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Abstract
Causal inference methods can yield insights into causation from observational
datasets. When some necessary variables are unavailable for a causal analysis,
machine learning systems may be able to infer those variables based on
unstructured data such as images and text. However, if these inferred variables
are to be incorporated into causal analyses, the error rate of the underlying
classifier should affect the uncertainty in the causal conclusions. Past work has
framed classifier accuracy as measurement error to incorporate predictions into
consistently-estimated causal effects. However, this estimator is sensitive to small
errors in its estimation of the classifier’s error rate, leading to erratic outputs that are
uninterpretable for any given analysis. In this paper we introduce three sensitivity
analyses that capture the uncertainty from using a machine learning classifier in
causal estimation, and show that our methods enable more robust analyses.
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Introduction

Causal inference methods applied to large datasets have potential to help improve healthcare
treatments [11] and inform policy decisions [45]. Such analyses are often limited by the available
data; if an important variable is unobserved, unbiased estimation of causal effects may be impossible.
Suppose we want to measure the causal effect of smoking on lung cancer. Such an analysis should
adjust for variables like socioeconomic status (SES), which may be an important covariate [42].
However, suppose a dataset omits SES, but clinical notes are predictive of it [51, 37]. Rather than
rely on humans to read clinical notes and infer SES labels in an entire dataset, we could infer these
labels using supervised machine learning (ML).
ML methods are widely studied, and often demonstrate exceptional predictive accuracy, but such
performance does not provide guarantees on the consistency of downstream analyses [33]. For a
causal analysis that we hope can inform clinical decision-making, how accurate does the ML classifier
need to be to produce a result we can trust? [20, 8]. We cannot expect a simple answer such as,
“doctors should only trust analyses that use a classifier with greater than 95% accuracy.” Instead, the
error rate dictates what analyses are possible. We seek to connect classifier error to uncertainty in
downstream causal analyses.
Our work follows [50], which proposed estimating causal effects using classifier outputs. The
estimator is a function of the ML classifier’s predictions and an estimate of its error rates, drawing on
measurement error literature [36, 29]. We adopt this framework but use simulation studies to show
this estimator performs poorly in many finite-sample cases. We introduce three sensitivity analyses to
quantify the uncertainty of this estimator. We evaluate the coverage properties of these methods on
our synthetic datasets and show they enable more robust analyses. We demonstrate our methods and
discuss how their assumptions map onto a specific Twitter dataset and ML classifier.
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Background and motivation
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Figure 1: The empirical motivation for this work. Ground truth causal effect is at y=0. X-axis shows
log size of the validation set used to estimate p(U ∗ |U ), the error rate of the classifier. Each line
shows the causal error for an estimator that relies upon a classifier with fixed accuracy (either 70%
or 90% accurate). For the corrected estimators which rely upon p(U ∗ |U ), causal error decreases
as the validation size increases. When the validation set is too small, a naive uncorrected estimator
outperforms a theoretically-sound corrected estimator. Experimental details are in §4
As motivation, consider a retrospective analysis of electronic health records (EHR) that seeks to
estimate the causal effect of smoking on lung cancer. Variables representing possible common causes
of smoking and cancer, such as SES, should be included in the statistical analysis. However, in many
EHR datasets SES may not be explicitly recorded, but rather only indirectly noted in free-text clinical
notes [28, 51]. To avoid the cost and privacy concerns of human annotators reading clinical notes and
inferring structured variables, we need methods that harmonize with a valid causal analysis.
Causal inference uses observational data to reason about hypothetical interventions; in our example,
“did choosing not to smoke prevent cancer?” Causal models and their requisite assumptions are often
represented in directed acyclic graphs (DAGs) [35]. In such a model, we can connect counterfactual
random variables to observed random variables with assumptions. Assuming all relevant variables are
observed, we can use the g-formula to write a causal effect as a function of observed data [39]. In our
example, suppose the only common causes of smoking (A) and lung cancer (Y ) are genetics (C) and
SES (U ). Then Figure 2a represents a causal DAG, and the counterfactual Y (a), meaning “cancer
status if smoking,
possibly contrary to fact, had been set to a,” is identified via the g-formula as
P
E[Y (a)]= c,u E[Y |A=a, c, u]p(c, u). If U is never observed and we cannot infer it, then E[Y (a)]
is not identified and we cannot proceed with a causal analysis. We are interested in cases in which
we do not observe U but an ML classifier can produce a noisy proxy variable, U ∗ , for U . Figure 2b
shows a causal DAG in which the U is unobserved but we have access to a proxy U ∗ . While the
g-formula cannot be used in this model, we can identify the counterfactual Y (a) from Figure 3 [36].
Questions of mismeasured data and measurement error have been widely studied in diverse fields.
Measurement error has been a central concern in epidemiology research for decades [15, 48, 7,
26]. The statistics literature has also considered questions of measurement error, from parametric
models [44] to semiparametric models [43, 47]. Most relevant to our work is [54], which considers
causal inference under unobserved confounding when that confounder is observed in a validation set1 .
Measurement error concerns arise in the use of structural equation models across disciplines [17, 3].
Information systems (IS) and management science has modeling noisy measurements, e.g. in
studying consumer preferences [14]. Recent IS work has also considered a setting similar to ours,
where measurement error occurs due to machine learning model predictions [52, 53]. In this work,
1

A primary difference in our methods is that our approach is applicable (under a non-differential error
assumption) when our validation set only contains U and U ∗ .
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Figure 2: Causal DAGs. In (b), missing arrows to U from C, A, Y represents a non-differential
error assumption (see Appendix D). Throughout this paper, we assume for simplicity of presentation
that all variables are binary, though the measurement error correction only relies on U being discrete.
Recent work has explored recovering from measurement error more generally [29, 41].
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Figure 3: Estimand (τU ∗ ) for the causal effect of A on Y in the DAG given in Figure 2b. Define
u =p(U ∗ =u|U 6= u) and δu =p(U ∗ 6= u|U =u). All variables are assumed binary for simplicity of
presentation. Derivation is in Appendix A.

we draw from recent work on non-parametric identification of causal effects under measurement
error [36, 25, 34].
Our work most closely follows that of [50], which considered measurement error to account for
errors2 produced by natural language processing (NLP) classifiers. Throughout, we will assume that
we have access to a classifier f that produces U ∗ with some (unknown) error distribution p(U ∗ |U ).
We will also assume we have a small validation dataset with full data on p(U ) which we can use to
estimate p(U ∗ |U ). Then, we have a large dataset without U on which we can apply our classifier f
to produce a dataset p(C, A, Y, U ∗ ). Using the ‘effect restoration’ approach proposed by [36], we
can then estimate our desired causal effects.
The theoretically-sound estimator used by [50], however, has a counter-intuitive empirical trend.
It can be outperformed in practice, even at large finite samples, by a naive estimator that assumes
U ∗ =U [34]. To understand this limitation, we conceptualize their method as a two step approach: the
classifier which produces a p(U ∗ , C, A, Y ) distribution and a ‘corrector’ which estimates p(U ∗ |U )
and adjusts the causal estimate. Each of these steps is imperfect, e.g. due to finite sample variability.
The classifier error is how often the predicted U ∗ differs from the true U , and depends on the size of
the training data. The corrector error is the difference between the true error rate p(U ∗ |U ) and our
estimate of that error rate from the examples in our validation dataset.
Using simulation studies that we will discuss in §4, we show in Figure 1 that the method fails if and
only if the corrector step fails. If we have low corrector error, our causal estimate will be accurate;
and regardless of classifier accuracy, high corrector error will bias our estimates. Thus, we should
seek to quantify the uncertainty of the corrector step. Rather than trust an uncertain point estimate,
we want reliable bounds on the causal effect. We introduce three sensitivity analyses that propagate
uncertainty from the corrector step to our final causal estimate.

3

Sensitivity analyses for the error estimate

A causal analysis typically outputs a parameter estimate that reflects some real-world phenomenon
which may be impossible to further validate. If we know our estimator can be unreliable under certain
conditions, how do we know when to trust that a causal estimate is accurate?
Consider a plug-in estimator for τU ∗ identified via the functional in Figure 3 (with the derivation
following [36] shown in Appendix A). The ‘corrector’ step of this estimator involves dividing by an
2
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estimate of the error term; small changes to that estimate may result in large changes to the overall
causal estimate. A sensitivity analysis for the estimate of the error rate allows us to explore how the
final estimate would change as the error rate estimate changes. Rather than accepting a point estimate
as our ‘best guess,’ our uncertainty in p(U ∗ |U ) should be represented in an interpretable manner. To
explore ways to make these methods more robust and interpretable, we introduce three sensitivity
analyses that can capture the uncertainty in the p(U ∗ |U ) estimate.
Each of our sensitivity analyses will introduce a sensitivity parameter, γ, which controls the trade-off
between the width and coverage of our intervals3 . Our methods are designed such that γ =0 returns a
point estimate (no interval) and as we increase γ, the interval widens. As our outcome Y is binary, a
maximally-wide interval for τU ∗ spans from -1 to 1.

An alternative to the sensitivity analysis approach taken here is to obtain confidence intervals for τU ∗
using ideas from the post-selection inference literature [2, 38, 27]. Popular existing methods of this
type have often been applied in parametric settings, and do not translate in a straightforward way to
the setting we consider here, where estimation of functionals corresponding to causal effects does not
employ parametric nuisance models. The next three subsections discuss theoretical and empirical
trade-offs of each sensitivity analysis; we evaluate each on synthetic data in § 4.
Bootstrap resampling Our first approach to a sensitivity analysis draws from non-parametric
bootstrap [18]. A classical statistical approach would bootstrap the entire estimator, retraining ML
methods many times on many resampled datasets for the estimate of the causal estimand. Given that
many ML models can take from hours to months to train, bootstrapping our entire analysis from
training data to causal estimate is unrealistic [24, 12]. But it is computationally easy to calculate our
estimate of the error rate p(U ∗ |U ) and use it to compute our estimand.

Our bootstrap sensitivity analysis involves resampling k validation datasets of the same size as the
original validation dataset. On each bootstrapped validation set, we calculate our error distribution
p(U ∗ |U ) and use it to compute τU ∗ . This method gives us k τU ∗ estimates. To build the curve in
Figure 4, we plot the intervals given by the middle γBootstrap % of these k estimates; when γBootstrap = 0,
our interval has width 0, and when γBootstrap =100 our interval endpoints are the min and max of these
k estimates. For our experiments, we also set k=100 and find that this allows for good coverage of
our causal effect in simulated studies. Depending on the practical setting, good coverage may be
possible with a lower k or may require a larger k. A disadvantage of this method is that it requires full
access to the validation set. If we are using a classifier validated on data that is proprietary, private or
otherwise inaccessible, we would need to collect a new validation set.
Binomial sampling of error rates Our second sensitivity analysis again relies on sampling, but
instead samples synthetic error rates from a binomial distribution. Our point estimate of the error
rate p(U ∗ =u0 |U =u), assuming U is binary, consists of counting which validation set examples our
classifier got right. We can model this as a binomial distribution B(n, p) , where ‘success probability’
p is our point estimate of p(U ∗ =c0 |U =c) and the ‘number of trials’ n is the number of validation set
examples where p(U =c). Our sensitivity analysis samples np̃∼B(n, p) and constructs a new error
rate p(U ∗ |U )= p̃, which we use to calculate our estimand τU ∗ .

To construct an interval from this approach, we sample k such error rates4 and use the 2.5 and 97.5
percentiles as the bounds of our interval. To trade off between width and coverage in Figure 4, we redo
this method several times, replacing the true validation dataset size n with a smaller, “synthetic sample
size,” n0 . As this n0 decreases, the variability in the sampled error rates increases, which widens the
resulting interval. We let n0 =n 1/(1+γBinomial ) ; as γBinomial increases from zero, the “synthetic sample
size” decreases from n. This approach has the advantage of not requiring access to the full validation
set; in addition to the p(U ∗ =u0 |U =u) point estimate, we only need to know n, the number of
validation set examples that estimate was computed on. However, this method makes the assumption
that each error rate is binomially-distributed around its mean.

Clopper-pearson confidence interval Our third approach also makes a binomial assumption about
the error rates. We can replace each p(U ∗ |U ) estimate with an interval, and then propagate the
uncertainty of each interval into the final causal estimate. Because our error rates are proportions,
3
4

Each method also uses, but is empirically robust to changes in, a hyperparameter k.
We find that k=100 allows for intervals with good coverage in our experiments.
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Figure 4: Comparison of proposed sensitivity analyses for the corrector step. Clopper refers to the
Clopper-Pearson confidence interval, Binomial to the binomial sampling of error rates, and Bootstrap
to a non-parametric bootstrap resampling. Noisy-oracle classifier has either 70% or 90% accuracy.
As the sensitivity analyses’ hyperparameter increases, both width and coverage increase. Bootstrap
provides the best trade-off between coverage and width.

one reasonable choice of interval is the Clopper-Pearson method [10]. If we have computed a
point estimate of p(U ∗ =c0 |U =c)=p using n examples in our validation set, we compute a 95%
Clopper-Pearson interval as the 2.5 and 97.5 percentiles of a Beta distribution with parameters
(np, n − np + 1) and (np + 1, n − np). To propagate this interval for our error rate to an interval for
final our causal estimand, we chosen k=20 evenly-spaced values along the interval for each error
rate, and then use all combinations of those error-rate values to estimate τU ∗ . Finally, we use the min
and max of these resulting estimates as the bounds of our interval. To trade off between width and
coverage in Figure 4, we take the same approach as for the binomial sampling method, replacing the
true n with a smaller n0 =n 1/(1+γClopper ) . As γClopper increases from zero, the resulting interval widens.
The method has the same advantage as the binomial approach in that it only requires knowing the
size of the validation set.

4

Synthetic experiments

We conduct several simulation studies on synthetic datasets to explore the behavior of the measurement
error estimator with and without our sensitivity analyses. The goal of these experiments is to
understand where past work fails, and how our proposed analyses demonstrate improvements in the
robustness and interpretability of the causal estimates. We first need to parameterize the distributions
from which our synthetic datasets are drawn. We build on top of the code released by [50], but allow
for much broader evaluations. Rather than limiting ourselves to a single data-generating distribution,
we can sample arbitrarily-many p(C, A, Y, U ) distributions and then sample data from each. In our
experiments, we evaluate each method on ten different distributions. To make comparisons more
consistent, we restrict p(C, A, Y, U ) such that the true causal effect of A on Y is equal to 0.1. We
release our code5 to enable future analyses.
Synthetic evaluation of τU ∗ We now return to the estimator proposed in past work, and re-examine
Figure 1 to show how it fails in certain settings. We split the estimator into two steps, the classifier
which produces p(U ∗ , C, A, Y ) and the corrector which estimates p(U ∗ |U ) and adjusts the causal
estimate. To highlight the sensitivity of the corrector, we replace the classifier with a ‘noisy oracle’
with a fixed classification accuracy. This means that in p(U ∗ , C, A, Y ), U ∗ takes the same value as
U with a fixed probability, regardless of all other variables. We then sample a validation dataset from
5
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p(U, C, A, Y ) and use it to estimate the error rate p(U ∗ |U ). As our validation dataset grows, we
should expect our error rate estimate to converge to the true accuracy.
Figure 1 shows overall causal estimate error as we increase the size of the validation set. We compare
the τU ∗ (Corrected) estimator against a naive (Uncorrected) estimator that assumes U =U ∗ . We plot
both such estimators for a noisy oracle classifier with two accuracies: 70% and 90%. The Uncorrected
estimator ignores the validation set entirely, so has constant error. The Corrected estimator improves
with additional validation data, but can perform worse than the Uncorrected estimator.
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Figure 5: Our sensitivity analyses provide upper/lower bounds that capture the correction step’s
uncertainty. The true causal effect is at y=0. All experiments consider data with a known classifier
accuracy (70%); the validation set is only used to estimate classifier error rates. Each line and shaded
bounds represent the mean/stdev calculated from 100 simulations on 10 distributions. Uncorrected
estimator bounds are represented by the dashed line. In the limit our bounds converge to the truth.
This motivates our need for a sensitivity analysis. If we use such an estimator and wish to draw
real-world conclusions from a causal estimate, we need the ability to trust the robustness and reliability
of that estimate. If the theoretically-consistent Corrected estimator and the naive Uncorrected
estimator disagree, what can we do? We need our sensitivity analyses to inform our degree of
uncertainty in the final causal effect.
We now provide a synthetic evaluation of our three proposed sensitivity analyses. Each of the
proposed methods have advantages and disadvantages, which may change how they perform. Each
method produces bounds on the final causal effect; we want to understand the width of those bounds
and whether those bounds contain the true effect. Figure 4 investigates the trade-off between interval
width and coverage of the true causal effect. Each analysis is run 100 times on each of ten different
distributions, and we calculate the mean and standard deviation across those ten distributions.
For the bootstrap method, we take k=100 bootstrap resamples and sweep over γBootstrap to the
intervals given by truncating the empirical bootstrap distribution at different percentiles. Each
percentile produces an upper and lower bound, which corresponds to a single dot in Figure 4,
highlighting the width and coverage of those bounds. For our sampling experiments, we sweep over
γBinomial , sampling k=100 error rates to produce an interval for each effective validation size n0 .
For our interval method, we sweep over γClopper and calculate k 2 =400 causal effects for each n0 to
produce our interval.
It is trivial get 100% coverage with an interval that covers all possible causal effects. It is also
trivial to have a perfectly narrow interval but that has 0% coverage. We see two expected trends:
as we increase the oracle classifier accuracy from 70% to 90%, all methods improved dramatically;
as we increase the hyperparameter for each method, we see coverage increase but interval width
also increases. With a 90% accurate classifier, we relatively small differences between the different
sensitivity analyses; at 70% accuracy, Bootstrap demonstrates the best performance. For real without
known causal effects, we cannot know how interval coverage varies with its width. A robust analysis
should use domain knowledge to inform such sensitivity analyses; see §6 for more discussion.
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Figure 6: Estimating τU ∗ using our approach on our Twitter datasets.

We now combine our proposed sensitivity analyses into the overall estimator to show how our
methods can improve downstream analyses. Figure 5 combines our proposed methods into the
analyses previously shown in Figure 1. Using a noisy oracle estimator with 70% accuracy we
estimate the error rate on a validation set. We use our analyses to produce bounds for our causal
estimate. For all validation set sizes, our upper and lower bounds contain the truth, and the interval
width provides an interpretable quantification of our uncertainty. As the validation set size increases,
our bounds tighten around the truth.
When conducting a downstream analysis, our hyperparameters let us control the trade-off between
width and coverage. If we examine a simulation study that attempts to mirror a real-world dataset, a
sensitivity analysis on the synthetic data can inform our interpretations with real data.

5

Causal effect modification of gender in Twitter data

We now use a real-data analysis to demonstrate how our methods can inform the reliability of a causal
effect analysis in a complex domain. Social media, like EHR notes, is noisy but a valuable source of
data. We focus in particular on public perception of vaccines, as such opinions are critically important
to public health and have been influentially studied in social media [13]. Looking at users who tweet
about vaccines, we ask: Does the perceived gender of a tweet’s author affect the relationship between
popularity and engagement?
From a Twitter stream spanning 2014 to 2019, we collect 21k tweets using the pro-vaccine
#VaccinesWork hashtag, and 1.2k tweets with the anti-vaccine #CDCWhistleBlower. We detail
the pre-processing steps to Appendix B, including robustness checks. Our outcome Y is the whether
a tweet receives at least one like, our treatment A is if the author has 300+ followers6 . The author’s
verification status is an always-observed confounder, C. Our U ∗ is the binary gender prediction of a
demographics classifier [23], which is a noisy proxy for the perceived gender of the author U . If the
effect of A on Y varies with the value of U , we say U ‘modifies the effect’ of A on Y [22].
Tables 1(a-b) summarizes the data. For #VaccinesWork tweets, popular users clearly receive
more engagement than unpopular users, and women receive more engagement than men. For
#CDCWhistleBlower tweets, both such statements are true marginally, but tweets by unpopular
women have 3% more engagement than those by popular women. However, these tables do not factor
in the uncertainty of our gender classifier, which we now consider with our sensitivity analysis.

6

Sensitivity analysis of gender effect modification

We conduct a sensitivity analysis of the Twitter data that accounts for the error rate of our gender
classifier to estimate the effect modification of gender. The estimand for effect modification is simply
a rearrangement of terms of τU ∗ , giving the difference between two conditional causal effects: does
high-popularity increase engagement more for men than it does for women?
6
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Unpopular
Popular
Total

Women

Men

Total

56.75
53.77
55.47

41.99
54.31
48.05

50.84
54.02
52.29

(a) E[Y =1|A, U ∗ ]; probability that
#CDCWhistleBlower users receive 1+ likes.

Unpopular
Popular
Total

Women

Men

Total

41.96
53.79
47.70

35.87
49.09
42.72

39.17
51.49
45.34

(b)
E[Y =1|A, U ∗ ];
probability
#VaccinesWork users receive 1+ likes.

that

Table 1: The percent of tweets that receive at least one like, stratified by classified gender and
popularity. Table 2 (Appendix) shows the joint distribution of gender and popularity (cutoff set at 300
followers.) Each user is assigned the maximum likelihood gender label, and probabilities shown are
marginalized over verification status. Datasets are created after all preprocessing steps listed in § 5.

The perceived gender classifier released by [23] was estimated to have error rates of p(U ∗ =1|U =
0)=17.0% and p(U ∗ =0|U =1)=19.3% on a validation set of 52k users. As discussed in §3, our
sensitivity analysis requires a hyperparameter choice that encodes some prior uncertainty. We choose
γBootstrap and γClopper following the synthetic results in § 4, which equates to an effective validation
size of 900 users. While the public nature of Twitter data means we could in fact re-collect this
dataset and use our bootstrap method, we do not for the purposes of this analysis. In many real-world
cases, we could not have full access to the validation set.
A histogram of the outputs of both methods are shown in Figures 6a and 6b. Interpreting these plots
relies upon connecting our domain knowledge to our methodology. How should an analyst choose
γ for these sensitivity analyses? If our binomial sampling method produces an outlier estimate of
-0.5, can we safely disregard it? Answering such questions in any applied analysis relies on domain
knowledge. Suppose previous work suggests that a particular classifier’s error rate varies greatly by
domains, then we may want to choose a conservatively large hyperparameters for our analyses. In
contrast, if we are confident that past work has established the true classifier accuracy, we may be
willing to trust tighter bounds. Our Twitter data and sensitivity analyses give very tight bounds, but
we could further validate our approach by collecting another validation set on our vaccine-specific
data.
While parametrizing uncertainty in our analyses is certainly helpful, it does not obviate the need to
draw on domain expertise for interpretability. Past public health research has found conflicting results
on whether gender plays a significant role in vaccine skepticism or decision-making [31]. However,
the existence of vaccination gender disparities [1] and the need to effectively communicate to diverse
audiences [9, 32] necessitates further study of gender differences in vaccination trends.

Analysis limitations Our Twitter case study demonstrated the efficacy of our sensitivity analysis,
but we caution against drawing conclusions about users’ behavior. We estimate that the effect
modification is robust to bias from the gender classifier, but not other assumptions in our analysis:
gender is not binary and we do not differentiate between perceived and self-identified gender [19,
16, 5]. While conceptualizing the inherent uncertainty of gender prediction in a measurement error
framework is better than taking its predictions as truth, but could still cause harm if used to misgender
individual users [21]. Second, data processing details can change the outcome, e.g. removing retweets
and prolific users or how we model follower-counts and like-responses. For example, follower-count
and like-response are only noisy proxies of an underlying concept of user and tweet status. We may
have added new bias by artificially binning these two variables into binary categories. While we could
bin these into a larger number of discrete variables, our matrix adjustment approach needs additional
assumptions for real-valued distributions [29]. Third, we restrict our analysis to a three-variable
causal model, an over-simplification of social media behaviors. There are likely other unobserved
confounders, such as malicious foreign actors [4]. Additionally, if the classifier error rate is correlated
with user popularity, our correction step may introduce new biases. Finally, we treat tweets as
independent samples, ignoring network effects of the platform which may correlate user behaviors.
Many of these implicit assumptions are unrealistic and likely introduce some bias into our conclusions,
though such assumptions are ubiquitous in social media analyses. We accept those assumptions to
focus on explicitly addressing measurement error induced by an imperfect classifier.
8
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Conclusions

We have presented a new measurement error formulation that provides a means for incorporating
estimated errors of ML classifiers into a causal analysis framework. Our formulation provides a more
robust framework for reaching causal conclusions using classifier predictions. This work creates new
opportunities for the analysis of causal factors in a variety of domains, including in computational
social sciences that rely on analyses of high-dimensional data such as text. We highlight our methods
on synthetic and real that highlights the interpretability provided by our sensitivity analyses.
There are several directions along which further work can extend our framework. The sensitivity
analysis could be extended to work with non-binary classifications, high-dimensional C or U vectors,
differential measurement error, or interference. Each of these research directions would expand the
real-world applications of our methods, and would benefit from our contributions.
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Broader impact

We have introduced three sensitivity analyses for understanding the uncertainty of methods that rely
on machine learning model predictions to estimate causal effects.
Many existing ML applications need causal reasoning to inform possible interventions [45]. There
are many examples of predictive models performing well in an experimental setting but poorly in
real-world settings [46]. Our methods provide a generally-applicable method for quantifying the
uncertainty that is introduced into causal analyses that depend upon a trained machine learning model.
A primary implication of our methods is that they enable causal analyses that rely on trained machine
learning models. ML methods trained on high-dimensional features in large datasets can extract
information at a scale that cannot be matched by human experts. If such models, e.g. in medical
image analysis [40] or in processing EHR notes [37], can be incorporated into a principled causal
framework, many new analyses will be possible.
Despite this promise, we must be wary of overconfidence in ML methods that perform well in
experiments but poorly in practice. Our methods make assumptions about the relationship between
a machine learning classifier’s models and the variables relevant to the ultimate causal analysis.
If a causal analysis informs healthcare policy, it must address broader concerns of fairness and
transparency [30]. If a classifier’s errors are disproportionately affect demographic groups, the
resulting biases may go unnoticed unless an effort is made to look for them.
There are several initiatives that could guide this line of work towards better societal impacts. From
a technical side, we could benefit from new connections between theoretical convergence rates of
estimators and the empirical bounds we focus on in this work. In practical settings, we need ways to
calibrate methods to optimize for societal goals. If a deployed model informs medical interventions,
we need clearly-established guidelines for evaluating the costs of over- or under-confidence of bounds
on a causal estimate. Such initiatives require the collaboration of ML researchers and the domain
experts who may hope to apply their models.
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A

Derivations of estimand

Simple Confounding
Assume A is a treatment, C and U are confounders, and Y is an outcome. The causal effect of A on
Y can be thought of a difference in counterfactual probabilities. In the canonical case of smoking
and cancer, if our ‘treatment’ A is whether you smoke, our outcome Y is cancer, and our confounders
C and U are genetics and socioeconomic status, then we define the counterfactual random variable
Y (a) as an individual’s hypothetical cancer outcome had they randomly been assigned to smoke
without regard to their socioeconomic status.
The causal effect of smoking on cancer, then, is E(Y (1))−E(Y (0)); the population-level increased
risk of cancer if everyone in the population had been assigned smoking as the treatment in a
randomized control trial (RCT).
We define E[Y (a)] as follows:
E[Y (a)]=

X

E[Y (a)|c,u]p(c,u)

c,u

=

X

E[Y (a)|A=a,c,u]p(c,u)

(1)

E[Y |a,c,u]p(c,u)

(2)

c,u

=

X
c,u

Equation 1 is true because of ‘conditional ignorability.’ That is, for a counterfactual variable Y (a), it
is independent of the factual A given the treatment was assigned interventionally. In graphical terms,
that Y (a)⊥A|C.
Equation 2 is true due to ‘consistency.’ We assume that for individuals for whom A=a in observational
data, if we assign treatment a in a hypothetical RCT, then the distribution over Y is the same in the
observational data and in the hypothetical data.
Our causal effect is then defined as:


X
τU = p(c,u) E[Y =1|A=1,c,u]−E[Y =1|A=0,c,u]
c,u

12

(3)

Measurement Error
The derivation becomes more complicated with measurement error. We can follow Equation (7) from
[36] to see how to define p(U,C,A,Y ) in terms of our observed p(U ∗ ,C,A,Y ) and our error rates.
For the two error rates our classifier might make, define u =p(u∗ |U 6= u) and δu =p(U ∗ 6= u|U =u),
and note 0 +δ0 =1 +δ1 .

Then,

p(Y =y,A=a,c,u)
p(Y =y,A=a,c,u∗ )(1−u ) p(Y =y,A=a,c,U ∗ 6= u)u
=
−
1−u −δu
1−u −δu
p(Y =y,A=a,c,u∗ )−c p(Y =y,A=a,c)
=
1−u −δu

(4)

p(Y =y,A=a,c,u)
p(Y =y|A=a,c,u)= P
y p(Y =y,A=a,c,u)
p(Y =y,A=a,c,u∗ )−u p(Y =y,A=a,c)
P
∗
y p(Y =y,A=a,c,u )−u p(Y =y,A=a,c)

=

p(Y =y,u∗ |A=a,c)−u p(Y =y|A=a,c)
p(u∗ |A=a,c)−u
X
p(c,u)=
p(Y =y,A=a,c,u)
=

(5)

a,y

=

X p(Y =y,A=a,c,u∗ )−u p(Y =y,A=a,c)
1−u −δu

a,y

=

p(c,u∗ )−u P (c)
1−u −δu

(6)

As Y is binary, E[Y |a,c,u]=p(Y |a,c,u) so if we plug (5) and (6) into (3) we get τU ∗ shown in
Figure 3.
Gender Confounding Effect
The gender confounding effect is the difference of conditional causal effects. We start with E[Y (1)|U ]
as the counterfactual expectation. We define the gender confounding as E[Y (1)−Y (0)|U =1]−
E[Y (1)−Y (0)|U =0], which can be easily deried as above via Equations (5) and (6).

B

Twitter Dataset Collection and Pre-processing

We consider tweets collected from the Twitter streaming API that mention vaccine-relevant
keywords (e.g. “vaccine,” “immunization”) from November 2014 to April 2019. We select tweets
containing two hashtags strongly associated with pro-vaccine (#VaccinesWork) and anti-vaccine
(#CDCWhistleBlower) tweets. For the 1.8M tweets and retweets containing these hashtags, we
re-download them using the Twitter API and remove tweets that have been deleted from the platform.7
We recursively extract tweets from the retweeted_status and quoted_status fields and
keep all unique tweets which contained one of the two hashtags. This produced 404k unique tweets
for #VaccinesWork and 236k for #CDCWhistleBlower. To study general individuals on Twitter
sharing vaccine information, we further filter the dataset given several criteria. First, we only
consider accounts representing individuals (not organizations). We use an individual vs. organization
classifier [49] to remove tweets that are not from individuals. 8 This removes 94k tweets, 20% of the
#VaccinesWork and 13% of the #CDCWhistleBlower. Next, we remove accounts dedicated solely to
7
8

Tweets and accounts can be deleted; this is most common with spam or bot removal.
Future work could also model the measurement error in this step of our analysis.
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(b) Distribution of follower-count by gender and
hashtag. The vertical dotted line is at 300 followers.

Figure 7: Gender distributions
the promotion of vaccination information since we are interested in general users, not vaccine-specific
accounts. We remove users who posted more than ten such tweets. This yielded tweets from 21k
#VaccinesWork and 1.2k #CDCWhistleBlower users.
Finally, we obtain perceived author gender using a gender classifier [23], which infers a probability
that a user is a ‘man’ or ‘woman.’ We use the probability that that user is labeled as a woman by
the classifier, which gives us a gender label between 0 and 1 to use in our analysis. Figure 7a in
Appendix C shows the distribution over the gender label probability for all users. The raw data for
our treatment (follower-count) and outcome variables (likes received) are both discrete (integers)
variables. Since our analysis framework assumes fitting the joint density of binary variables, we
convert follower-count (A) and likes received (Y ) into binary variables by binning. We remove users
with fewer than 10 or more than 10k followers, and split the remainder at a cutoff of 300 followers;
A=1 if a tweet’s author has more than 300 followers, and A=0 otherwise. As the majority of tweets
in our dataset receive no likes, we define Y =1 if a tweet receives at least one like, and Y =0 otherwise.
A possible concern with any binning process is that it assumes homogeneity within each group. For
example, if it were the case that all men with more than 300 followers actually had 3,000 followers but
all women with more than 300 followers only had 400 followers, then any differences we attributed
to gender might actually be attributable to the heterogeneity within our ‘popular’ treatment category.
However, Figure 7b (Appendix C) shows the distribution of follower-count and likes-received is fairly
similar for men and women.

C

Robustness to twitter preprocessing

In §B, we listed several preprocessing steps that narrow the focus of our analysis. Choices such as
the cutoff between popular and unpopular users may unduly influence the results of our analysis. To
consider the influence such choices may have, we provide additional details of our data.
Figure 7a demonstrates that treating the gender classifier output as a binary label for the purposes of
Figures 6a and 6b does not throw away too much information.
Figure 7b demonstrates that the follower distributions conditional on (binarized) gender and hashtags
are quite similar, and we should not expect any particular cutoff to conflate popularity with gender.

D

Differential measurement error

All of our analyses as presented rely upon an assumption that the measurement error is non-differential,
meaning that the error rate is independent of A,C,Y . If this is not the case, our measurement error
correction becomes more difficult; we must model the error rate as it depends on those variables.
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Unpopular
Popular
Total

Women

Men

Total

32.63
24.53
57.16

21.77
21.07
42.84

54.40
45.60
100.00

(a) p(A,U ∗ ) distribution of 1,092
#CDCWhistleBlower users.

Unpopular
Popular
Total

Women

Men

Total

27.07
25.53
52.60

22.85
24.56
47.40

49.91
50.09
100.00

(b) p(A,U ∗ ) distribution of 19,890 #VaccinesWork
users.

Table 2: Complement to Table 1. Tables (c) and (d) show the joint distribution of popularity and
inferred gender.
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Figure 8: Our sensitivity analyses with a classifier trained on synthetic data, where our methods
assume non-differential error. Our methods are over-confident and converge so as to not contain the
true causal effect. Each line and its bounds represent the mean and standard deviation calculated
from 100 simulations on ten different distributions.

Causal estimate error

0.4
0.2
0
−0.2
−0.4

Interval
2

2.5

3
3.5
(Log) Train and Dev Set Size

Sample
4

Bootstrap
4.5

Figure 9: Our sensitivity analyses with a classifier trained on synthetic data, where our methods
assume differential error. Our methods tend to be under-confident, with the interval method providing
uninformative bounds for many validation set sizes. Each line and its bounds represent the mean and
standard deviation calculated from 100 simulations on ten different distributions.

Much applied work on measurement error assumes non-differential error, as causal effects can be
unidentified without such an assumption [6, 7].
Each of our sensitivity analyses need to adapt to differential measurement error in different ways. Full
differential error means that for a C confounder of dimension k, we need to estimate 2k+2 error rates
even in the fully-binary case. The Bootstrap analysis is identical, but may require many more samples
to cover the variability of differential error. The Binomial sampling approach can simply sample
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these many error rates, but again it may take many samples to cover the space of possible causal
effects. Our Clopper-Pearson approach becomes quickly intractable to compute as the dimension
of the causal DAG increases. If we want to consider all combinations of interval endpoints for a
k
DAG with k variables, we must calculate 22 endpoint combinations. This is 65k calculations for
4 variables, and many billions for 5 variables. Future work could explore better ways to balance
coverage, interval width, and computational tractability in the differential error setting.
Comparing Figures 8 and 9 shows the how our estimates change when we assume or do not assume
differential error for a trained classifier. When our methods try to account for the need to estimate
additional error rates, they converge more slowly, with the Clopper-Pearson interval approach
providing uninformative bounds when the validation set is small.
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