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Appendix A: Descriptive Evidence of IV Transformation and IV selection
Effectiveness

Using both the Bike Sharing and Bank Marketing datasets, we first provide descriptive evidence to demon-
strate that the IV transformation step and IV selection step (using LASSO selection for illustration) can
indeed create (approximately) valid instruments and select strong ones. In particular, for a given mismeasured

(2)

before

covariate X @, denote W = {)? (1)}, as the set of candidate IVs before any transformation or selection,

and denote ‘")

after

- {Z(j)}j# as the set of transformed IVs selected by the LASSO step. We then compute
ﬁ > e |Corr(X@, )| to measure the average relevance of selected IVs, and ﬁ > ew® |Corr(X® —
X, z)| to measure the average exclusion of selected IVs. In Figure 1, we plot the distribution of the average
relevance and exclusion measures Vi € {1,...,100} and across all simulation runs, both before and after the

transformation and selection steps.
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Figure 1 Average Relevance/Exclusion Measures Before and After IV Transformation and Selection

On the Bike Sharing dataset, the average relevance and exclusion measures clearly increase and decrease,
respectively, after the IV transformation and selection steps. On the Bank Marketing dataset, the average
relevance increase is also clear, whereas the average exclusion measure is already small prior to the IV
transformation, though its distribution becomes even narrower after the transformation. Overall, these results
demonstrate the good performance of IV transformation and selection steps. That said, one can see that the
average value of the exclusion measure is not precisely 0 on either dataset, which indicates that even after
transformation, the IVs are almost but not perfectly valid. This further emphasizes the practical importance
of selecting strong IVs for estimation.!

Appendix B: Validity of Bootstrapped Standard Errors

In this appendix, we provide empirical evidence to support the validity of our bootstrapping procedure to
approximate standard errors for EnsemblelV estimates. We do so by showing that the confidence intervals
constructed using the bootstrapped standard errors have proper coverage rates. Calculating the coverage rate
requires knowledge of the true coeflicient value, so we rely on simulation experiments on the Bike Sharing
and Bank Marketing datasets. We systematically explore 12 configurations — 2 datasets x 2 regression speci-
fications (linear and logit) x 3 IV selection approaches (top-3, PCA, and LASSO). Under each configuration,
we follow our proposed bootstrapping procedure, i.e., fixing a single set of labeled / unlabeled partitions and

bootstrapping each partition over 100 iterations to obtain 100 sets of EnsemblelV coefficient estimates. The

! As Murray (Murray 2006, pg. 128) notes: “Strong and almost valid instruments do tend to bias two-stage least
squares only a little. However, weak instruments that are almost valid bias two-stage least squares markedly more
than do their strong counterparts.”
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bootstrapped standard errors are then calculated as the standard deviation over the 100 set of coefficient
estimates.

As a first step, we conduct the Kolmogorov-Smirnov (K-S) normality test (Dallal and Wilkinson 1986)
to understand the distributional characteristics of the bootstrapped coefficient estimates. We fail to reject
the null of normality at 5% significance level across all 12 configurations (minimum p-value = 0.073, most
p-values range from 0.31 to 0.98). This provides empirical support that the bootstrapped coefficient estimates
are approximately normally distributed, and therefore allows us to use the 1.96 critical value to construct
95% confidence intervals and compute coverage rates.

Specifically, let {B/M:/(i)}%gi denote the coefficient estimates on the ML-generated variable across 100
bootstrapping rounds and let SD denotes their standard deviation (as the standard error estimate). We

. . 100
—— (i) ——— (i)
construct 100 confidence intervals | By~ — 1.96SD, By +1.965D and calculate the coverage rate

i=1
as fraction of intervals that contain the true coefficient value 0.5.

Importantly, to obtain a proper coverage rate (i.e., close to 0.95), both the point estimate and standard
error need to be close to their true values. On the Bike Sharing data and across different configurations,
the point estimates are generally quite close to the true coefficient value (see Table 3 in main manuscript).
This enables us to cleanly test the validity of the bootstrapped standard error (i.e., if the coverage rates
substantially differ from 0.95 on this dataset, it is due to having invalid standard errors). In contrast, on the
Bank Marketing dataset, point estimates still deviate from true coefficient value to some degree (recall that
EnsemblelV reduces bias but is not guaranteed to completely eliminates it). As a result, the Bank Marketing
data is not a good testbed for the validity of the bootstrapped standard error.

Across the different simulation configurations of the Bike Sharing data, we find that the empirical coverage

rates are all fairly close to 0.95, thereby lending support to the validity of our bootstrapping procedure. The

detailed coverage rates are reported in the following Table 1.

Table 1 EnsemblelV Bootstrapping Coverage Rates on Bike Sharing Data

Linear Second Phase Regression || Logistic Second Phase Regression
Top-3 PCA LASSO Top-3 PCA LASSO
Bavryv | 0.95  0.95 0.91 0.96 0.95 0.95
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Appendix C: Additional Simulations of Diagnostic Procedure

We simulate the following data generation process:
Y=1+X+05xW+e (1)

where X ~ N(0,1) represents the ground truth values, W ~ Uni form[0,1] represents an exogenous control
variable. Importantly, the idiosyncratic error term, €, is simulated as the sum of a “peripheral feature” and
SOme exogenous error:

e= e +ext+pu + T (2)

Peripheral Feature Exogenous Error

where ey, e, ~ N(0,02), p~ N(0,0.22), and 7 ~ N(0,1). We next simulate two mismeasured versions of X

(serving as ML-generated variables):

Xi=X+e +e
(3)
Xo=X+ey+e
where e ~ N(0,0.12) is a common error component in both variables, which implies that one is only an imper-
fect instrument for the other (therefore warranting IV transformation). Further, because error components
e; and ey are present in both X;, X5 and the peripheral variable, we have introduced correlations between
the prediction errors of X;, X5 and the peripheral variable. By changing the value of o, we can alter the
strength of the correlations. In the following simulations, we will treat X; as the endogenous variable and
use X, as the (imperfect) candidate instrument to carry out IV transformation and IV regression. We follow
the same permutation test discussed above (with 10,000 permutation runs) to test for correlation between
the transformed IV and the residual term.

In the first set of simulations, we generate a sample of 5,000 data points and randomly partition it into
3,000, 1,000, and 1,000 observations, for training, testing, and diagnostic, respectively. We vary o across 20
values along the grid {0.02,0.04,...,0.4} and, under each choice of o, repeat the simulations 500 times. We
report (i) the correlation between the instrument’s prediction error and peripheral variable (calculated based
on our diagnostic procedure) both before and after IV transformation (averaged over 500 repetitions); (ii)
statistical power — the rate of rejecting the null of zero correlation (i.e., among 500 repetitions, the proportion
of simulation runs that return a rejection result); and (iii) the mean and empirical 95% confidence interval

of the IV estimate (again, obtained over 500 repetitions). The results are presented in Figure 2.
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Correlation between Prediction Error and Peripheral Feature Rejection Rate of Correlation Test IV Estimates and 95% Cls
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Figure 2  Simulation Results with Varying Strength of Correlation (red line in the second plot indicates 0.95

level; red line in the third plot indicates true coefficient value; results obtained over 500 repetitions)

Across all values of o, our IV transformation step reduces the correlation between prediction error and
peripheral feature (statistically significant with p < 0.001). When the correlation before transformation is
relatively weak (e.g., 0 < 0.1, we see that the post-transformation correlation is very close to 0 (which implies
a valid IV). In contrast, when the correlation is sufficiently strong (e.g., 0 > 0.3) the subsequent bias due
to the peripheral feature challenge noticeably impacts IV estimates. Fortunately, we see that our diagnostic
test is able to properly detect the issue by rejecting the null of zero correlation. We also observe that when
there is a moderate level of correlation (e.g., o € (0.24,0.28)), our diagnostic test also correctly rejects the
null of zero correlation even though the IV estimates’ confidence intervals still cover the true value in the
presence of such non-zero correlation. We suspect these large confidence intervals are a byproduct of the
considerable variation in the data-generating process and subsequent uncertainty in the coefficient estimates
at smaller sample sizes. Therefore, we conduct a second set of simulations where we fix ¢ = 0.24 and vary
the total sample size across 16 values along the grid {5000, 6000...,20000}. Under each sample size, we keep
the relative proportion of training / testing / diagnostic data to 3:1:1 and repeat the above analyses.
The results, presented in Figure 3, show that with larger sample sizes, the estimation bias in IV estimates
becomes more evident and the 95% confidence intervals no longer cover the true value. These two sets of
simulations confirm that our diagnostic procedure is reliable, possessing sufficient power against the null of

zero correlation, even at moderate levels of correlation.

Appendix D: Extension of EnsemblelV to Account for Peripheral Feature
Correlation

If the diagnostic procedure indicates a significant correlation between prediction errors and peripheral fea-
tures, then the original EnsemblelV approach would likely yield inconsistent estimates. To deal with this

scenario, we next consider an extension to EnsemblelV that explicitly accounts for the potential correlation
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Correlation between Prediction Error and Peripheral Feature Rejection Rate of Correlation Test IV Estimates and 95% Cls
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Figure 3  Simulation Results of Varying Sample Size (0 =0.24; red line in the second plot indicates 0.95 level;

red line in the third plot indicates true coefficient value; results obtained over 500 repetitions)

between prediction errors and peripheral features. Recall the calculation of the A parameter used in IV

transformation:
_ PZu _ Cov(Z,u) og Cov(Z,e) — pCouv(Z,e) o
Pzu  Cov(X,u) 0z Cov(X,e)—BCou(X,e) 0z

(4)
In the presence of peripheral feature correlation, Cov(Z,e) and Cov()? ,€) are not zero, but they can still be
estimated using D;.,;. Similar to the diagnostic procedure, we estimate the unbiased first-phase regression
on Dy,qin, obtain the residuals on D;.s; as a proxy for e, then compute the empirical correlations between
said residuals and individual learner predictions on D;.s;. The unknown [ coefficient can be approximated
by the sample estimate on the full labeled data, jointly on Dyyqin and Dies (i-e., based on the unbiased
regression). Together, we calculate a modified A\ value that accounts for the peripheral feature correlations,
which can then be used to transform the corresponding IV on D,,iapei- Please note that cross-fitting can
also be applied here, in the same way that it is applied to the original EnsemblelV approach, enabling the
full labeled data to eventually be used in estimating A.

We apply this approach to the aforementioned simulation. We specifically focus on o € {0.1,0.12,...,0.4}
because they represent situations where our original (unmodified) IV transformation step fails to create valid
IVs (as shown in the first plot of Figure 2). Under each value of o, we simulate a sample of 14,000 data
points and randomly partition it into 3,000 as Dy, qin, 1,000 as D;..:, and 10,000 as Dypiaper- As before, we
treat X; as the endogenous variable and X5 as the candidate IV. We use Dy..qin and Diy.s; to estimate the
modified A, then carry out IV transformation and estimation on D, ,jqpe;- In Figure 4, we present the mean
and empirical 95% confidence interval of the IV estimate (implementing 500 repetitions).

Compared with the third plot in Figure 2, it is clear that the extended EnsemblelV approach can recover

empirically unbiased coeflicient estimates in the presence of the peripheral feature challenge, indicating that
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Figure 4 Estimation Results of Extended EnsemblelV (red line indicates true coefficient value; results obtained

over 500 repetitions)

the modified IV transformation step is able to remove the correlations between prediction error and peripheral
feature.

Appendix E: Statistical Properties

We will now present the asymptotic properties of our EnsemblelV estimator. We begin by establishing

the scenario and available data. There are two sets of data: Digper = {(Vi, Xi, Vi) biz1..m, and Duniaper =

]
{(Ys,+, Vi) };j=1...n,,» where V; represents a vector of features (e.g., text); X; = f(V;) is a property of the features
(e.g., textual sentiment), which is missing for all elements in D, qbe1; Y3 18 some outcome of interest, and each
tuple of data is drawn i.i.d. from some population of interest. Further, D;,;.; is partitioned into two subsets:
Diest = {(Xi, Vvi)}i:l‘..nt and Dypgin = {(Xi, ‘/1)}

i=ngsr.nys Where [Dieo| =0y, | Dirain| = 1y =g —ny, and

P = % represents the (fixed) proportion of the labeled data allocated to Di..:. Please note that, in the
second-phase regression, there may be a set of exogenous control covariates, W. We omit them for brevity in
the following theoretical discussions, because they are exogenous with respect to the ML-generated covariate.

We first impose a set of common regularity conditions on f, the function that describes ML predictions.
These conditions ensure f is well-behaved for the eventual purpose of estimation, which puts mild limitations
on permissible function classes. Specifically, we impose the following regularity conditions:

e |f(V)| < for some constant Cf.

o B[f(V)?] € (0,00).

Now we turn our attention to the estimation of f using Dy,qs,. Specifically, there is F= {fj Yiz1..m aset

of M > 1 unique models, where each element fj(V) is capable of providing a distinct prediction of X given
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V', represented by
XU = fj(V)
=)+ (L) - 1)
=F(V)+e;(V).
While EnsemblelV proposes to construct F via an ensemble machine learning method, the use of ensemble
learners is not a strict requirement for the application of the theory derived in this section. Instead, we
consider the following mild regularity conditions on the prediction errors e;(V), i.e., the prediction error

associated with the j-th model:

e Ele;(V)|V]=0.

@) , .
e« E[e2(V)] = 2271 for some « > 0 and constants {C’éj)}jj‘il with C{? € (0, 00).

G . ,
o |Ele;(V)er (V)] = Cflgr for some v >~ and constants {Céj’k)};-‘f[kzl with C$™* € (0, 00).

. E[e?(V)] < %(5) for some 1 < 2min{~, v} and constants {C’f)}jj‘il with C{ € (0, 00).

Next, we consider the main structural equation of interest. For simplicity, and without loss of generality, let
us define X := X® and Z := X® to be two distinct estimations of f, with corresponding errors ez =e1(V)
and ez = ex(V). For clarity, we restate a simplified version of the structural equation from Eq.1-Eq.2 in the

main text:
Y=Xp+¢
= XB+ (e —exh) 5)
=X B+u.
To reiterate, we have removed the presence of exogenous control variables W for mathematical convenience.
As discussed in Section 2.1 of the main manuscript (adapting to the notations and setup in this part), we
make the following standard and mild assumptions about the idiosyncratic error term e:
Assumption I: Ele | X]=0.
Assumption IT: Given X = X +¢;(V), Elee;(V) | X] =0, Vie {1,...,M}.
Assumption I ensures that, in the absence of measurement error, we are working with a correctly specified
regression equation free from other sources of endogeneity, while Assumption II ensures that prediction errors
associated with each individual learner do not have a direct impact on outcome Y beyond the covariates

already included in the regression. Furthermore, to more clearly characterize the various sources of error in
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the EnsemblelV estimator in finite samples, and to facilitate the demonstration of its asymptotic behavior,
we also make the following homoscedasticity assumption:

Assumption III: E[e? | X] =02 < 0.

That is, in the absence of measurement error, the variance of € conditioned on X is homogeneous and finite.
This assumption is notably standard practice in the econometrics literature, resulting in simpler and more
intuitive empirical and theoretical modeling. Regression estimation with infinite variance is extremely chal-
lenging as most standard estimators rely on various smoothness properties of the underlying data-generating
process, which are violated in the presence of infinite variance. Homogeneous variance (i.e., homoscedasticity)
is also commonly assumed as it enables more reliable (unbiased and consistent) estimation of the regression
coefficient standard errors and, thus, inference on the coefficients themselves.?

Our focal context occurs when the estimation of 5 in (5) is carried out on Dypiabe; With X in place of
the unobserved X. The implicit objective is to leverage the larger sample size of D, pqpe; fOr estimation,
given n,, >> n;. However, standard estimation of 8 by Ordinary Least Squares (OLS) using D, niaber in (5) is
generally biased and inconsistent because machine learning models generally produce imperfect predictions
of X, and the resulting measurement error yields unreliable inference on .

To move forward, despite the imperfect predictions of machine learning models, EnsemblelV introduces
the quantity A, which is used to build an instrumental variable (IV) for X. We restate A with slight notational

adjustments from Equation 3 in the main text:

where the final equality follows from the application of our above assumptions. Moreover, we can also consider

a plug-in estimator of A:

A= X OX (7)

substituting each theoretical Cov(:,-) and ¢ with an empirical analog 6(;/(-, -) and & respectively, computed

from an available sample of data, where all the necessary variables are observed. Having defined our setting,

2 Note that this homoscedasticity assumption is not strictly necessary for EnsembleIV estimation and inference
because we bootstrap our standard errors.
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assumptions, and relevant quantities, we will now begin establishing the theoretical results that enable
EnsemblelV, the first of which will focus on the properties of A and A. Note that all theoretical results

implicitly rely on Assumptions I-III as well as the regularity conditions on f and e;(V') discussed above.
LEMMA 1 (Nevo and Rosen (2012)). Let Z = ol — Aoz X, then Cou(Z,u)=0.

Proof. This result follows directly from the definition of A:

- Cov(Z - ~
Cov(Z,u)=05Cov(Z,u) — M : U—XUZCOV(X,U)
Cov(X,u) 0z
=0. O
COROLLARY 1. Given a sample of data elements D,, = (X\,Z,u) = {(Xl,Zi,ul)} , Z =037 —
i=1l...n

j\no,\-z)?i’ 22{21}12171; let
= > R (O B e D e O
A (X = X)(us—a) A" (2 - 2)?
ColZ,u) &

 Cou(X,u) 0z

>

then
Cou(Z,u) =0.
From Lemma 1, we have that the population level transformation of the potentially endogenous instrument
Z provides a new instrument, Z , that theoretically meets the exclusion condition. Corollary 1 extends this
result to a fixed dataset. More specifically, it establishes that transforming the sample vector Z by the A
computed on the dataset, provides a new sample vector Z that meets the exclusion condition for the given
dataset. While it is possible to compute A on Dyesy (i.e., 5\7”), it is generally not possible to compute 5\%

on Dyniaper- And, given n; >>n,,, our goal is to leverage Dyniaper for inference. Therefore, we next analyze

the relationship between 5\,” and ;\nu.
LEMMA 2. Let ;\nt be the (computable) plug-in estimator for A based on Diest, and j\nu be the (uncom-
putable) plug-in estimator for X based on Dyniaper, then S\n,, AN S\n aS My, Ny — O0.
Proof. We start by defining useful quantities:
0, = (Cov(Z,ef),Cov(X\, ef),a;(,az) ,

é\'nt,.,n = (C/O\Vn(zyef(\)a 6()\Vn(X7 65(\)7&)?’”;&Z,n) 5

a C
g((avbvcad)): g ' g
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Note that g is continuous everywhere except where b or d are zero. Further, we define \,,, , making explicit

its reliance on the training data sample size ny,.:

Ant,,. = g(o'ntr')

=0(ny*) where a=v —~v>0.

We note that o =v —~ > 0 is a natural restriction because, as it can be interpreted as comparing the rate
that cross-learner error correlations decay (v) to the rate of marginal prediction-error variance decay (7),

and by the (conditional) Cauchy—Schwarz inequality,

Therefore, (9) shows that one may take v >+ given that the cross-learning error decay rate is not slower
than the prediction-error variance decay. It may be the same order (then v =~ and a=0), or it may be a
smaller order (then v >~ and a > 0), or it may be exactly zero. As a result, A, converges to some constant
(specifically zero if a > 0). We also define jxnmn, making explicit its similar reliance on n;. and additional
reliance on the size (n) of a separate data sample used for plug-in estimation:

5\”n.tT,n = g(ent'r‘vn)

=9(0n,,)
=M,
Note that (10) follows from gntn 2% 9, and therefore g(ﬁmn) 2% g(0,,,), by the Strong law of large
n— oo n— oo
numbers and the Continuous mapping theorem. Importantly, (8) ensures that (10) holds for any value of

N¢r, including ny, — oo where Cov()/(\', eg)—0.
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Finally, we define A, = A, », and A\, = \,, .., and have

|)‘nt - /\nu| < |)\nt - )\ntr| + ‘)\nu _)\ntr|

a.s.
0,

Mt 3T —> OO

by the Triangle inequality and the application of (10) for both anm,mt and S\nm,,nu. g
Lemma 2, demonstrates that 5\m is actually converging almost-surely to 5\%, allowing us to use 5\nt in
its place, asymptotically. We can therefore obtain the asymptotic behavior of the EnsemblelV estimator on

unlabeled data D ,iqper, by first analyzing its behavior without the transformation of Z by 5\nt

THEOREM 1. Let BIV be an instrumental variable estimator of 5 in (5) estimated on unlabeled data
Doniaver, where the instrument Z, is a variable with prediction error that asymptotically meets the exclusion
condition. Under Assumptions I-III as well as the regularity conditions on f and e;(V'), as ny,ng,. — 0o with

nu = o(ny)

Vin(Bry — )~ N <0, E[;EV)]) |

Proof. The IV estimator is defined as:
1 N -1 1 My
v=|—> zX) (=D zV
o= (355) (a5a)
=1 =1
1 Ny -1 1 Ty
= <%;Z1Xz> (nuzlzz (XzﬂJré‘i)) . (11)
As is common in instrumental variable analysis, we are specifically interested in the behavior of BIV
given a set of covariates/instruments. In our setting, this means conditioning on the fitted learners F - or
equivalently, on Dy,..;» and any algorithmic randomness used to fit the learners — such that each fj is treated
as observed and fixed when estimating BIV in Dyniapetea- Conditional on F , the unlabeled observations
{(Vi,e;) i, remain random and i.i.d. For notational simplicity, we will leave the conditioning of Brv implicit,
unless if proves particularly fruitful to be explicit. We can now proceed by recognizing that the asymptotic

bias and variance of 37y will be dictated by the limit of the right summand in (11) and therefore consider

it’s components in service of analyzing our final object of interest

iy = \/E(BIV —ﬁ)~
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We begin by considering the denominator of Brv,

Ezzx = LS UV + (V) (V) + e ()

EZf Vi) +er(Va) f(Vi) + (e2(Vi)er (V7))
=f2+ ni Zu:Ai

defining f2 = -L 3. f(V;)? and A; = (e2(Vi) +e1(V7)) f(Vi) + e2(Vi)er(Vi). We analyze the first central

moment of —- Z"“

B niuif‘li =E ai(ez(wwel(m))ﬂvn +E n—ui(ez(v;)el(v»

We also analyze the second central moment of Z”“ A;, noting that conditional on F the sequence {A; }i,
is i.i.d.:

Moy

Var

ZVar e2 (Vi) +e1(V3)) f(Vi) +ea(Vi)er (V3)]
—~ Z
+2-Cov[(ea(V;) +e1(V2)) f(V3), ea(Vi)er(V3)]

1 Ny
S

nui

Var [(e2(V;) +e1(V2)) f(V;)] + Var[ea(Vi)er (V3)]

Var[(ea(Vi) 41 (V) f(Vi)] 4/ Eleb(V)]- Bled (Vi) (13)

+2-/Var[(ea(Vi) +ex(V7)) f(Vi)] - Varlea (Vi)er (V)]

1 1 1
0(@) +o(i) +0<ngv+nw> ]
1 1 1 1

We note that the inequality in (13) follows from the fact that Var [ese;] = E [e2€2] — (E [eze1])* < v/E[ed] E[e}]

and that |Cov [(e2 + €1) f,ese1]| < \/Var[(e2 + €1) f] Var[ese;] and, both by the Cauchy—Schwarz inequality.
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Therefore, we can finally express the denominator component as

n—u;ZX f2+n—u;A

Moy

ZA (n iA,- —E[Ai]>

> 1 1 1 1
=/ +O(n;>+<op<mw>+Op<rm/2>>

_f2+0<1y> +R),
ntr usTvtr

=f24+FE

(14)

where the second equality follows from adding zero, the third equality follows from combining (12)-(13) with

Chebyshev’s inequality, and the final equality follows from defining RS{Z ) =0 ( N /2> +0 ( N n"1/2)
tr
as the O, remainder terms from the denominator.

Next, we consider the numerator of 57y,

i=1 =1

=nlui((f(‘/)+62( NFVDB+ (F(V)+ea(Vi))e)
—f§jf 2B+ f(Vi)ea(Vi)B+ f(Vi)ei + e2(Vi)e:
—6f2+—2f 2)ei + B

defining B; = f(Vi)eo(Vi)B + e2(V;)e;. We analyze the first central moment of ;- 37 B,

123 E%Zﬂvm(m En%Z@(V)E

=0+0.

(15)

We also analyze the second central moment of the ni > B;, recognizing that conditional on F the sequence

{B;}» is ii.d.
Var nlu;B’ = Var Zf Vi)B +e2(Vy)e;
= > Var [ (W)ea(Vi)B] + Var ea(Vi)ed] + 2 Cov[BS(Vi)ea V), ex(Vi)ed
vt (16)
AE () ()
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Therefore, we can finally express the numerator component as

Ny Uzn My

n—ZZY-_ Zf 5,+Bf2+—ZB
Uoi=1
%ZBiJr(nu;B ~EB )
1
:Ezi:f Vet B 40, (ﬁnw)

L
=—> f(Vei+ B+ R,

i

:n—uZ_f(mmﬁqu

where the second equality follows from adding zero, the third equality follows from combining (15)-(16) with
Chebyshev’s inequality, and the final equality follows from defining R(N i =0 ( = /2) as the remainder
terms from the numerator.

We can therefore combine (14) and (17) to finalize our analysis of Sy from (11) with

a2 f(Vies + B2+ RY),,
P24+0(5 ) + B,

Bry = =

Moreover, we now can analyze our main object of interest

ZIV = \/E(BIV - 6)
LS (V)i + B2+ BY)

B e 8 P R

o o E?ilf(V)emLR;ﬁ’)n”—ﬁ( ( )+Rg}3>n”)
f2+0( )+R5f,f?n”

(Emrmn-8(0(F) +0(Fein) 0 a)

o F24+0(3) + B,

- 3(0(6E) () (o)
f2+0( >+Op(1)

T 0o
e P2+ 0,(1)

Finally, by the CLT,

Jeu N (0, S2E[f(VY]),

and since f2 % E[f(V)?] by the LLN, from Slutsky’s theorem we have

S F(V)e 2
\/Tu — 5
S em Y (O’ E[f(V)Q]) ’
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yielding our desired result:

O

COROLLARY 2. Let Z =032; — S\ntfrz)@ be the transformation of each Z; in D, niqver and let BEW be
an estimator with instrument Z defined by the conditions in Theorem 1, then by Corollary 1 and Lemma 2,

as additionally ny — oo

VBt — B) —~ N (o, EU‘EV)O |

The specific behavior of Brrv is dictated by v, v, m, and the convergence rate of S\nt to An,, -

Remark: The challenge of conducting inference after the use of flexible machine learning algorithms for
model selection (i.e, post-selection inference) has been considered extensively (Berk et al. 2013, Belloni et al.
2014, Chernozhukov et al. 2015, Belloni et al. 2016, 2017). One critical challenge this literature attempts to
address occurs when the outcome model in which inference is being carried out is selected in a data-driven
manner (Berk et al. 2013). A second challenge occurs when the variable of inferential interest (e.g., treatment)
in the outcome model is not observed exogenously, and therefore the treatment and the outcome are jointly
determined by a subset of variables. Data-dependent selection for these control variables can create a type of
“regularization bias” by incorrectly estimating the functional form with which the control variables enter the
treatment or the outcome models, including failing to include relevant controls (Chernozhukov et al. 2015).
Our setting described in Equation 1 (main manuscript) assumes an outcome model where E[e | X, W] =0
and the variables used to build X (e.g., textual features that determine sentiment) have no direct impact on
the outcome conditional on X. Therefore, data-driven selection of the treatment model (i.e., the model of X)
will not lead to estimation bias of 8 in the outcome model. Essentially, in Equation 1 (main manuscript) X
is exogenous by assumption, hence the only potential source of bias in Equation 2 (main manuscript) arises
from using X in place of X due to prediction errors. There may exist contexts where these assumptions do
not hold, and the extensive and focused statistical innovations required to relax these assumptions would be

of future interest.

Appendix F: Using Subset of Individual Learners as Endogenous Covariates and
IVs

On the Bike Sharing dataset, we first built a random forest of 100 trees and then constructed predictions

100

50) different ways to select 50 trees out of 100, we randomly

based on subsets of 50 trees. Among all (
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sampled 100, to maintain the same number of covariates as in EnsemblelV with individual trees, enabling

an apples-to-apples comparison. The estimation results are reported in Table 2, below. We can see that,

compared to using individual trees as covariates, using subsets of 50 trees results in slightly more biased

point estimates, inflated standard errors, and overall worse estimation MSE scores.

Table 2 EnsemblelV Estimates with Predictions from Subsets of Trees
Individual Trees Subsets of 50 Trees

True | Top-3 PCA LASSO || Top-3 PCA LASSO
Bo 1.0 | 1.026  1.015 1.058 0.956  0.941 0.903
(0.063) (0.063) (0.062) || (0.069) (0.073) (0.073)
Brrv 0.5 | 0.494 0.496 0.487 0.510  0.513 0.521
(0.013) (0.013) (0.013) (0.015) (0.015) (0.016)
Bw, 2.0 2.000 2.000 2.000 2.000 2.000 2.000
(0.003) (0.003) (0.003) || (0.003) (0.003) (0.003)
Bw, 1.0 | 1.000  1.000 1.000 1.000  1.000 1.000
(0.002) (0.002) (0.002) || (0.001) (0.001) (0.001)
Estimation MSE 0.005 0.004 0.008 0.007 0.009 0.015

Appendix G: Variance-Weighted EnsemblelV Estimates

The following Tables 3-4 report estimation results when EnsemblelV’s individual estimators are weighted by

their respective variances before aggregation.

Table 3

Variance-Weighted Evaluation Results on Bike Sharing Data

Linear Second Phase Regression

Logistic Second Phase Regression

True | Biased Unbiased Ens.IV EnsIV EnsIV || Biased Unbiased Ens.IV EnsIV  EnsIV
(Top-3) (PCA) (LASSO) (Top-3) (PCA) (LASSO)
Bo 1.0 | 0.756 0.999 1.027  1.017 1.059 0.711 0.954 0.982  0.975 1.015
(0.070) (0.111) (0.063) (0.063) (0.062) || (0.201) (0.405) (0.180) (0.179) (0.176)
Burv 0.5 | 0.553 0.500 0.494  0.496 0.487 0.552 0.531 0.492  0.495 0.485
(0.014) (0.023) (0.013) (0.013) (0.013) || (0.045) (0.095) (0.039) (0.039) (0.038)
Bw, 2.0 | 2.000 2.000 2.000  2.000 2.000 1.976 2.057 1.974  1.979 1.976
(0.003)  (0.007)  (0.003) (0.003) (0.003) || (0.054) (0.142) (0.054) (0.055) (0.055)
Bw, 1.0 | 1.000 1.000 1.000 1.000 1.000 0.987 1.029 0.987  0.989 0.988
(0.002) (0.004) (0.002) (0.002) (0.002) || (0.027) (0.072) (0.027) (0.027) (0.027)
Estimation MSE 0.067 0.013 0.005  0.004 0.008 0.133 0.206 0.039  0.039 0.037

Appendix H: EnsemblelV Estimates based on LIML / Fuller Methods

The following Tables 5-6 report EnsemblelV results when IV estimations are done via the Limited Information

Maximum Likelihood (LIML) method and the Fuller method, respectively.
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Table 4 Variance-Weighted Evaluation Results on Bank Marketing Data
Linear Second Phase Regression Logistic Second Phase Regression
True | Biased Unbiased Ens.IV EnsIV  Ens.IV Biased Unbiased Ens.IV Ens.IV  Ens.IV
(Top-3) (PCA) (LASSO) (Top-3) (PCA) (LASSO)
Bo 1.0 | 1.044 1.002 1.008 1.006 1.017 1.041 0.980 1.004 1.002 1.012
(0.011)  (0.028) (0.013) (0.013) (0.012) (0.036) (0.102) (0.041) (0.041) (0.040)
Bavrv 0.5 | 0.280 0.503 0.425 0.437 0.352 0.292 0.505 0.441 0.454 0.366
(0.043)  (0.096) (0.049) (0.050) (0.039) (0.140)  (0.291) (0.165) (0.167) (0.136)
Bw, 2.0 | 2.000 2.000 2.000 2.000 2.000 1.999 1.998 2.001 2.001 2.000
(0.002) (0.005) (0.002) (0.002) (0.002) (0.029) (0.094) (0.029) (0.029) (0.029)
Bw, 1.0 | 1.000 0.999 1.000 1.000 1.000 1.000 0.998 1.000 1.001 1.000
(0.001)  (0.003) (0.001) (0.001) (0.001) (0.015)  (0.047)  (0.015) (0.015) (0.015)
Estimation MSE 0.052 0.010 0.008 0.007 0.024 0.067 0.106 0.034 0.033 0.039
Table 5 Results on Bike Sharing Data based on LIML/Fuller Methods (Linear Second-Phase)
True | Biased Unbiased | Ens.IV Ens.IV  Ens.IV | Ens.IV EnsIV EnsIV
(Top-3) (PCA) (LASSO) | (Top-3) (PCA) (LASSO)
LIML Method Fuller Method
Bo 1.0 | 0.756 0.999 0.954 0.938 0.902 0.952 0.936 0.899
(0.070) (0.111) | (0.074) (0.076) (0.075) | (0.076) (0.077) (0.077)
Bavrv 0.5 | 0.553 0.500 0.510 0.513 0.521 0.510 0.514 0.522
(0.014)  (0.023) | (0.015) (0.016) (0.016) | (0.015) (0.016) (0.016)
Bw, 2.0 | 2.000 2.000 2.001 2.001 2.001 2.000 2.000 2.000
(0.003) (0.007) | (0.003) (0.003) (0.003) | (0.003) (0.003) (0.003)
Bw, 1.0 | 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
(0.002) (0.004) | (0.002) (0.002) (0.002) | (0.002) (0.002) (0.002)
Estimation MSE 0.071 0.015 0.008 0.010 0.016 0.008 0.011 0.017

Table 6 Results on Bank Marketing Data based on LIML/Fuller Methods (Linear Second-Phase)

True | Biased Unbiased | Ens. IV  Ens.IV ~ Ens.IV | Ens.IV Ens.IV  Ens.IV
(Top-3) (PCA) (LASSO) | (Top-3) (PCA) (LASSO)

LIML Method Fuller Method
Bo 1.0 1.044 1.002 1.009 1.007 1.017 1.009 1.007 1.018
(0.011)  (0.028) | (0.012) (0.012) (0.012) | (0.010) (0.010) (0.010)
Bymrv 0.5 | 0.280 0.503 0.422 0.437 0.349 0.421 0.437 0.350
(0.043)  (0.096) | (0.046) (0.046) (0.038) | (0.040) (0.041) (0.032)
Bw, 2.0 | 2.000 2.000 2.000 2.000 2.000 2.000 2.000 2.000
(0.002)  (0.005) | (0.002) (0.002) (0.002) | (0.002) (0.002) (0.002)
Bw, 1.0 | 1.000 0.999 1.000 1.000 1.000 1.000 1.000 1.000
(0.001)  (0.003) | (0.001) (0.001) (0.001) | (0.001) (0.001) (0.001)
Estimation MSE 0.051 0.011 0.008 0.006 0.025 0.008 0.006 0.024
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