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Abstract

This discussion of the paper by Rao and Lohr focuses on the use of machine learning procedures for estimating
finite population parameters. While there is growing interest in these methods within national statistical offices,
several areas remain largely unexplored and warrant significant attention in the coming years. In this discussion,
I highlight potential topics for future research and development in this rapidly evolving field.

Key Words: Finite population parameter; Imputation; Model-assisted estimation; Prediction; Propensity score estimation;
Small area estimation; Statistical inference.

First,  would like to congratulate the authors on an excellent paper commemorating the 50th anniversary
of Survey Methodology. The paper provides a comprehensive review of recent developments in several areas
of practical importance, including sampling methods, weighting methods, handling missing data, data
integration, small area estimation, and variance estimation. Furthermore, the authors highlight important
directions for future research, such as data equity and the ethical application of machine learning (ML). To
paraphrase the authors, “survey sampling has come a long way since the first issue of Survey Methodology”.
In the 1980s and 1990s, estimators were predominantly derived from parametric methods (e.g., linear regres-
sion models). Gradually, survey statisticians began exploring and using nonparametric methods, and nowa-

days, machine learning procedures have become increasingly prevalent in the field.

One does not need to be a fortune-teller to predict that, in the coming years, ML procedures will play a
significant role in producing point estimates of finite population parameters. For this reason, my discussion
will focus on the use of ML procedures that have gained significant attention in recent years within national
statistical offices. ML methods have recently been studied and applied in various settings, including model-
assisted estimation, the treatment of missing data, small area estimation, and the data integration of probabil-
ity and nonprobability samples. Unlike traditional parametric methods, ML models are inherently robust in
capturing complex non-linear relationships between variables, even when specific polynomial terms (e.g.,
quadratic, cubic) or interaction terms are not explicitly included in the model, and this with minimal manual
effort. Moreover, many ML algorithms are known for their ability to produce high-quality predictions, such
as random forests (Breiman, 2001), Bayesian Adaptive Regression Trees (Chipman, George and McCulloch,
2010) XGBoost (Chen and Guestrin, 2016), and Cubist (Quinlan, 1992). However, because of their flexibili-
ty, ML procedures generally require larger sample sizes than parametric procedures (e.g., linear regression

and logistic regression), especially when the number of predictors is large. Indeed, their rate of convergence
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is typically (much) slower than the parametric rate of 1/ Jn. Also, ML models require the specification of
hyperparameters, often referred to as the model’s architecture. The number of hyperparameters may vary
significantly depending on the complexity of the model. Simpler methods, such as regression trees, may
require tuning a few hyperparameters only, whereas more complex architectures like convolutional neural
networks can involve tuning over fifteen hyperparameters. These hyperparameters are frequently set man-
ually by survey statisticians but some of them can also be optimized using methods like cross-validation.
Tuning is a crucial yet often overlooked aspect of ML, as the performance of ML procedures can be highly

sensitive to the choice of hyperparameters.

In surveys, ML can be applied to both prediction and the estimation of finite population parameters,
although these are distinct objectives. In some cases (e.g., Wieczorek, 2023), the goal is prediction, where
the focus is on minimizing prediction error (e.g., mean squared error) for individual outcomes. In this
context, Nalenz, Rodemann and Augustin (2024) and Toth and McConville (2024) recently developed
design-based versions of random forest algorithms, while Wieczorek (2023) explored the use of conformal
prediction in finite populations. In practice, however, the primary objective is often to estimate finite
population parameters, such as a population mean, rather than to make predictions for individual values.
While predictions are not the main target, they serve as basic “ingredients” in constructing estimators of
population means. For example, model-assisted and imputed estimators rely on a set of predictions 7 (X),
representing the predicted value of a survey variable y, where x denotes a vector of predictors. In the
context of unit nonresponse, propensity score adjusted estimators utilize a set of estimated response
probabilities p(x) for the responding units. Since neither 71(x) nor p(x) is of primary interest, they can
be viewed as nuisance functions, serving as intermediate steps toward the ultimate goal of estimating finite

population parameters.

In recent years, ML methods have been extensively studied and applied in various settings for estimating
finite population parameters: (i) Model-assisted estimation (e.g., Montanari and Ranalli, 2005; McConville
and Toth, 2019; Dagdoug, Goga and Haziza, 2023a; Sande and Zhang, 2021). (ii) Propensity score esti-
mation in the context of unit nonresponse (e.g., Phipps and Toth, 2012; Lohr, Hsu and Montaquila, 2015;
Gelein, 2017; Kern, Klausch and Kreuter, 2019; Larbi, Tsang, Haziza and Dagdoug, 2025; Opsomer and
Riddles, 2025). (iii) Single and multiple imputation for the treatment of item nonresponse (e.g., Tan,
Flannagan and Elliott, 2019; Wang, Akande, Poulos and Fan, 2022; Deng and Lumley, 2024; Dagdoug,
Goga and Haziza, 2023b; Dagdoug, Goga and Haziza, 2025). (iv) Small area estimation (e.g., Viljanen,
Meijerink, Zwakhals and Van de Kassteele, 2022; Krennmair and Schmid, 2022; Michal, Wakefield,
Schmidt, Cavanaugh, Robinson and Baumgartner, 2024). (v) Data integration (e.g., Ferri-Garcia and Rueda,
2020; Kern, Li and Wang, 2021; Lee, Zhang and Chen, 2023; Liu, Gelman and Chen, 2023; Chen, Xu and
Cutler, 2025; Beaumont, Bosa, Brennan, Charlebois and Chu, 2024).

A common practical question is how to assess the properties of a point estimator that incorporates

predictions from a ML procedure. Since the primary interest lies in estimation rather than prediction, we
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continue to rely on our “old friends”: bias, variance, and mean squared error of the point estimator. When
estimating a finite population parameter, it is important to recognize that good predictions may produce
poor estimators in terms of mean square error. A similar situation occurs in the context of causal inference,
where the use of ML has been explored for estimating the average treatment effect (e.g., Chernozhukov,
Chetverikov, Demirer, Duflo, Hansen, Newey and Robins, 2018). For example, in the context of propensity
adjusted score estimation, the nonresponse-adjusted weights are given by w, = d,/ p(x,), where d, denotes
the basic weight for unit i. However, models with high predictive power can sometimes produce very small
estimated response probabilities p(x;), potentially leading to extreme adjusted weights w,. These extreme
weights can introduce significant instability into estimators of population means resulting in estimators with
a large mean squared error; e.g., Little and Vartivarian (2005), Beaumont (2005), Park, Kim and Kim (2019),
and Larbi et al. (2025). Similarly, imperfect predictions do not necessarily lead to a poor estimator. For
instance, assuming no nonsampling errors, the model-assisted estimator of a population mean based on a
given machine learning procedure remains design-consistent, even if the predictions are obtained through a
suboptimal architecture. In fact, such an estimator can even outperform the Horvitz-Thompson estimator
substantially in terms of mean square error; see Dagdoug et al. (2023a) for an illustration using random

forests.

Because of the typically slower convergence of ML methods, point estimators (e.g., imputed estimators)
based on a single ML procedure may be biased in finite samples, as these methods are vulnerable to the
curse of dimensionality. Moreover, deriving valid variance estimators and establishing a central limit
theorem can be very challenging. In the field of causal inference, several papers advocate the use of doubly
robust (DR) estimators for estimating the average treatment effect (e.g., Chernozhukov et al., 2018; Newey
and Robins, 2018; Kennedy, 2023) to address these challenges. DR estimators provide two opportunities to
reduce potential confounding bias by fitting two models: one that relates the survey variable (prone to
missing values) to a set of predictors, and another that relates the response (or participation) indicators to a
set of predictors. DR estimators remain consistent if either model is correctly specified, offering protection
against misspecification of one of the models. Unlike doubly robust estimators based on parametric models,
which rely on strong modeling assumptions, DR estimators based on ML methods may achieve a more
effective bias reduction due to their flexibility. An additional advantage of DR estimators based on ML
procedures is their ability to achieve the parametric rate 1 / Jn evenifboth ML procedures converge slowly
(e.g., Chernozhukov et al., 2018; Newey and Robins, 2018; Kennedy, 2023). The statistical inference tools
recently developed in the field of causal inference may prove highly useful to survey statisticians in various

settings, such as the treatment of missing data and data integration methods.

Despite the widespread use of ML procedures in national statistical offices, several areas remain partially
or largely unexplored. To conclude this discussion, I highlight below some potential topics for future

research and development:

* How to draw statistical inferences (both point and variance estimation) remains a central question

for survey statisticians. To date, the problem of statistical inference has primarily been studied for

Statistics Canada, Catalogue No. 12-001-X



118 Haziza: Comments on the Rao and Lohr (2025) paper

specific ML procedures (e.g., regression trees and random forests) within particular settings, such as
model-assisted estimation or imputation. In the coming years, it would be highly desirable to develop
“generic” statistical inference tools that are applicable to a wide range of ML procedures. For
example, in the context of imputation for item nonresponse, some preliminary findings are available
in Dagdoug and Haziza (2024), who considered DR point estimators as well as variance estimators
based on cross-fitting. However, the problem of statistical inference in the presence of ML for the

treatment of unit nonresponse through weight adjustment procedures remains an open question.

*  Many surveys are multipurpose, and it is often unclear in advance which types of parameters will be
of interest to data users. For instance, users may require estimates of finite population quantiles in
addition to totals or means. While most of the existing literature on the use of ML procedures in
surveys has focused on estimating population totals and means, inference for more complex

parameters, such as quantiles, remains largely unexplored.

* Resampling methods, such as the bootstrap and jackknife, are widely used in national statistical
offices to estimate the variance of point estimators. However, their properties and behavior remain
to be explored when applied to variance estimation for point estimators derived from ML procedures.

+ Common questions that often arise in practice include: In a specific setting (e.g., propensity score-
adjusted estimation), which ML procedure should we choose? And for a given ML procedure, how
do we select the best architecture? As mentioned above, in the context of propensity score-adjusted
estimation, the method that generates the best predictions may not necessarily yield the best
estimator of a population mean. To address this, it would be desirable to develop appropriate criteria,
such as selecting the ML procedure that minimizes the estimated mean square error of the propensity
score-adjusted estimator. An alternative to selecting the best ML procedure (or architecture) is to use
an aggregation approach, which involves fitting multiple ML models to generate a set of predictions
for each sample unit and combining these predictions to produce an aggregate score. The reason for
using an aggregation procedure is that no single ML method consistently outperforms all others
across all scenarios. A procedure that works well in one context may perform poorly in another,
making it impossible to predict in advance which method will perform best. An empirical study by
Larbi et al. (2025) on the performance of aggregation procedures shows promising results, but more
work is still needed to fully understand both their theoretical properties and their behavior in real-
life applications.

*  With the growing popularity of ML methods and the relatively straightforward application of
Rubin’s rules for variance estimation (Rubin, 1987) with multiple imputation (MI), the method has
come under increased scrutiny in national statistical offices. However, very little research has been
conducted on the properties of Rubin’s variance estimators in the presence of imputed survey data
through ML procedures. The existing literature is mostly empirical (e.g., Wang et al., 2022; Deng
and Lumley, 2024). In survey sampling, the properties of imputed estimators are most often

evaluated with respect to the joint distribution induced by the imputation model, the sampling design,

Statistics Canada, Catalogue No. 12-001-X



Survey Methodology, June 2025 119

and the nonresponse mechanism. Under this framework, the total variance of an estimator after
imputation can be expressed as V, =V +V +V . where V_ and V_ correspond to the

sampling and nonresponse variance, respectively, and V . is a mixed term (Sérndal, 1992).

However, the MI variance estimator does not track the mixed term V . ; see Kim, Brick, Fuller and

Kalton (2006). Depending on the sampling design, the finite population parameter of interest, and
the imputation procedure, the term V_.  may be large (positive or negative), in which case Rubin’s
variance estimator may be significantly biased. More work is needed to better understand the
properties of MI point and variance estimators based on ML procedures.

* How does the presence of influential units in the sample affect the performance of ML procedures?
This question is particularly relevant in the context of business surveys, where ML procedures can
be used, for instance, to impute missing values. Influential units are observations free of error that
can disproportionately impact the sampling error of point estimators. That is, their presence in the
set of observed data may have a considerable impact on the variance of point estimators. Under-
standing the behavior of ML procedures in the presence of influential units, as well as determining
appropriate architectures and estimation procedures to improve robustness to the presence of

influential units, remains an open question.

The use of ML methods is becoming increasingly important and will very likely be unavoidable in the
coming years. However, as many questions remain unanswered, there will be numerous opportunities for

research and development, both in academia and within national statistical offices.
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