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We examine the split-sample robust inference (SSRI) methodology introduced by
Chernozhukov, Demirer, Duflo, and Fernandez-Val for quantifying uncertainty in het-
erogeneous treatment effect estimates produced by machine learning (ML) models.
Although SSRI properly accounts for the additional variability due to sample splitting,
its computational cost becomes prohibitive with complex ML models. We propose an
alternative approach based on randomization inference (RI) that preserves the broad
applicability of SSRI while eliminating the need for repeated sample splitting. Leverag-
ing cross-fitting and design-based inference, the RI procedure yields valid confidence
intervals with substantially reduced computational burden. Simulation studies demon-
strate that the RI method preserves the statistical efficiency of SSRI while scaling to
much larger applications and more complex settings.

KEYWORDS: Heterogeneous treatment effects, machine learning, randomization in-
ference, confidence intervals, GATES.

1. INTRODUCTION

WE CONGRATULATE THE AUTHORS— Victor Chernozhukov, Mert Demirer, Esther Duflo,
and Ivan Fernandez-Val (hereafter CDDF)—for their excellent contribution to the grow-
ing literature on the estimation of heterogeneous treatment effects. CDDF’s proposed
approach is both methodologically innovative and practically relevant. Their method also
comes with three important advantages. First, it can incorporate essentially any machine
learning (ML) model. Second, the proposed methodology does not require that the ML
model accurately estimates the conditional average treatment effect (CATE). Finally, it
quantifies uncertainty including the one that arises from data splitting used to avoid over-
fitting the ML model. We believe that these attractive features will enable applied re-
searchers to effectively but safely explore heterogeneous treatment effects in randomized
experiments while leveraging the power of modern ML algorithms.

In this commentary, we focus on CDDF’s key contribution—the development of uncer-
tainty quantification methodology. The authors correctly point out that while data split-
ting is a standard technique to avoid overfitting ML models, the resulting causal estimates
can vary substantially across different random splits of the data. In practice, this leads to
an undesirable consequence: one may obtain different empirical conclusions, depending
on the random seed. This practical problem motivates the need to quantify the uncer-
tainty that arises from data splitting as well as the estimation uncertainty conditional on
the data split.
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As a solution to this problem, CDDF propose the split-sample robust inference (SSRI)
methodology that requires randomly splitting the data many times. Then, for each split,
researchers obtain an estimated causal quantity of interest and its conditional confidence
interval. The authors show that a valid unconditional confidence interval, which accounts
for the randomness of data splitting, can be constructed by simply using the median of
lower conditional confidence bounds and that of upper conditional confidence bounds.

2. AN ALTERNATIVE RANDOMIZATION-INFERENCE APPROACH

One potential limitation empirical researchers may face when applying the SSRI
method in practice is that repeated data splitting increases computational burden. Since
fitting a complex ML model to even a single data split can be computationally expensive,
repeating this process many times is not desirable. Moreover, ML models often require
parameter tuning, which in itself may require another data splitting and incur additional
computational cost. Given CDDF’s recommendation that researchers split the data 250
times and fit a ML model to each split, the SSRI methodology can be, in practice, quite
computationally intensive.

In a separate paper, we developed an alternative, randomization-inference (RI)
methodology that addresses this remaining challenge (Imai and Li (2025)). Like the SSRI
method, the RI methodology is applicable to a generic ML model regardless of whether
it estimates the CATE well. Indeed, this alternative approach essentially requires only
three randomization assumptions—random assignment of treatment, random sampling
of units, and random splitting of data. This is consistent with the design-based approach
pioneered by Neyman (1923). Unlike the SSRI method, however, the RI approach does
not require repeated data splitting and hence is computationally more efficient.

Here, we briefly discuss the RI methodology while referring the readers to Imai and Li
(2025) for details. For simplicity, suppose that we have K sorted groups of equal size and
the data are randomly divided into L > 2 splits of equal size. To both avoid overfitting
and gain statistical efficiency, the RI method uses the standard cross-fitting procedure.
That is, every split, denoted by L,, is used once as the evaluation data to estimate the

GATES i/,(f) , while the remaining L — 1 splits, denoted by £_,, are used to estimate the
ML proxy S©9. This process is repeated for each split, and the final estimate is given by
the following simple average across all splits, that is,
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Using CDDF’s notation whenever possible, a natural estimator of the GATE for the
kth group based on the £th split (evaluation data) is given by
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where fo) =) . Ll KD, = d} for d =0, 1 denotes the treatment/control group size in
the evaluation data, f{ (Z;) = H{SCO(Z) > &} — 148C9(Z,) = ¢} is the sorted
group indicator variable based on the ML proxy obtained from the remaining splits, and
¢V =inflceR: Y, . HSCO(Z) > c} < |L,|k/K} is the estimated kth quantile for the
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evaluation data.
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Equation (2) resembles the standard estimator for evaluating the expected utility of

estimated individualized treatment rules (ITR) represented by fA,ffz)(Z,-). This relation
enables us to leverage the result from the experimental evaluation of ITR (Imai and Li
(2023)). In particular, Theorem 5 of Imai and Li (2025) presents the finite sample bias
and variance of the estimator given in Equation (1) for the following estimand, which is a
variant of the GATES:

v =E{E(Y:(1) — Yi(0) ¢ < S(Z:) < &) }- 3

In this equation, the inner expectation is taken over the distribution of {Y;(1), Y;(0), Z;}
that fall within the sorted group based on a training data set, while the outer expectation is
taken over the random sampling of training data. Based on this result, one can construct
the asymptotic confidence interval. Importantly, while the resulting confidence interval
accounts for both estimation and data splitting uncertainties, it only requires a single
round of data splitting into L splits.

To derive the variance expression, we must account for the fact that the cross-fitting
procedure uses the same data to both train the ML algorithm and estimate the GATES.
We apply the useful result of Nadeau and Bengio (2000, Lemma 1), which implies the
following:

L-1
V3 =V(3) - = —E(R), ©
for each sorted group k where V2 = ZZL:I(&,(C@) — 9x)?/(L — 1) is the sample variance of
split-specific GATE estimate. While the first term of Equation (4) denotes the variance of
GATE estimate based on a single split, the second term represents the efficiency gain due
to cross-fitting. Thus, the efficiency gain due to cross-fitting is large when the split-specific
GATE estimate has a large variance across splits.

Finally, we note that CDDEF’s classification analysis of CLAN can also be conducted
using this estimator by replacing the outcome Y; with a quantity of interest g(Y;, Z;).
CLAN compares the two groups that are predicted to benefit most and least from the
treatment, that is, yx and <y,. This means that we need to derive the covariance between
Yk and ¥;. Theorem 7 of Imai and Li (2025) derives this covariance as a part of the
nonparametric test of treatment effect heterogeneity.

2.1. Comparing the Finite-Sample Performance Through Simulation Study

We compare the finite-sample performance of the SSRI confidence interval with that of
the RI confidence interval. We compute the latter using the open-source software package
evallTR (Li, Imai, Li, and Yang (2023)). Unlike the simulation study presented in CDDE,
which assumes a linear interactive model, we randomly selected three data generating
processes out of the 77 settings used for the 2016 Atlantic Causal Inference Conference
Competition (Dorie, Hill, Shalit, Scott, and Cervone (2019)), including one linear, poly-
nomial, and step-change treatment effect model (No. 13, 28, and 66). These three simu-
lation settings cover various levels of treatment effect heterogeneity and different func-
tional forms. We use the empirical distribution of covariates in the full sample (n = 4802)
as their population distribution. See Imai and Li (2025) for additional details about the
simulation setup.

We focus on the properties of confidence intervals for GATES with K =5 groups using
a total sample size of 100, 500, and 2500. For all simulation experiments, we train LASSO
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to estimate the CATE. We choose LASSO here because other more complex ML algo-
rithms such as BART and Causal Forest are computationally too expensive for repeated
sample splitting required by the SSRI method. For the SSRI method, we follow CDDF’s
empirical application and utilize a 67%/33% split and set the number of repeated data
splitting to 250. The results presented below are based on 1000 simulated data sets (the
true values are approximated by averaging over 10,000 simulated data sets).

To compare the SSRI method with the RI method on an equal footing, we present
the results based on the mean metric. While CDDF recommend the use of the median
metric, they also note that the mean metric enjoys the same properties as the median
(Section 4.1 Estimation and Inference: The Generic Targets, below Lemma 4.1). Indeed,
we find that the results based on the median metric are essentially identical. Following the
advice of CDDF (Section 4.4: Confidence Intervals for Median Parameter with Multiple
Splits, below Definition 4.4), we further test a 80%/20% split so that the auxiliary data set
is much larger than the main data set, making it more likely to satisfy one of the SSRI’s
key assumptions (R3). Finally, for the sake of direct comparison, we set the number of
splits to L =3 and L =5 for the RI method, implying that the split between training and
evaluation is 67%/33% and 80%/20%, respectively. In both cases, the SSRI method was
approximately 40 times more computationally intensive than the RI method.

Figures 1 and 2 present the results for 67%/33% and 80%/20% splits, respectively.
For direct comparison with RI, we use the mean point estimate of SSRI, rather than the
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FIGURE 1.—Empirical coverage (upper panel) and average length (lower panel) of 95% confidence inter-
vals for CDDF’s Split-Sample Robust Inference (SSRI) confidence intervals (gray) and our Randomization-
Inference (RI) confidence intervals (black) under the 67%/33% split scenario. For direct comparison with the
RI confidence intervals, we also include the SSRI confidence intervals without baseline estimation (light gray).
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FIGURE 2.—Empirical coverage (upper panel) and average length (lower panel) of 95% confidence inter-
vals for CDDF’s Split-Sample Robust Inference (SSRI) confidence intervals (gray) and our Randomization-
Inference (RI) confidence intervals (black) under the 80%/20% split scenario. For direct comparison with the
RI confidence intervals, we also include the SSRI confidence intervals without baseline estimation (light gray).

estimate based on median as recommended by CCDEFE. The upper panels of these figures
present the empirical coverage of 95% confidence intervals based on the RI (black) and
SSRI (gray) methods. Given that the SSRI method utilizes another ML model for esti-
mating the baseline conditional average function, we also examine the performance of
SSRI without baseline estimation (light gray) for direct comparison with RI. We find that
the SSRI confidence interval (with or without baseline estimation) is conservative across
sorted groups in all sample sizes, leading to nearly 100% coverage in every case.

Although it is difficult to pinpoint the exact source of this conservativeness, we hypoth-
esize that it is due to the use of Markov’s inequality in CCDF’s theoretical analysis. While
the inequality is tight for a general random variable, it may be conservative in realistic
data generating settings including those of the ACIC data competition setup used in our
paper. In contrast, while the RI confidence interval also tends to be conservative, it ex-
hibits a smaller degree of overcoverage than the SSRI confidence interval.

The conservativeness of the SSRI method leads to wider confidence intervals. The bot-
tom panels of Figures 1 and 2 show that the average length of the RI confidence interval is
generally shorter than the SSRI method when no extra ML baseline estimation is used. In
theory, the extra information about the estimator distribution obtained from SSRI’s re-
peated sampling procedure should help construct a shorter confidence interval than RIL
In practice, however, the conservativeness of the SSRI estimator appears to largely erase
this benefit in our simulations.
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The baseline estimation helps shrink the SSRI confidence intervals, suggesting that a
similar strategy might also improve the RI confidence intervals. For a large sample size,
the average length of the SSRI confidence intervals with baseline estimation is roughly
comparable to that of the RI confidence intervals without. Finally, increasing the relative
size of training data does not significantly affect the RI confidence intervals, but greatly
widens the SSRI confidence intervals.

3. CONCLUDING REMARKS

We commend CDDF for proposing novel ways to explore heterogeneous effects with
new causal quantities such as GATES and CLAN while developing a statistical method
to quantify estimation uncertainty. We expect their work to have significant impacts on
both applied empirical research and methodological literature. In this commentary, we
discussed an alternative, randomization-inference approach to the same problem. We
hope that this alternative perspective inspires further methodological development. Fi-
nally, many interesting open problems remain. For example, future work should consider
the data-driven selection of cutoffs used to define sorted groups as well as the exploration
of heterogeneous treatment effects in adaptive experiments.
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