary the size of the database, i.e., the number of training
samples, for IHDP dataset, and compare DISCRET against TransTEE with varied database size. The results are included
in Figure 5, which shows that DISCRET is almost always on par with TransTEE on the ITE estimation errors. This thus
indicates that with the in uence of the database size (i.e, the training set size for TransTEE) on the relative performance
between DISCRET and Neural Network models is insigni cant. It is also worth noting that when the database size is
reduced below certain level, e.g., smaller than 200 in Figure 5, DISCRET can even outperform TransTEE. This thus implies
that DISCRET could be more data-ef cient than the state-of-the-art Neural Network models for ITE estimations, which is
left for future work.

F.3. Training Cost of DISCRET

We further plot Figure 6 to visually keep track of how the ATE errors on test set are evolved throughout the training process.
As this gure suggests although the best test performance occurs after 200 epochs (ATE error is around 0.12). However,
the performance in the rst few epochs is already near-optimal (ATE error is around 0.14). Therefore, despite the slow
convergence in typical reinforcement learning training processes, our methods obtain reasonable treatment effect estimation
performance without taking too many epochs.
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Figure 5.Ablation study on the effect of database size on the performance of DISCRET

Figure 6.The curve of ATE errors on test split of IHDP by DISCRET

F.4. Consistency and Suf ciency Scores

We provide the full results of the consistency and suf ciency scores below.

F.5. Results for News dataset

Table 7 shows the results for the News dataset.

F.6. Consistent Ground-truth Outcomes in the Uganda Dataset

We observe that in Uganda dataset, the ground-truth outcome values are not evenly distributed, which is visually presented
in Figure 7. As this gure suggests, the outcome value of most samples is -0.8816 while other outcome values rarely occur.
This thus suggests that our method is preferable in such datasets due to its consistent predictions across samples, which can
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EEEC EEEC
IHDP TCGA IHDP-C News (Gender) (Race) Uganda
Model distillation  0.243 0.126  0.562 0.026  0.127 0.008  0.816 0.032  0.004 0.001  0.013 0.002  0.198 0.008
0.000 0.000  0.000 0.000  0.000 0.000  0.000 0.000  0.000 0.000  0.000 0.000  0.000 0.001
Anchor 0.084 0.083 0.001 0.000 0.293 0.022  0.000 0.000  0.000 0.000  0.000 0.000  0.066 0.015
0.182 0.129  0.000 0.000  0.001 0.001  0.000 0.000  0.000 0.000  0.000 0.001  0.000 0.000
Shapley 0.0090.017  0.005 0.002  0.046 0.027  0.031 0.035 0.034 0.003  0.027 0.000 0.412 0.195
0.343 0.065 0.120 0.002  0.045 0.006  0.493 0.110 - - 0.082 0.018
0.134 0.002 0.231 0.043 0.053 0.002  0.002 0.000 - - 0.102 0.032
DISCRET 1.00 0.00 1.00 0.00 1.00 0.00 1.00 0.00 1.00 0.00 1.00 0.00 1.00 0.00
Table 5.Explanation consistency scores across datasets
EEEC EEEC
IHDP TCGA IHDP-C News (Gender) (Race) Uganda
Model distillation 0.243 0.126 0.529 0.001 0.029 0.003 0.712 0.032 0.004 0.001 0.0130.002 0.198+0.008
Lore 0.320 0.084 0.0340.013 0.0300.009 0.1420.012 0.0020.001 0.0020.001 0.265 0.008
Anchor 0.084 0.083 0.1250.002 0.3320.016 0.3910.040 0.0020.001 0.0110.006 0.2210.007
ENRL 0.452 0.012 0.5120.005 0.0320.018 0.0530.020 - - 0.004 0.002
DISCRET 0.562 0.056 0.99990.000 0.588 0.019 0.697 0.017 0.926 0.067 0.996 0.001 0.104 0.011

News
AMSE
Decision Tree 0.428 0.051
Random Forest 0.452 0.048
NAM 0.653 0.026
ENRL 0.638 0.019
Causal Forest 0.829 0.042
BART 0.619 0.040
DISCRET(ours) 0.385 0.083
Dragonnet -
TVAE -
TARNet 0.073 0.020
Ganite -
DRNet 0.065 0.021
VCNet -
TransTEE 0.0630.005
TransTEE + NN 0.3830.041

DISCRET+ TransTEE (ours) 0.043 0.005

Table 7.ITE estimation errors for the News dataset

explain the performance gains of DISCRET over baseline methods.

G. Additional Qualitative Analysis

As shown in Figure 4, DISCRET generates one rule for one example image from Uganda dataset, which is de ned on two
concepts, i.e., one type of patches mainly containing reddish pink pixels that represent “soil moisture content” and the other
type of patches mainly comprised of brown pixels indicating little soil. This rule thus represents the images from one type
of location where there is plenty of soil moisture content that is suitable for agricultural development. Therefore, after
the government grants are distributed in such areas, a more signi cant treatment effect is observed, i.e., 0.65. This is an
indicator of signi cantly increasing working hours on the skilled jobs by the laborers in those areas. This is consistent to the
conclusions from (Jerzak et al., 2023b;a) which states that government grant support is more useful for areas with more soil
moisture content.
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-0.88162.0988 0.2169 3.9978 -0.011 0.6604 3.8269-0.33230.4693 1.6691 0.5382 1.7213 2.0112 0.6882 1.3154 1.2643 0.1111 1.7867 1.5309 1.6752 1.5678 1.0185 1.1509 0.5706 1.3517
outcome values

Figure 7. Frequency of the outcome values on Uganda dataset

H. Feature Extraction from Image Data

To extract concepts from images of Uganda dataset, we segment each image as multiple superpixels (Achanta et al., 2012),
embed those superpixels with pretrained clip models (Radford et al., 2021), and then perform K-means on these embeddings.
Each of the resulting cluster centroids is regarded as one concept and we count the occurrence of each concept as one feature

for an image. Specifically, we extract 20 concepts from the images of Uganda dataset, which are visually presented in Figure
8.

Figure 8. Extracted concepts from Uganda dataset

Various patterns of image patches are captured by Figure 8. For example, patch 12 is almost all black, which represents the
areas with water, say, river areas or lake areas. Also, as mentioned in Section ??, patch 11 with reddish pink pixels represents

“soil moisture content”, which is an important factor for determining whether to take interventions in the anti-poverty
program conducted in Uganda.
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