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Abstract

Empirical researchers often build composite indices from multiple indicators to proxy latent
constructs—such as economic freedom, institutional quality, environmental stringency, or fi-
nancial literacy—for use in regression analysis. Principal component analysis (PCA), although
popular for constructing such indices, can lead to biased regression estimates. This paper cri-
tiques PCA’s use in linear regressions, demonstrating its misalignment with consistent parameter
estimation due to its focus on maximizing total variance, including noise, rather than minimizing
measurement error. We show analytically and via simulations that PCA can produce greater
attenuation bias than simpler alternatives. We compare PCA with methods more suited for
regression, including (i) incorporating multiple indicators directly into the regression, (ii) using
optimal weighting schemes from measurement-error models, and (iii) latent-factor modeling.
Simulations confirm that these alternatives outperform PCA in terms of bias and mean squared
error. Researchers should exercise caution with PCA-derived indices and adopt methods that
explicitly address measurement error to improve inference and policy analysis.
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"Before beginning a Hunt, it is wise to ask someone what you are looking for
before you begin looking for it."

– Winnie-the-Pooh

1 Introduction

Composite indices are ubiquitous in applied economics and other disciplines. Researchers frequently
aggregate a set of observed variables—referred to as indicator or manifest variables—into a scalar index
when the underlying concept of interest is multidimensional or not directly observable. Often, the
concept being represented is incapable of being measured accurately as it is inherently latent. Dijkstra
(2010, p. 25) states that such theoretical concepts are “fundamental to the scientific enterprise in almost
any field”. Examples include objects such as economic freedom, institutional quality, political stability,
development, regulatory stringency, human capital, personality, social capital, and financial literacy (see,
e.g., Ravallion 2012). After combining various indicators, the index serves as a proxy for the unobserved
latent construct, which we denote by 𝑥∗, that one wishes to include as a covariate in a regression model.1

Focusing on linear models, the typical application relying on a composite index involves a regression
of the form

𝑦 = 𝛼 + 𝛽𝑥∗ + w′𝜸 + 𝜀, (1)

where 𝑦 is an outcome of interest, 𝑥∗ is the latent covariate (the “true” index value, e.g., the true level
of institutional quality), w is a vector of additional observed control variables, and 𝜀 is the error term.
The researcher’s objective may be to estimate 𝛽, or 𝛽 may simply be a nuisance parameter with the goal
being to estimate 𝜸 (or one of its elements). If interest is in 𝛽, it is important to recognize that the latent
construct, 𝑥∗, has no intrinsic scale. As a result, the interpretation of 𝛽 is unclear. To circumvent this
issue, it is perhaps most natural to conceptualize 𝑥∗ as being standardized so that 𝛽 is the marginal effect
of a one-standard-deviation increase in the latent variable.

Although 𝑥∗ is unobserved, the researcher may observe a vector of 𝐽 indicators, 𝑧1, 𝑧2, . . . , 𝑧𝐽—often
called “manifest” variables in the context of structural-equation modeling—where each element conveys
some useful information about 𝑥∗. The challenge—that is, the index-creation problem—is to aggregate
z = [𝑧1 𝑧2 · · · 𝑧𝐽 ] into a scalar, 𝑥 ≔ 𝑔 (z), by choosing 𝑔 (·) such that 𝑥 is a useful proxy for 𝑥∗ in
Equation (1). There are many ways to perform such aggregation, and the most prevalent method varies
across disciplines. Our objective in this paper is to examine the consequences of researcher decisions
regarding index creation.

Perhaps the most popular approach, particularly in economics, is principal component analysis
(PCA), and thus we focus much of our attention on it here. Researchers commonly employ PCA for
dimensionality reduction and to create indices from multiple indicators of underlying, unmeasurable

1 Composite indices are used for non-regression purposes such as rankings of local “development”, “health”, or “welfare”. The
Human Development Index (HDI) is a well-known example. Ravallion (2012) provides a thorough discussion. Here, we focus
on the use of composite indices in regression analysis.
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latent constructs. More explicitly, PCA generates a weighted linear combination of variables given by

𝑥PCA ≔

𝐽∑︁
𝑗=1
𝑣 𝑗 𝑧 𝑗 , (2)

where the weights 𝑣 𝑗 are chosen to maximize the variance of 𝑥PCA.2 Since PCA finds linear combinations
that “successively maximize variance” without reference to any outcome variable, it offers a seemingly
objective way to aggregate many correlated indicators into a scalar index (Jolliffe and Cadima 2016, p. 1).
PCA’s dimensionality reduction and weighting based on observed variation have made it the default tool
for index construction across many fields.3

Yet, from an econometric standpoint, PCA is generally suboptimal for regression purposes. The core
issue is that maximizing the total variance of the index, 𝑥, is not the same as maximizing the signal-to-
noise ratio with respect to the latent variable of interest. This property compromises the reliability of
policy conclusions derived from PCA-based indices. In this paper, we illustrate the extent of this issue
analytically and empirically, emphasizing the econometric risks of ignoring the inevitable measurement
error associated with PCA-based index construction.

Consider the case of classical measurement error in an observed index, 𝑥, used in place of the “true”
but unobserved construct, 𝑥∗. In this case, it is well known that the reliability ratio of the index—that is,
the fraction of the index’s (partial) variance that is due to the true signal 𝑥∗ rather than noise—determines
the extent of attenuation bias in regression estimates obtained using ordinary least squares (OLS).4 As
such, the “optimal” index for regression purposes is the one that maximizes reliability (or, equivalently,
minimizes the variance of measurement error in the index 𝑥). PCA, however, ignores the distinction
between common variance (signal) and idiosyncratic variance (noise) in z. By construction, PCA will
overweight noisy components in z if those components exhibit high total variability. This can lead to an
index with a lower reliability ratio—and hence more severe attenuation bias—than alternative weighting
schemes or even a simple average of the manifest variables. In short, OLS relying on PCA does not
generally yield the estimate of 𝛽 in Equation (1) with the smallest bias.

We are not the first to recognize this shortcoming of PCA. Lubotsky and Wittenberg (2006, p. 551)
state:

Principal-component analysis achieves a unique decomposition, but does so by the expedient
of identifying the common factor with the linear combination of indicators that maximizes
the explained variance. It is not clear why this concept should correspond to the structural
relationships. . .

2 Formally, PCA can be used to generate several aggregates. The so-called first principal component chooses the weights, 𝑣 𝑗 ,
𝑗 = 1, 2, . . . , 𝐽 to maximize the variance of 𝑥PCA. The second (and higher) principal component chooses the weights, 𝑣 (2)

𝑗
,

𝑗 = 1, 2, . . . , 𝐽 to maximize the variance of 𝑥PCA (2) subject to the restriction that 𝑥PCA (2) (or higher principal components) is
orthogonal to 𝑥PCA (and any other previous principal components). As nearly all researchers rely solely on the first principal
component (PC1) as the index, we simplify the exposition by implicitly referring to PC1 throughout the paper.
3 A search on Google Scholar for the terms “‘principal component analysis’ AND ‘index’ AND ‘regression’” yields 648,000
hits; 19,700 since 2024. Accessed on 01 April 2025.
4 As discussed in Section 2, the degree of attenuation depends on the signal-to-noise ratio in the mismeasured covariate net of
all other covariates in the model.
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Going back even further in time, economists recognized the inherent arbitrariness in the construction of
most composite indices. Mundlak (1961, p. 44) denounces the use of an index of farmer managerial skill
when estimating production functions, writing:

It has been felt for a long time that the estimates of the parameters of production functions
are subject to bias as a result of excluding the variable which represents management. The
reason for omitting management from cross-section analysis is obviously the lack of units
for its direct measurement. An attempt to substitute some index of management does not
solve the conceptual difficulty. It can be regarded as an ad hoc procedure as long as no
criterion for evaluating its performance is available.

Similarly, Samuelson (1983, p. 144)5 urges caution in the context of aggregating commodities, noting:

There is nothing intrinsically reprehensible in working with such aggregate concepts. On the
contrary, abstraction from complexity is a necessary thought process. . . . But it is important
to realize the limitations of these aggregates and to analyze the nature of their construction.

More recently, Ravallion (2012, p. 2) writes:

[T]he analyst identifies a set of indicators that are assumed to reflect various dimensions of
some unobserved (theoretical) concept. An aggregate index is then constructed. Neither
the menu of the primary series nor the aggregation function is predetermined from theory
and practice, but are “moving parts” of the index—–key decision variables that the analyst
is free to choose, largely unconstrained by economic or other theories intended to inform
measurement practice.

The author refers to indices that lack a theoretical or even practical foundation as “mashup indices”.
Despite these warnings, the shortcomings of composite indices in general and PCA in particular

have gone largely unrecognized by applied researchers—at least from our perspective. However, the
choices being made by researchers have substantive implications. Estimates of 𝛽 (the effect of the latent
variable) using a PCA index will be biased toward zero and inconsistent assuming classical measurement
error (Griliches 1977; Hyslop and Imbens 2001). The severity of the bias can be significant, particularly
when the manifest variables vary in quality. Our simulations demonstrate that PCA-based indices can
underestimate true parameter values by XX% to YY%, potentially leading to incorrect policy conclusions.

We emphasize that many applied studies using PCA indices may be understating or mismeasuring
the true impact of the latent concept on outcomes. For example, if institutional quality truly has a large
effect on economic growth, but is proxied by a PCA index built from imperfect governance indicators,
the estimated coefficient on the PCA index could be greatly attenuated. Policy decisions based on such
results might underweight the importance of institutional improvements. Thus, assessing and improving
index construction is not a mere technical exercise, but vital for credible inference.

Even if the researcher has no interest in 𝛽 itself, but rather includes the index as a necessary
control variable in an effort to obtain unbiased estimates of 𝜸 (trying to avoid omitted-variable bias),

5 Accessed at https://archive.org/details/in.ernet.dli.2015.150369/page/n147/mode/2up on 01 April 2025.
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measurement error in the index matters if the partial correlation between 𝑥 and any element of w is
nonzero. In this situation, the bias arising from the ignored endogeneity of 𝑥 (due to measurement error)
will bias the estimate of 𝜸 as well (see, e.g., Hanushek and Jackson 1977; Griliches 1986; Bollen 1989).
Bollinger (2003, p. 578) discusses the use of proxies in linear regression more generally, stating that a
“maintained, but incorrect, assumption is that the coefficients on other variables are identified correctly
when this proxy variable is used.” The author concludes (p. 583) by offering a “general overall warning
to researchers: when proxy variables are used, coefficients on other variables may also be biased—in
some cases severely.”6

Our paper is most similar to Stoetzer, Zhou, and Steenbergen (2025). The authors make the
same point as we do here in the context of situations where the latent construct is the outcome of
interest when estimating the average treatment effect of an intervention that satisfies unconditional or
conditional unconfoundedness. Not only does this situation raise issues with the outcome of interest
being latent, but also the interpretation of the magnitude of the average treatment effect since the latent
construct has no intrinsic scale. The authors show that two-step approaches that estimate the latent
construct using PCA or alternatives in the first-stage and the relative average treatment effect (expressed
in standard deviations of the latent construct) in the second stage will generally be biased. The authors
propose a heirarchical item response theory model that avoids direct estimation of the latent construct
by simultaneously estimating parametric equations for the latent construct and the observed indicators
using an EM algorithm. Although extremely useful, the focus on the estimation of the so-called latent
average treatment effect is limiting. Our analysis broadens the discussion to situations where the latent
construct is a covariate in a (linear) regression model and its coefficient may or may not be the object of
interest.

Our paper is also quite similar to Filmer and Scott (2012). The authors assess eight different methods
for computing a household asset index and compare the relative rankings of households across the
different indices as well as the characteristics of households across the quintiles of each index. We
undertake a similar comparison of multiple approaches to index creation, but in the context of linear
regression.

(Describe next sections.)
In this paper, we contribute a rigorous examination of PCA’s limitations in index construction for

regressions, and we explore better alternatives. We extend previous critiques by providing analytical
derivations, simulations across multiple realistic scenarios, and clear methodological guidelines to
practically address and correct measurement-error issues associated with index construction.

In Section 6, we provide simulation evidence to illustrate the comparative performance of PCA and
the proposed alternatives. We design Monte Carlo experiments where the true latent variable 𝑥∗ and
multiple indicators are generated with distinct error variances. We evaluate each method’s ability to
recover the true 𝛽 and 𝛾 using bias, coverage probability of the nominal 95% confidence intervals for
𝛽, and root mean square error as criteria. The simulations show that PCA often performs worse than
even “naïvely” including all indicators in the regression. In contrast, methods that explicitly account
for measurement error (such as instrumental variables (IV) estimation) produce estimates of 𝛽 that are

6 Recently, Zhang and Lee (2025) provide a somewhat general characterization of when inclusion of a mismeasured covariate
is preferred over its exclusion in the case where 𝜸 corresponds to the average treatment effect of a binary intervention.
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much closer to the true value. We also propose a simple method—implemented via generalized method
of moments (GMM)—to estimate the optimal index weights.

Finally, Section 9 concludes with a discussion of implications for applied work. We argue that
researchers should exercise caution when using PCA-derived indices as regressors: one should assess
the index’s reliability and consider alternative construction methods. Where feasible, including multiple
indicator variables directly in regression or employing measurement-error correction techniques can
substantially reduce bias. We also offer some practical guidance on index construction, recommending
transparency (e.g., reporting the variance explained by the index and performing robustness checks with
alternative weighting schemes). The broader message is that not all indices are created equal: methods
that align with econometric objectives of consistent estimation should be preferred over mechanically
convenient but potentially distortionary tools like PCA.

2 Index Creation

2.1 Formal Setup for Index Creation

We consider the regression framework of Equation (1), where 𝑥∗ is a latent scalar covariate. Researchers
observe a vector of 𝐽 manifest or indicator variables, 𝑧1, 𝑧2, . . . , 𝑧𝐽 , that contain information about
𝑥∗. Although not typically discussed by researchers, there are two distinct ways to conceptualize the
relationship between the indicators and the latent variable (e.g., Stoetzer, Zhou, and Steenbergen 2025).
These are illustrated in Figure 1.

𝑥∗ 𝑌

𝑧1 𝑧2 𝑧𝐽· · ·

𝑢1 𝑢2 𝑢𝐽· · ·

(a) Reflective-Indicators Model

𝑥∗ 𝑌

𝑧1 𝑧2 𝑧𝐽· · · 𝑧J· · ·

(b) Formative-Indicators Model

Figure 1
Relationship Between Indicators and Latent Variable

Notes.— Blah blah blah.

Panel A displays the reflective-indicators model. In this case, the indicators “reflect” the latent
variable, 𝑥∗, as well as other unmodeled attributes, denoted by 𝑢. Panel B reflects an alternative
conceptualization referred to as the formative-indicators model. Here, the indicators are determinants
that help “form” 𝑥∗. In the reflective model, measurement error arises due to the presence of 𝑢. In the
formative model, measurement error arises due to the presence of additional indicators, denoted as 𝑧 𝑗 ,
𝑗 = 𝐽 + 1, ...,J , not observed by the researcher. An example of the reflective model is in Millimet,
McDonough, and Fomby (2018), where the answers to several financial questions are used to create an
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index of an individual’s financial literacy. In this case, “true” financial literacy determines the correctness
of the answers along with other unobserved factors such as how seriously the respondent took the survey.
An example of the formative model is in Maccini and Yang (2009) and Filmer and Scott (2012) where
the presence of many different types of assets are used to construct a household asset index. Here, the
𝑧’s represent various assets (e.g., auto, home, television, investments, etc.) and 𝑥∗ is latent aggregate of
these assets. To proceed, we focus on the reflective-indicators model. We will return to the formative-
indicators model later. In our view, the reflective model is the way researchers typically conceive of the
relationship between the indicators, 𝑧, and the latent variable, 𝑥∗. It gives rise to the traditional approach
of expressing each indicator as

𝑧 𝑗 = 𝑥
∗ + 𝑢 𝑗 , 𝑗 = 1, 2, . . . , 𝐽, (3)

where 𝑢 𝑗 is classical measurement error in indicator 𝑗 . Specifically, we assume E
[
𝑢 𝑗

]
= 0, Cov

(
𝑢 𝑗 , 𝑥

∗) =
0, Cov

(
𝑢𝑖 , 𝑢 𝑗

)
= 0 for all 𝑖 ≠ 𝑗 , Cov

(
𝑢 𝑗 , 𝜀

)
= 0, and E [w̃𝜀] = 0, where w̃ = [𝑥∗ w]. In other words,

each 𝑧 𝑗 is an unbiased reflections of 𝑥∗, the indicators are independent conditional on 𝑥∗, and estimation
of Equation (1) by OLS will produce unbiased and consistent estimates if 𝑥∗ is observed. We consider
deviations from the classical measurement-error setup later.

An index 𝑥 ≔ 𝑔 (𝑧1, 𝑧2, . . . , 𝑧𝐽 ) is any function that aggregates the indicators into a scalar intended
to approximate 𝑥∗. We abstract from the choice of the indicators themselves and take z as given. We
relax this later. Linear indices are most common in practice.7 These are of the form:

𝑥 =

𝐽∑︁
𝑗=1
𝜆 𝑗 𝑧 𝑗 , (4)

with weights 𝜆 𝑗 chosen by the researcher. The index or proxy error is 𝜇 ≔ 𝑥 − 𝑥∗. Different choices
of the aggregation function 𝑔(·) will generally lead to different values of 𝜇 and hence different levels of
similarity between 𝑥 and 𝑥∗.

One convenient measure of index “quality” is the reliability ratio, defined as

𝜌 ≔
Var (𝑥∗)
Var (𝑥) =

Var (𝑥∗)
Var (𝑥∗) + Var (𝜇) = 1 − Var(𝜇)

Var(𝑥) . (5)

The reliability ratio 𝜌 is the fraction of the index’s variance coming from the true latent signal rather
than noise. Equivalently, Var (𝜇) = (1 − 𝜌) Var (𝑥), so a higher reliability ratio 𝜌 implies lower error
variance. An index with 𝜌 = 1 perfectly measures 𝑥∗; an index with 𝜌 = 0 is pure noise. The relevance of
𝜌 is that it directly governs attenuation bias in the regression of 𝑦 on 𝑥 in classical settings. Substituting
𝑥∗ = 𝑥 − 𝜇 into Equation (1), we get

𝑦 = 𝛼 + 𝛽 (𝑥 − 𝜇) + w′𝜸 + 𝜀 = 𝛼 + 𝛽𝑥 + w′𝜸 + (𝜀 − 𝛽𝜇) , (6)

where (𝜀 − 𝛽𝜇) is the composite error. Here, 𝑥 is observed, but the regression error term now includes
−𝛽𝜇, which is generally correlated with 𝑥 (since 𝜇 is part of 𝑥), thus violating the OLS orthogonality

7 There is no theoretical reason to only consider the class of linear indices. However, applied researchers always do, to our
knowledge, so we leave consideration of nonlinear indices for future work.
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condition.
In a univariate regression model, the probability limit (plim) of the OLS slope estimate using a

mismeasured regressor is 𝛽𝜌. The coefficient is attenuated by a factor equal to the reliability ratio. In a
multiple regression where only the index suffers from classical measurement error, the plim of the OLS
coefficient estimate for the incorrectly measured covariate is

plim
[
𝛽

]
= 𝛽

[
1 − Var (𝜇)

Var (𝑥)
(
1 − 𝑅2

𝑥,w
) ] , (7)

where 𝑅2
𝑥,w is the 𝑅2 from the regression of 𝑥 on w (Griliches 1977). Equation (7) reduces to 𝛽𝜌 when

𝑥 and w are orthogonal. If 𝑥 and w are not orthogonal, which occurs if w is correlated with 𝑥∗ and/or
𝜇, then not only is the attenuation bias exacerbated, but the OLS estimate of 𝜸 is also biased (Hanushek
and Jackson 1977; Griliches 1986; Bollinger 2003; Bollinger and Minier 2015). The bias in 𝜸 may be in
any direction.

In sum, when using an index 𝑥 in lieu of the unobserved 𝑥∗, OLS consistently estimates 𝛽 only if
𝜌 = 1 (i.e., no measurement error) and 𝛾 only if 𝜌 = 1 and/or 𝑥 and w are orthogonal. Moreover,
the coefficient on the proxy is biased toward zero in the classical setting, with severity increasing as 𝜌
declines and 𝑅2

𝑥,w increases. Thus, the “optimal” index for inclusion in regression analysis where the
objective is consistent estimation of the slope parameters is the one that maximizes 𝜌. Maximizing 𝜌 (or,
equivalently, minimizing Var (𝜇)) should then guide a researcher’s choice of the aggregation function,
𝑔 (·), in general and the linear weights, 𝜆 𝑗 , 𝑗 = 1, ..., 𝐽, in Equation (4) in particular. Intuitively, 𝑥 should
track 𝑥∗ as closely as possible.

In the simple classical setting considered thus far, where the measurement error is independent
across indicators (as in Panel A in Figure 1), the instrumental variables (IV) estimator—where 𝑧− 𝑗 is
used as an instrument for 𝑧 𝑗—is consistent for 𝛽 and 𝜸. While we discuss the IV estimator below, we
consider the ramifications of the choice of different indices since the IV estimator is inconsistent when
the measurement error is correlated across the indicators. Correlated measurement errors are likely to
be the norm in practice; the exposition above is limited to the classical setting for simplicity only.

2.2 Optimal Linear Index Creation

Consider the index 𝑥 =
∑

𝑗 𝜆 𝑗 𝑧 𝑗 and its reliability ratio 𝜌 = Var (𝑥∗) /Var (𝑥) from Equation (4).
Maintaining the assumptions from the previous section, the variance of a generic linear index is

Var (𝑥) = Var

(∑︁
𝑗

𝜆 𝑗 𝑧 𝑗

)
= Var

(∑︁
𝑗

𝜆 𝑗𝑥
∗ +

∑︁
𝑗

𝜆 𝑗𝑢 𝑗

)
=

(∑︁
𝑗

𝜆 𝑗

)2

𝜎2
𝑥∗ +

∑︁
𝑗

𝜆2
𝑗𝜎

2
𝑢 𝑗

(8)

where Var(𝑥∗) = 𝜎2
𝑥∗ and Var(𝑢 𝑗) = 𝜎2

𝑢 𝑗
. For simplicity, we impose the normalization

∑
𝑗 𝜆 𝑗 = 1

so that the index is an unbiased estimator of 𝑥∗. This constraint fixes the scale of 𝝀. It also ensures
that 𝑥 equals 𝑥∗ in the absence of measurement error in the indicators. Under this normalization,
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Var (𝑥) = 𝜎2
𝑥∗ +

∑
𝑗 𝜆

2
𝑗
𝜎2
𝑢 𝑗

. The reliability ratio is given by

𝜌 (𝝀) ≔
𝜎2
𝑥∗

𝜎2
𝑥∗ +

∑
𝑗 𝜆

2
𝑗
𝜎2
𝑢 𝑗

. (9)

The optimal index should maximize 𝜌, which is equivalent to minimizing the total error variance∑
𝑗 𝜆

2
𝑗
𝜎2
𝑢 𝑗

subject to
∑

𝑗 𝜆 𝑗 = 1. This is a straightforward constrained optimization problem. One can
show the solution is

𝜆★𝑗 ∝
1
𝜎2
𝑢 𝑗

, 𝑗 = 1, . . . , 𝐽, (10)

that is, weights are proportional to the inverse of an indicator’s error variance (assuming 𝜎2
𝑢 𝑗
> 0 for all

𝑗). Intuitively, the most reliable indicator receives the greatest weight, and the noisiest indicator, the least.
The resulting optimal index 𝑥★ =

∑
𝑗 𝜆

★
𝑗
𝑧 𝑗 has the highest reliability among all linear combinations of z

under the given normalization. The reliability ratio of 𝑥★ is obtained by substituting Equation (10) into
Equation (9). In general, as more independent indicators are added, the reliability ratio rises, approaching
one as 𝐽 → ∞ (Lubotsky and Wittenberg 2006). With a finite number of indicators, the reliability ratio
remains strictly below one, and thus even the optimal linear index yields some attenuation bias—but
crucially, it minimizes that bias.

In the absence of validation data, which is always the case in situations where 𝑥∗ denotes a theoretical
construct that is inherently unobservable (such as freedom, development, or health), the optimal weights
in Equation (10) are unknown. Nonetheless, this discussion provides a framework in which to assess
PCA-constructed indices and alternatives, as we discuss next.

3 The Case Against PCA in Applied Regression Analysis

The fundamental econometric drawback of PCA-constructed indices is their failure to minimize mea-
surement error. In the language of classical errors-in-variables, PCA does not maximize the reliability
ratio 𝜌 of the proxy. As a result, using a PCA index in place of 𝑥∗ in Equation (1) will render OLS biased,
perhaps severely so, as an estimator of 𝛽—an issue that remains even as sample size grows since the bias
is due to systematic error in the regressor (Dong and Millimet 2024).

3.1 Principal Component Analysis for Index Creation

PCA finds linear combinations of the input variables that successively maximize variance. In the context
of index creation, PCA will produce the index (first principal component or PC1) 𝑥PCA =

∑𝐽
𝑗=1 𝑣 𝑗 𝑧 𝑗 that

has the largest variance among all unit-length weighting vectors v = [𝑣1 𝑣2 · · · 𝑣𝐽 ]. This is obtained by
solving

vPCA = arg max
| |v | |=1

Var (v′z) , (11)

which leads to vPCA being the eigenvector associated with the largest eigenvalue of Var (z), the covariance
matrix of the 𝑧 𝑗’s. Imposing the unit norm | |v| | = 1 fixes the scale since, otherwise, one could increase
variance arbitrarily by scaling up v. The resulting index 𝑥PCA = vPCA′z has variance equal to the largest
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eigenvalue of Var (z). In practice, researchers often standardize the variables 𝑧 𝑗 before applying PCA
so that Var

(
𝑧 𝑗

)
= 1 for all 𝑗 , especially if the indicators are measured in different units. PCA on

standardized data finds the linear combination with maximum correlation or normalized variance.
The PCA index is attractive for several reasons. First, it provides dimensionality reduction: instead

of 𝐽 separate variables, one uses a single index that, by construction, captures as much of their joint
variation as possible. Second, PCA uses data-driven weights 𝑣 𝑗 , often interpreted as “letting the data
speak” about which indicators are most important. Variables with more variability receive larger weights
in the first component, which some have taken as a feature. Third, the resulting principal components
are uncorrelated with each other, which, for the sake of tradition and those inexplicably still focused on
it, addresses multicollinearity concerns if one were to use multiple indices or subsequent components.
These properties explain PCA’s popularity: it yields a single summary index, avoids subjective weighting,
and handles collinearity by construction.

However, it is crucial to note what PCA does not consider: any information about the relationship
of z with the outcome 𝑦 or the latent factor 𝑥∗.8 The criterion depends solely on the variance of z. In
effect, PCA treats all variation in the indicators as valuable signal regardless of whether it stems from
the common latent factor or idiosyncratic noise. As a result, if one indicator 𝑧𝑘 has a very large variance
due to measurement error, PCA will tend to assign 𝑧𝑘 a large weight—because including more of 𝑧𝑘
increases the total variance of the index—even though 𝑧𝑘 may be a poor measure of 𝑥∗. In contrast,
an indicator with lower variance might receive a smaller PCA weight or even be omitted from the first
component. This behavior is antithetical to the goal of maximizing reliability.9

To fix ideas, suppose two indicators 𝑧1 and 𝑧2 measure the same latent 𝑥∗ with different noise levels.
For example, 𝑧1 = 𝑥∗ + 𝑢1 with Var (𝑢1) = 𝜎2

𝑢1 , and 𝑧2 = 𝑥∗ + 𝑢2 with Var (𝑢2) = 𝜎2
𝑢2 . If 𝜎2

𝑢2 ≫ 𝜎2
𝑢1 , then

𝑧2 exhibits greater total variance than 𝑧1 because 𝑧2’s variance Var (𝑧2) = Var (𝑥∗) + 𝜎2
𝑢2 is much larger.

PCA will favor 𝑧2. In fact, if the difference is extreme, the first principal component (PC1) will be almost
aligned with 𝑧2. Consequently, the PCA index 𝑥PCA ≈ 𝑧2 is a noisy proxy, inheriting 𝑧2’s low reliability.
The coefficient estimate on 𝑥PCA in a regression will be severely attenuated toward zero in a univariate
regression, being nearly as bad as using 𝑧2 alone. In contrast, an index that gave more weight to 𝑧1—the
higher-quality indicator—would achieve a higher 𝜌 and yield a less biased estimate of 𝛽. This simple
example underscores the point that maximizing variance in the index 𝑥 is not equivalent to maximizing
information about the latent factor 𝑥∗ in a regression sense.

8 In the language of machine learning, PCA is an unsupervised technique: the weights 𝑣 𝑗 are chosen without reference to 𝛽 or the
regression model. Unsupervised machine learning algorithms analyze “unlabeled” data or do not take the labels into account.
They simply try to uncover patterns or data groupings. Dimensionality-reducing techniques, like principal component analysis
or singular value decomposition, are examples of unsupervised learning. In the context of regression analysis, supervised
learning models would use the independent and dependent variables to discern their relationship for prediction or causal
inference. As an unsupervised technique, PCA is used as a pre-processing step to reduce the dimensionality of the data—that
is, to reduce the number of regressors—without regard to how the independent variables relate to the outcome of interest.
9 We will see in Section 3.2 that PCA’s variance-maximizing index can have a substantially lower reliability ratio 𝜌 than an
index that explicitly accounts for measurement error.
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3.2 PCA Does Not Maximize the Reliability of the Proxy

PCA chooses v to maximize Var
(
𝑥PCA)

=

(∑
𝑗 𝑣 𝑗

)2
𝜎2
𝑥∗ +

∑
𝑗 𝑣

2
𝑗
𝜎2
𝑢 𝑗

subject to the unit-norm constraint∑
𝑗 𝑣

2
𝑗
= 1 rather than the unit-sum constraint

∑
𝑗 𝑣 𝑗 = 1 used for the optimal index. The two objectives—

maximizing variance vs. maximizing reliability—coincide only in knife-edge cases (e.g., all 𝜎2
𝑢 𝑗

equal or
all indicators perfectly correlated), so vPCA generally differs from the optimal weights in Equation (10).
The weights in vPCA are influenced by the relative magnitudes of 𝜎2

𝑢 𝑗
plus the presence of the common

variance 𝜎2
𝑥∗ . If a manifest indicator has a very large idiosyncratic variance 𝜎2

𝑢 𝑗
, it increases the diagonal

entry of Var (z) and can dominate the first principal component even if 𝜎2
𝑢 𝑗

is pure noise. The PCA index
thus overweights high-variance indicators regardless of whether the variance comes from signal or noise.

Another viewpoint is to compare the reliability ratio 𝜌 achieved by PCA versus the optimum. Denote
𝜌PCA = Var (𝑥∗) /Var

(
𝑥PCA)

and 𝜌★ = Var (𝑥∗) /Var (𝑥★).10 Generally, 𝜌PCA < 𝜌★ unless PCA, by
coincidence, picks the same weights as Equation (10). We can see this in a simple case of two manifest
indicators, 𝑧1 and 𝑧2. Let 𝜎2

𝑥∗ = 1 without loss of generality, and let 𝜎2
𝑢1 < 𝜎2

𝑢2 so indicator 1 is more
reliable. The optimal weights, with 𝜆1 + 𝜆2 = 1, are 𝜆★1 = 𝜎2

𝑢2/
(
𝜎2
𝑢1 + 𝜎

2
𝑢2

)
and 𝜆★2 = 𝜎2

𝑢1/
(
𝜎2
𝑢1 + 𝜎

2
𝑢2

)
(Lubotsky and Wittenberg 2006). Intuitively, if 𝑧2 has a larger error variance, one weights it less.
Plugging in, we obtain 𝜌★ = 1/

(
1 + 𝜆★2

1 𝜎2
𝑢1 + 𝜆

★2
2 𝜎2

𝑢2

)
. One can then verify that 𝜌★ is higher (closer to

1) than the reliability of using either indicator alone and is, in fact, the maximum attainable. In contrast,
PCA in this 2-variable case will set vPCA as the eigenvector of the 2 × 2 variance–covariance matrix of
(𝑧1, 𝑧2).

For a numerical example, consider𝜎2
𝑢1 = 0.5 and𝜎2

𝑢2 = 4, i.e., indicator 1 is high-quality and indicator
2 is very noisy. Then the optimal weights, normalized to sum to 1, are 𝜆★1 ≈ 0.89 and 𝜆★2 ≈ 0.11. The PCA
weights, after first standardizing the manifest indicators (i.e., 𝑧-scores), are 𝑣PCA

1 ≈ 0.71 and 𝑣PCA
2 ≈ 0.71,

which corresponds to the raw (non-standardized) indicators weighted with 0.26 and 0.97, respectively.11

PCA puts more weight on the noisier indicator. The reliability of the PCA index can be computed in
this example: here, 𝜌PCA ≈ 0.59 when the indicators are standardized (the reliability ratio of the PCA
index based on non-standardized indicators degrades to 0.28), whereas 𝜌★ ≈ 0.69. Consequently, the
asymptotic attenuation bias—see Equation (7)—using the PCA index would be about 41% compared to
31% if one used the optimally weighted index. Even using the better indicator 𝑧1 alone would have given
𝜌1 = 1/(1 + 0.5) = 0.67, which is very close to the optimum in this case.

In general, PCA-based weights can lead to severe measurement-error bias. The fundamental reason
is that PCA’s criterion—maximize Var (𝑥)—does not consider the index or proxy error Var (𝜇) at all.
In fact, PCA will increase Var (𝑥) by increasing Var (𝜇) if doing so boosts total variance. In our two-
indicator example, 𝑧2 has so much variation from noise that PCA chooses to exploit it to enlarge the
index variance at the cost of injecting more error. From the perspective of estimating 𝛽 and the other
regression parameters, this is undesirable.

10 The generic expression for the reliability ratio is 𝜌 =

[ (
Σ 𝑗𝑤 𝑗

)2
𝜎2
𝑥∗

]
/
[ (
Σ 𝑗𝑤 𝑗

)2
𝜎2
𝑥∗ + Σ 𝑗𝑤

2
𝑗
𝜎2
𝑢 𝑗

]
, with 𝑤 = 𝑣 for PCA and

𝑤 = 𝜆 for the optimal index. See also Equation (9).
11 The weights are equal if the indicators are standardized first because variances are equalized after standardization. Whether
standardized or not, however, the weights satisfy the unit-norm constraint.
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3.3 Bias and Inconsistency of PCA-Based Estimation

We now quantify the bias in OLS estimation when using a PCA index. Consider again Equation (1), but
we substitute 𝑥PCA for the unobserved 𝑥∗. The estimating equation becomes

𝑦 = 𝛼 + 𝛽𝑥PCA + w′𝜸 + 𝜀̃, (12)

where 𝜀̃ = 𝜀 + 𝛽
(
𝑥∗ − 𝑥PCA)

= 𝜀 − 𝛽𝜇PCA. Since 𝑥PCA is correlated with 𝜇PCA, the regressor becomes
endogenous. In the classical setting, one can apply Equation (7) to characterize the probability limit of
the OLS estimator 𝛽PCA:

plim
[
𝛽PCA

]
= 𝛽

1 −
Var

(
𝜇PCA)

Var
(
𝑥PCA) (

1 − 𝑅2
𝑥PCA,w

)  = 𝛽

1 −
1 +

(
1 − 2

∑
𝑗 𝑣 𝑗

)
𝜌PCA

1 − 𝑅2
𝑥PCA,w

 . (13)

This equation reveals that because PCA employs the unit-norm constraint
∑

𝑗 𝑣
2
𝑗
= 1 (which does not

generally imply
∑

𝑗 𝑣 𝑗 = 1), 𝛽PCA does not necessarily suffer from attenuation bias. For instance,
if

∑
𝑗 𝑣 𝑗 > 1 , and PCA generates a sufficiently high reliability ratio 𝜌PCA, 𝛽PCA can be subject to

expansion bias (biased upward in absolute value). In this scenario, the PCA weighting effectively
“overcompensates” for the measurement error, leading to plim

[
𝛽PCA

]
> 𝛽. Conversely, as the reliability

ratio 𝜌PCA approaches zero, 𝛽PCA will experience severe bias, potentially including sign reversal, as long
as

∑
𝑗 𝑣 𝑗 is finite. Moreover, 𝛽PCA is consistent only if the numerator in Equation (13) is zero, which

means 𝜌PCA = 1/
(
2
∑

𝑗 𝑣 𝑗 − 1
)
. This general consistency condition simplifies to 𝜌PCA = 1 if and only

if
∑

𝑗 𝑣 𝑗 = 1, which occurs with degenerate PCA (either a single indicator only or having multiple
indicators but only one receiving the nonzero weight of 1).

These biases exist even when all indicators are valid measures of the same underlying 𝑥∗ and even if
PCA captures most of the total variance as the total variance includes variation due to the measurement
error in the indicators. In other words, for PCA, simply having 𝜌PCA = 1 is not enough for consistency
unless that perfect reliability is achieved under the condition that the sum of the weights is 1, which is
neither a realistic nor a useful scenario. If

∑
𝑗 𝑣 𝑗 ≠ 1, then even if 𝑥PCA perfectly captures 𝑥∗ for some

reason, Equation (13) shows that the probability limit is still affected by the non-classical measurement
error in 𝑥PCA. For while the errors attached to the manifest indicators may be classical, it does not
necessarily follow that the resulting PCA index will itself exhibit classical measurement error in general.
Thus, PCA does not “solve” or even minimize the problems arising from measurement error; it is simply
a particular transformation of the data. Furthermore, as mentioned previously, the use of an imperfect
proxy for 𝑥∗ will bias the OLS estimate of 𝜸 if 𝑥 and w are not orthogonal. In many applications, this is
likely to be the case.

In light of the above, we urge extreme caution to researchers when using PCA to create a proxy for
a latent variable in a typical linear regression framework when the objective is causal inference. Unless
one can be confident that all indicators have identical noise levels or that idiosyncratic variances are
negligible (so that PCA happens to coincide with the optimal index), relying on PCA to create a proxy
is not advisable. The case against PCA is essentially an application of the classical errors-in-variables

11



lesson: one should use methods that explicitly address measurement error rather than ignoring it. PCA
ignores it by design and, as a consequence, guarantees neither consistency nor minimum bias except
under special circumstances.

4 Alternative Approaches for Index Creation

4.1 Dimensionality Reduction Without PCA

Although the optimal index weights in Equation (10) are infeasible because they depend on the variances
of the unobserved measurement errors, they do feature the desirable property where higher weights
are attached to indicators with lower measurement-error variance. In contrast, PCA places “too much”
weight on indicators with a higher measurement-error variance. Alternative indices that use feasible
weights which are also closer to the optimal weights potentially offer a significant improvement over
PCA in a regression context. We consider several such alternatives.

Equal Weights. A simple alternative is the equally-weighted average of the non-standardized 𝑧 𝑗 (also
referred to as unit weights).12 This is equivalent to a count index, equal to the sum of the 𝑧 𝑗’s, scaled
by 𝐽 (Filmer and Scott 2012). The index, denoted 𝑥𝑧 and referred to as the equal index, sets 𝜆 𝑗 = 1/𝐽
for all 𝑗 . The probability limit of 𝛽𝑧 is 𝛽𝜌𝑧 , where 𝜌𝑧 ∈ [0, 1]. Thus, the equally-weighted index is
consistent in the absence of measurement error and otherwise suffers from the usual attenuation bias in
the classical setting.13 With uncorrelated errors, it has a higher reliability ratio than using any single
indicator in the classical setting where Var(𝑢 𝑗) = 𝜎2

𝑢 for all 𝑗 . Unit weights are also less susceptible
to outliers as the weights are chosen without reference to the data (Bobko, Roth, and Buster 2007).14

In psychology, Rönkkö, McIntosh, and Antonakis (2015, p. 77) refers to this as “the most common
approach for constructing composite variables for use in OLS regression analysis” and conclude that “in
the event that composite-based approximations to latent variable models are actually needed, there is
very little reason to use anything else than unit weighted scales” (p. 82). In our two-indicator example
from Section 3.2, the 𝜆 𝑗 = 0.5 weights correspond to a reliablity ratio of 0.47.

Mean 𝑧-Score. A popular alternative to PCA is the mean 𝑧-score index (Kling, Liebman, and Katz
2007).15 This entails applying unit weights to the standardized 𝑧 𝑗 (Bobko, Roth, and Buster 2007). The
index is the equally-weighted average of the standardized indicators, given by

𝑥𝑧 =
1
𝐽

𝐽∑︁
𝑗=1

(
𝑧 𝑗 − 𝑧 𝑗
𝜎𝑗

)
=

𝐽∑︁
𝑗=1

(
1
𝐽𝜎𝑗

)
𝑧 𝑗 −

𝐽∑︁
𝑗=1

(
1
𝐽𝜎𝑗

)
𝑧 𝑗 = 𝜁 +

𝐽∑︁
𝑗=1
𝜆 𝑗 𝑧 𝑗 , (14)

12 Bobko, Roth, and Buster (2007) provides an excellent overview.
13 Two well-known applications of the equally-weighted index are Solon (1992) and Ashenfelter and Krueger (1994). The
former uses income averaged over an increasing number of years to proxy for permanent income and the latter considers
averaging reports of individual education obtained by a respondent and their twin.
14 To be clear, the weights are fixed ex ante, so a leverage point in one variable cannot distort the weighting scheme, unlike
PCA where the weights are data-driven. Of course, extreme 𝑧 𝑗 values still affect the index linearly, so the robustness claim
pertains only to the choice of weights, not in the score itself.
15 A search on Google scholar for “‘mean 𝑧-score’ AND ‘index’ AND ‘regression’” produces more than 6,400 hits. Accessed
on 01 April 2025.
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where 𝜆 𝑗 = 1/𝐽𝜎𝑗 and 𝜁 is a constant equal to −∑
𝑗 𝜆 𝑗 𝑧 𝑗 . Thus, the mean 𝑧-score index is a linear

combination of the indicators with weights that are decreasing in the variance of 𝑧 𝑗 and are not constrained
to sum to one.

In the classical setting and analogous to plim
[
𝛽PCA

]
, one can apply Equation (7) to obtain the

probability limit of the OLS estimator 𝛽𝑧:

plim
[
𝛽𝑧

]
= 𝛽

1 −
1 +

(
1 − 2

∑
𝑗 𝜆 𝑗

)
𝜌𝑧

1 − 𝑅2
𝑥PCA,w

 , (15)

where 𝜌𝑧 ≔ Var (𝑥∗) /Var (𝑥𝑧). As with PCA, the mean 𝑧-score index does not use the normalization that
the weights sum to unity.16 Moreover, the effect of 𝜁 in 𝑥𝑧 vanishes as 𝑁 → ∞, implying that the behavior
of 𝛽𝑧 is identical to 𝛽PCA except with different weights. Specifically, 𝛽𝑧 does not necessarily suffer from
attenuation bias even in the presence of classical measurement error in the individual indicators. It suffers
from expansion bias if

∑
𝑗 𝜆 𝑗 > (1 − 𝜌𝑧) /2𝜌𝑧 , which is guaranteed to be the case if 𝜌𝑧 = 1. As the

reliability ratio goes to zero, 𝛽𝑧 will suffer from attenuation bias and may even flip the sign. In addition,
𝛽𝑧 is consistent only if the numerator in Equation (15) is zero, which requires that 𝜌𝑧 = 1/

(
2
∑

𝑗 𝜆 𝑗 − 1
)
.

In the two-indicator example (Section 3.2), the weights on the raw variables using this approach would
correspond to 𝜆1 ≈ 0.41 and 𝜆2 ≈ 0.22, yielding a reliability ratio of 𝜌𝑧 ≈ 0.59.

Partial Least Squares. Partial least squares (PLS) offers a “supervised” route to dimensionality reduc-
tion that remains rare in economics but is well established elsewhere. Developed by Wold in the 1960s
(see, e.g., Wold 1982), PLS is now widely used in chemistry, psychometrics, and the life sciences.17 Like
principal component analysis, PLS constructs orthogonal linear combinations of the observed variables
z = (𝑧1, 𝑧2, . . . , 𝑧𝐽 ). Unlike PCA, however, it is supervised: the response variable 𝑦 explicitly guides
the choice of weights. Formally, the first PLS component 𝑥PLS =

∑
𝑗 𝑣 𝑗 𝑧 𝑗 is obtained by selecting the

unit-length vector v that maximizes Cov
(
𝑥PLS, 𝑦

)
. PCA, by contrast, ignores 𝑦 and instead maximizes

Var
(
𝑥PCA)

. Subsequent PLS components are derived by (i) deflating both 𝑦 and each 𝑧 𝑗 with respect
to the preceding component and (ii) repeating the same covariance-maximization step on the resulting
residuals. This recursive orthogonal-scores algorithm yields indices that are mutually uncorrelated and
jointly maximize the explained covariance with 𝑦, which is arguably better in prediction problems (e.g.,
Geladi and Kowalski 1986).

Operationally, the first PLS component is obtained by solving

vPLS = arg max
| |v | |=1

Cov (v′z, 𝑦) . (16)

When the predictors are standardized beforehand, the problem is equivalent to maximizing the correlation
between 𝑥PLS = vPLS′z and 𝑦, ensuring scale invariance without additional constraints. With standardized

16 In fact, conditional on the sum of the mean 𝑧-score weights, the mean 𝑧-score index is suboptimal. In other words, if one
were to choose weights constrained to sum to the same total to maximize the reliability ratio, the solution is not the weights
used by the index.
17 A search on Google scholar for “‘partial least squares’ AND ‘index’ AND ‘regression’” produces more than 153,000 hits;
17,600 since 2024. Accessed on 16 April 2025.
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z, the solution has a closed-form expression:

𝑣PLS
𝑗 =

Cov
(
𝑧 𝑗 , 𝑦

)√︃∑𝐽
𝑘=1 Cov (𝑧𝑘 , 𝑦)2

, 𝑗 = 1, 2, . . . , 𝐽. (17)

Hence PLS weights are proportional to the covariances (not variances) of the individual indicators with the
outcome. This distinction matters when the 𝑧 𝑗 are noisy indicators for an unobserved construct 𝑥∗. Under
nondifferential measurement error—Pr

(
𝑧 𝑗 | 𝑥∗, 𝑦

)
= Pr

(
𝑧 𝑗 | 𝑥∗

)
—we have Cov

(
𝑧 𝑗 , 𝑦

)
= Cov (𝑥∗, 𝑦) for

every 𝑗 , so that all indicators receive identical weights after normalization. In expectation, PLS therefore
collapses to an equal-weights index up to scale, with the only difference being that PLS enforces a
unit-length constraint (| |v| | = 1) whereas the equal-weights index imposes

∑
𝑗 𝑣 𝑗 = 1, although this

symmetry may break in finite samples.
Although data-adaptive, the PLS weights are not generally proportional to the inverse measurement-

error variances and thus do not coincide with the optimal weights derived in Section 2.2. As a result, the
probability limit of the OLS estimator that uses 𝑥PLS as a regressor equals that in Equation (13), with the
PCA weights and reliability factor replaced by their PLS counterparts, and therefore, subject to the same
complex bias properties if

∑
𝑗 𝑣

PLS
𝑗

≠ 1.

Exploratory Factor Analysis. Exploratory factor analysis (EFA) is the third approach consider for
dimensionality reduction. Dijkstra (2010) contends that factor models are the most commonly used
method in the social sciences. EFA proceeds by identifying the shared variance shared among the
indicators and attributing it to a parsimonious set of common factors. Unlike PCA or PLS, there is
no single closed-form “weight vector”—different extraction methods (e.g., principal-axis, maximum
likelihood, or alpha factoring) yield different estimates of the weights. However, a general insight holds:
indicators with larger unique variances (i.e., more noise) receive smaller loadings. Equivalently, under
classical measurement error, the implied weight is proportional to its signal-to-noise ratio, in contrast
to PCA, which uses only the total variance. If the disturbances are correlated, some of that spurious
covariance will be absorbed into the factors, so EFA can likewise be biased by measurement-error
correlations. PCA suffers when error variances are large; EFA suffers when error correlations are
nonzero. PLS is similar to EFA in its focus on common variance except PLS incorporates the outcome
into the factor extraction process. In line with PCA and PLS, we focus only only the first factor.

4.2 Foregoing Index Creation in Regression (Lubotsky–Wittenberg Method)

Despite the reliance of PCA, the mean 𝑧-score index, and the equal index on sub-optimal weights and
the fact that the optimal weights are unknown to the researcher, it is nonetheless possible to obtain an
estimate, 𝛽★, based on the optimal weights. As Lubotsky and Wittenberg (2006) show, OLS estimation
of

𝑦 = 𝛼 +
∑︁
𝑗

𝛽 𝑗 𝑧 𝑗 + w′𝜸 + 𝜀 (18)
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produces an estimate 𝛽LW ≔
∑

𝑗 𝛽 𝑗 that is identical to the OLS estimate from the infeasible regression

𝑦 = 𝛼 + 𝛽𝑥★ + w′𝜸 + 𝜀 (19)

where 𝑥★ =
∑

𝑗 𝜆
★
𝑗
𝑧 𝑗 is the optimal index.

In the case of two indicators, for example, the model is

𝑦 = 𝛼 + 𝛽1𝑧1 + 𝛽2𝑧2 + w′𝜸 + 𝜀. (20)

Under the assumption that 𝑧1 and 𝑧2 are both measures of the same 𝑥∗ (the classical measurement-error
setting), Lubotsky and Wittenberg (2006) show that the OLS estimates 𝛽OLS

1 and 𝛽OLS
2 have a particular

interpretation: the sum 𝛽OLS
1 + 𝛽OLS

2 is algebraically identical to the estimate 𝛽OLS obtained from
regression 𝑦 on 𝑥★ = 𝜆★1 𝑧1 + 𝜆

★
2 𝑧2. In other words, by including multiple indicators, OLS automatically

finds the best linear combination (in terms of minimizing bias) and estimates 𝛽 accordingly.
This remarkable result, which generalizes to 𝐽 manifest variables and correlation among the mea-

surement errors 𝑢 𝑗 , suggests that one need not actually compute an index at all: one can run a regression
with all indicators and then report the sum of their coefficients as the estimated effect of the latent factor.
This procedure effectively achieves what PCA and other aggregation schemes such as the mean 𝑧-score
index and the equal index fail to do: it optimally weights the manifest variables by their informativeness
in explaining 𝑦. Importantly, it does so without requiring the researcher to know the indicators’ noise
variances a priori. The OLS estimation uses sample correlations to implicitly determine the weight-
ing. Intuitively, the regression will automatically assign weights to each indicator via their estimated
coefficients in proportion to the signal each indicator contains about the latent factor.

To the extent that one’s goal is estimating 𝛽, this multi-indicator regression approach is an extremely
attractive solution when feasible. It is simple to implement and does not require additional instruments,
complex models, or ad hoc aggregation schemes. It also uses all available information: no potentially
useful indicator is discarded or down-weighted arbitrarily. Furthermore, classical measurement-error
analysis indicates that including more indicators increases the signal-to-noise ratio. In fact, if one had
a large number of independent indicators, including them all would make the combined estimate of 𝛽
approach the true 𝛽 (i.e., the attenuation bias vanishes as 𝐽 → ∞). This result has seemingly gone
unnoticed by applied researchers despite Lubotsky and Wittenberg (2006, p. 549) warning that the
prevailing practice of creating summary measures such as PCA is “generally ad hoc and hardly ever
optimal”.18

4.3 Optimal Index Construction via Nonlinear Regression (Yang–Jia–Li Method)

A straightforward extension to the Lubotsky and Wittenberg (2006) approach follows from Yang, Jia,
and Li (2023). In Yang, Jia, and Li (2023), the authors consider the problem of aggregating from high
frequency data to a lower frequency. For example, one may wish to aggregate monthly unemployment
rates to the annual unemployment rate. While this issue stems from a mismatch between the frequency
of the observed data and the researcher’s desired, unobserved frequency rather than measurement error,

18 Lubotsky and Wittenberg (2006) has only 216 citations on Google Scholar as of 05 April 2025.
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the way to proceed is identical.
Substitution of the definition of 𝑥★ into Equation (19) and using the normalization that

∑
𝑗 𝜆 𝑗 = 1,

the estimating equation becomes

𝑦 = 𝛼 + 𝛽
∑︁
𝑗≠𝐽

𝜆 𝑗 𝑧 𝑗 + 𝛽
(
1 −

∑︁
𝑗≠𝐽

𝜆 𝑗

)
𝑧𝐽 + w′𝜸 + 𝜀. (21)

While this is nonlinear in the parameters {𝛼, 𝛽, 𝝀, 𝜸}, the parameters are identified under the usual
conditions and can be estimated using any nonlinear regression technique such as Generalized Method
of Moments (GMM), Nonlinear Least Squares (NLS), or maximum likelihood. In fact, the parameter
estimates are identical the Lubotsky and Wittenberg (2006) approach. However, the fact that the weights,
𝝀, are estimated along with 𝛼, 𝛽, and 𝜸, opens up two possibilities. First, the optimal index can be
generated after-the-fact if desired. Second, the optimal weights can be compared to the weights chosen
by PCA.

4.4 Instrumental Variables

As mentioned previously, it is well known that 𝛽 can be consistently estimated by IV using one or
more indicators to instrument for another indicator if the measurement errors are uncorrelated across
indicators; more efficient estimates can be obtained by combining multiple IV estimates (e.g., Andersson
and Møen 2016; Gillen, Snowberg, and Yariv 2019). However, this is often difficult to justify in practice,
particularly with bounded indicators (Black, Berger, and Scott 2000).19 If the independence assumption
is violated, the probability limit of the IV estimator is

plim 𝛽IV = 𝛽

[
Var (𝑥∗)

Var (𝑥∗) + Cov
(
𝑢 𝑗′ , 𝑢 𝑗

) ] . (22)

in the regression model with no other covariates.20 The IV estimate will suffer from attenuation bias if
Cov

(
𝑢 𝑗′ , 𝑢 𝑗

)
> 0 and expansion bias otherwise. However, even if IV is consistent, it does not necessarily

dominate the optimal index approach of Lubotsky and Wittenberg (2006) or Yang, Jia, and Li (2023)
in terms of mean squared error, particularly if the correlation between the indicators is weak or in
the presence of high leverage observations and clustered and heteroskedastic errors, due to the relative
imprecision of the IV estimator (e.g., Young 2022).

When the indicators are correlated and ‘traditional’ IV using one or more indicators to instrument for a
different indicator is inconsistent, it is not well known that several empirical methods have been developed
recently to address situations with invalid (so-called ‘imperfect’) instruments. Examples include Conley,
Hansen, and Rossi (2012), Kippersluis and Rietveld (2018), and Chalak and Kim (2024), where the
instrument is allowed to directly enter the structural model for 𝑦 and Nevo and Rosen (2012), where the
instrument is allowed to be correlated with the error in the structural model. Alternatively, one may

19 In a canonical example, Ashenfelter and Krueger (1994) consider this issue in the context of using a twin’s report of their
sibling’s education as an instrument the sibling’s self-reported education.
20 In a multiple regression, Equation (22) still holds but with 𝑥∗, 𝑢 𝑗 , and 𝑢 𝑗′ replaced with their residuals after removing w
following the Frisch-Waugh-Lovell theorem.
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exploit higher moments of the index for identification as in Klein and Vella (2010), Lewbel (2012),
and Lewbel, Schennach, and Zhang (2024). Rather than focusing on estimation, Kim and Wilhelm
(2024) concentrate on inference and propose a more powerful 𝑡-test to test the null that 𝛽 equals zero in
the situation with two indicators with correlated measurement errors. The procedure searches over all
linear combinations to include as the index and all other linear combinations to use as the instrument.
Finally, other papers such as Ashley and Parmeter (2015), Kiviet (2016), Kiviet (2020), Kripfganz and
Kiviet (2021), and Kiviet (2023) assess what can be learned from the OLS estimates in the presence of
endogeneity and no valid instruments. For brevity, we do not examine these approaches here as there is
nothing unique about their performance in the current situation.

5 Alternative Approaches When the Index is a Nuisance Function

In situations where the effect of the index, 𝛽, is not of interest, but rather the focus is on 𝛾, then the
unknown index, 𝑔(z), is a nuisance function and 𝛽 is a nuisance parameter. In this case, we consider
three estimators to remove or control for the index. To proceed, we re-write Equation (1) as

𝑦 = 𝛼 + 𝑔(z) + w′𝜸 + 𝜀. (23)

Our first estimator approximates the unknown 𝑔(z) using a series approach and then estimates the model
using Lasso. This is similar to Ash, Galletta, and Giommoni (2025) who use other machine learning
methods to predict and create an index of corruption. Here, the Lasso estimator minimizes the objective
function given by

min
𝛼,𝜸,𝜿

∑︁
𝑖

𝜀2
𝑖 + 𝜓 | |𝜿 | |, (24)

where 𝜓 is a tuning parameter and 𝜅 are coefficients in the series approximation given by

𝑔(z) ≈ ..z′𝜿 (25)

and
..z is a vector containing a 𝑝th-order polynomial in the elements of z. In practice, we set 𝑝 = 3 and

choose 𝜓 via 𝐾−fold cross validation with 𝐾 = 5.
Our second and third estimators build on the logic of matching estimators. Specifically, if for each

observation 𝑖 we can find another observation 𝑗 with identical z, then differencing the observations
removes the nuisance function, 𝑔(z) from the estimating equation. Formally,

𝑦𝑖 − 𝑦 𝑗 = (w𝑖 − w 𝑗)′𝜸 + 𝜀𝑖 − 𝜀 𝑗 . (26)

As with matching in other contexts, if z is high dimensional and/or includes continuous covariate(s), then
exact matching is not feasible. While there are many ways to implement inexact matching (or coarsened
exact matching), we compute the distance between z𝑖 and z 𝑗 using the Mahalanobis metric. We then
find the 𝑀 closest matches and subtract the average of these matches. Denote the set of matches for
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observation 𝑖 as M𝑖 . Thus, our second estimator uses OLS to estimate

𝑦𝑖 − 𝑦̃𝑖 = (w𝑖 − w̃𝑖)′𝜸 + 𝜀𝑖 − 𝜀̃𝑖 . (27)

where 𝑞𝑖 ≔ (1/#M𝑖)
∑

𝑗∈M𝑖
𝑞 𝑗 for 𝑞 = {𝑦,w, 𝜀}. Our third estimator combines matching with regres-

sion adjustment to remove residual differences in z that remain due to the inexactness of the matching.
We use Lasso to estimate

𝑦𝑖 − 𝑦̃𝑖 =
..z′𝑖𝜿1 +

..

z̃
′
𝑖𝜿2 + (w𝑖 − w̃𝑖)′𝜸 + 𝜀𝑖 − 𝜀̃𝑖 , (28)

where 𝜿1 and 𝜿2 are penalized. In practice, we set 𝑀 = 10 and continue to set 𝑝 = 3.
When the data-generating process is the formative indicators model in Figure 1 and the full set of

indicators is known, then all three estimators should perform well in terms of estimating 𝜸 as the Lasso
and/or matching precludes the need to specify the functional form of the index. Under the reflective
indicators model, or the formative indicators model where not all indicators are observed, then the
estimates of 𝜸 will likely be severely biased.

6 Simulation-Based Comparison

The simulation is designed to mimic a common scenario: an unobserved variable 𝑥∗ influences an
outcome 𝑦, and researchers have multiple indicators for 𝑥∗. We will examine how different index
construction strategies fare in estimating the effect of both 𝑥∗ and w on 𝑦. We specify the true 𝛽 and 𝜸

and measure bias, variance, and mean squared error of each estimator across many repeated samples.

6.1 Simulation Design

We assess five experimental designs, each nested in the following data-generating process (DGP):

𝑦𝑖 = 𝛼 + 𝛽𝑥∗𝑖 + 𝛾𝑤𝑖 + 𝜀𝑖 , 𝑖 = 1, 2, . . . , 𝑁; (29)

𝑧 𝑗𝑖 = 𝜔 𝑗𝑥
∗
𝑗𝑖 + 𝑢 𝑗𝑖 , 𝑗 = 1, 2, . . . , 𝐽. (30)

which is very similar to that used in Andersson and Møen (2016). Across all experiments, we set 𝛼 = 0,
𝛽 = 1, and 𝑁 = 10, 000 and draw 𝑥∗, 𝑤

iid∼ N2 (0, 0, 1, 1, 0.5) and 𝑧1, ..., 𝑧𝐽
iid∼ N𝐽 (0, Σ𝑢), where N𝑘

is a 𝑘-dimensional multivariate normal distribution. We iterate these data generation and estimation
processes for 1,000 repetitions to obtain the sampling distribution of each considered estimator. Our
evaluation focuses on the estimated slope coefficient(s) and hinges on three criteria: (1) the mean bias,
(2) the root mean squared error (RMSE) of the estimator, serving as a measure of its overall accuracy
and efficiency, and (3) the empirical coverage probability of the nominal 95% confidence interval(s).

We compare the performance of several estimators: (1) OLS using the true latent variable 𝑥∗ as
a benchmark, (2) OLS including each indicator individually in the regression, (3) OLS including an
index obtained using the first principal component derived from the 𝐽 indicators after standardization,
(4) OLS including an equally-weighted average of the indicators in their original form (equally-weighted

18



index) and standardized versions (mean 𝑧-score index), (5) OLS including an index obtained using the
first component from partial least squares derived from the 𝐽 indicators after standardization, (6) OLS
including an index obtained using the first factor score from three different exploratory factor analysis
techniques derived from the 𝐽 indicators after standardization, (7) OLS including all 𝐽 indicators as
covariates and summing the coefficients (Lubotsky and Wittenberg (2006) approach), (8) GMM including
all 𝐽 indicators as covariates and estimating the optimal index weights—where the weights are restricted
to sum to unity but may or may not be restricted to the unit interval—along with the slope coefficient(s)
(Yang, Jia, and Li (2023) approach), and (9) IV (estimated via two-stage least squares or 2SLS) using each
combination of 𝐽 − 1 indicators to instrument for the remaining indicator.21 In addition, we record and
graph the PCA, PLS, and EFA loadings and GMM optimal index weights across simulation replications
to assess how differently these methods combine the indictors to approximate 𝑥∗.

The five experimental designs are as follows.

• Scenario 1: 𝛾 = 0, 𝐽 = 3, 𝜆 𝑗 = 1 ∀ 𝑗 , and the covariance matrix for the measurement errors is
given by

𝚺𝑢,1 =


0.4 0.0 0.0
0.0 1.0 0.0
0.0 0.0 4.0

 .
Here, each manifest variable 𝑧 𝑗 is a noisy indicator of the latent variable 𝑥∗ with different noise
levels. These values correspond to indicators with reliability ratio 𝜌 𝑗 = Var (𝑥∗) /Var

(
𝑧 𝑗

)
of

approximately 0.70, 0.50, and 0.20, respectively. Indicator 1, 𝑧1, is high-quality; 𝑧2 is medium-
quality; and the last indicator, 𝑧3, is quite noisy. This spread reflects a situation where one indicator
is fairly closely tied to the latent concept while others are very noisy. We include no other covariates
w in this simulation for simplicity, focusing on estimating 𝛽.

• Scenario 2: 𝛾 = 0.5, 𝐽 = 3, 𝜆 𝑗 = 1 ∀ 𝑗 , and the covariance matrix for the measurement errors is
given by

𝚺𝑢,2 =


0.4 0.3 0.2
0.3 1.0 0.4
0.2 0.4 4.0

 .
Here, the measurement errors are correlated. We also include a second covariate, 𝑤, that is
observed and has a correlation of 0.5 with 𝑥∗. For example, Radatz and Baten (2025) explores
the impact of an index of inequality, which is a weighted average of Gini coefficients for income,
height, and land, on civil conflict. The authors also control for other factors such as an index for
institutional quality and ethnic fractionalization, among others.

• Scenario 3: 𝛾 = 0.5, 𝐽 = 3, 𝜆 𝑗 = 1 ∀ 𝑗 , and the covariance matrix for the measurement errors is
given by

𝚺𝑢,3 =


0.0 0.0 0.0
0.0 1.0 0.4
0.0 0.4 4.0

 .
21 Simulations are performed in Stata 18 using pca, pls, factor, regress, gmm, and ivregress 2sls.
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Here, the first indicator is perfect in the sense that it is measured without error (i.e., 𝑧1 = 𝑥∗), while
the remaining indicators continue to be noisy with correlated measurement errors. We assume
the researcher does not know this ex ante. This scenario allows us to investigate how the various
estimation methods behave in the (unknown) presence of a perfect indicator.

• Scenario 4: 𝛾 = 0.5, 𝐽 = 3, 𝜆1 = 1, 𝜆2 ∈ {1.5, 5, 10}, 𝜆3 = 0.5, and the covariance matrix
for the measurement errors is given by 𝚺𝑢,2. Here, the second and third indicators are of a
different scale than the latent 𝑥∗. For example, Montero and Yang (2022) form an index of
municipality-level development where indicators are measured in people (population), currency
(income), years (education), and percentages (e.g., employment rate). Akee et al. (2018) construct
an index of ‘agreeableness’ where indicators are counts (e.g., number of arguments), binary
indicators (e.g., cruelty to animals), among others. Maccini and Yang (2009) constructs an asset
index where one indicator is in currency (asset values) and others are binary indicators (e.g., own a
television). In addition to the estimators listed previously, we also consider an alternative estimator
proposed in Lubotsky and Wittenberg (2006) where 𝛽 is the weighted sum of the OLS coefficients
on the individual indicators, where the weight on 𝑧1 is one and the weight on 𝑧 𝑗 , 𝑗 = 2, 3, is
Cov

(
𝑧 𝑗 , 𝑦

)
/Cov (𝑧1, 𝑦).

• Scenario 5: 𝛾 = 0.5, 𝐽 ∈ {3, 5, 10, 15, 20, 30, 40, 50}, and the indicators are generated as

𝑧 𝑗𝑖 = 𝑥
∗
𝑖 + 0.5𝜂 (1)

𝑖
+ 𝐽

3
𝜂
(2)
𝑗𝑖
,

where 𝜂 (1) , 𝜂 (2)1 , ..., 𝜂
(2)
𝐽

iid∼ N(0, 1). Thus, the measurement error is correlated across all indicators
and the additional indicators are increasingly noisy. This scenario allows us to investigate how in-
corporating additional indicators containing little signal influences the different estimators. For ex-
ample, Blattman, Fiala, and Martinez (2013) construct an index of individual income/consumption
using 70 indicators and Montero and Yang (2022) form an index of municipality-level development
based on 35 indicators. Stoetzer, Zhou, and Steenbergen (2025) finds that efficiency of there latent
average treatment effect estimator improves as the number of reliable indicators increases. We do
not apply all estimators in this scenario for simplicity. We focus on the benchmark case, PCA, the
equally-weighted index, the mean 𝑧-score index, and GMM without restricting the weights to be
in the unit interval.

The preceding designs model the indicators, 𝑧 𝑗 , 𝑗 = 1, ..., 𝐽 as error-ridden indicators for the latent
construct, 𝑥∗. This takes the latent construct as fixed and expresses the indicators as functions of the
construct. This presupposes a particular way of conceptualizing the relationship between the indicators
and the latent construct, where the arrows in a causal graph go from the latent construct to the indicators.
Stoetzer, Zhou, and Steenbergen (2025) refer to this set up as a reflective indicators model as the
indicators reflect the latent construct. This conceptualization may be especially unfavorable to PCA.
As an alternative, referred to as a formative indicators model, the indicators are inputs into the latent
construct. Here, the arrows in a causal graph go from the indicators to the latent construct. For example,
the 𝑧’s may represent various aspects of individual health and 𝑥∗ is latent aggregate of these indicators.
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Or, the 𝑧’s may capture particular dimensions of freedom (e.g., speech, press, elections, etc.) and 𝑥∗

is the latent aggregate representing overall freedom. From this perspective, 𝑥∗ is still latent due to not
observing all inputs and not knowing the ‘true’ aggregation scheme. Nonetheless, the 𝑧’s are not viewed
as being error-laden. PCA may fare better in this setup since maximizing the variation in 𝑥 may lead to
a less flawed econometric specification.

To proceed, we assess an additional experimental design according to the following DGP.

• Scenario 6:

𝑦𝑖 = 𝛼 + 𝛽𝑥∗𝑖 + 𝛾𝑤𝑖 + 𝜀𝑖 , 𝑖 = 1, 2, . . . , 𝑁 (31)

𝑤𝑖 = 𝑐𝑖 + 𝑢𝑤𝑖 (32)

𝑧 𝑗𝑖 = 𝑐𝑖 + 𝑢 𝑗𝑖 , 𝑗 = 1, 2, . . . ,J (33)

𝑥∗ =

J∑︁
𝑗=1
𝛿∗𝑗 𝑧

∗
𝑗 (34)

where 𝑐, 𝑢𝑤 , 𝑢 𝑗
iid∼ N(0, 1), 𝛿 𝑗 iid∼ U[0, 1], 𝛿∗

𝑗
= 𝛿 𝑗/

∑J
𝑗′=1 𝛿 𝑗′ , and 𝑧∗

𝑗
is the standardized version

of 𝑧. This design allows for correlation between 𝑤 and 𝑥∗ and for 𝑥∗ to be a weighted average
of the full set of J indicators, 𝑧 𝑗 , where the weights sum to one but are randomized so that the
importance of the individual indicators varies. We assume that the researcher only observes the
first 𝐽 < J indicators. We set 𝐽 = 3 and consider J ∈ {5, 20}. When J = 5 (20), the majority
of the indicators is (is not) observed by the researcher.

6.2 Simulation Results

Table 1 reports the performance of various estimators under the baseline scenario of uncorrelated
measurement errors, with the methods sorted in order of increasing RMSE. As expected, using the true
latent variable, 𝑥∗, recovers the true parameter 𝛽 = 1 without bias (RMSE = 0.010), thereby serving as
a benchmark for the other methods.

The instrumental variables (IV) estimators—implemented with three different instrument sets (using
(𝑧2, 𝑧3) as instruments for 𝑧1, (𝑧1, 𝑧2) for 𝑧3, and (𝑧1, 𝑧3) for 𝑧2)—yield average estimates that are
essentially unbiased (ranging from 0.999 to 1.000) with excellent coverage probabilities (approximately
94–96%). This unbiasedness, however, comes at the cost of slightly increased dispersion (RMSE values
ranging from 0.016 to 0.025), reflecting the common bias–efficiency tradeoff observed in IV estimation.

Using the mean 𝑧-score index produces an average estimate of 1.073, reflecting an upward bias of
approximately 7.3%. Its RMSE is correspondingly increased to 0.074. In the multi-indicator regression
(the Lubotsky and Wittenberg (2006) approach), which aggregates information from all indicators
directly, the average estimate is 0.781, corresponding to an attenuation bias of approximately 22%,
with an RMSE of 0.219. The coverage coverage probabilities indicate that the confidence intervals
substantially underestimate true parameter uncertainty.

Using individual indicators separately reveals even more pronounced discrepancies. The best-
performing single indicator (𝑧1) yields an average estimate of 0.699, a 30% attenuation bias, and an
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Table 1
Scenario 1: All Indicators Noisy with Uncorrelated Errors

Method 𝛽 Bias Coverage 𝜎
𝛽

RMSE

True 𝑥∗ 1.000 0.000 0.937 0.010 0.010
Factor Index 3 0.999 −0.001 0.920 0.014 0.014
IV (𝑧2, 𝑧3 → 𝑧1) 0.999 −0.001 0.938 0.016 0.016
IV (𝑧1, 𝑧3 → 𝑧2) 1.000 0.000 0.956 0.017 0.017
IV (𝑧1, 𝑧2 → 𝑧3) 0.999 −0.001 0.954 0.025 0.025
Mean 𝑧-Score Index 1.074 0.074 0.001 0.015 0.075
Factor Index 1 1.087 0.087 0.000 0.015 0.088
PLS Index 0.874 −0.126 0.000 0.013 0.127
Factor Index 2 0.859 −0.141 0.000 0.013 0.141
GMM 0.789 −0.211 0.000 0.010 0.211
All Indicators 0.789 −0.211 0.000 0.010 0.211
Single Indicator 𝑧1 0.714 −0.286 0.000 0.010 0.286
PCA Index 0.628 −0.372 0.000 0.009 0.372
Equal-weight Index 0.625 −0.375 0.000 0.009 0.375
Single Indicator 𝑧2 0.499 −0.501 0.000 0.009 0.501
Single Indicator 𝑧3 0.200 −0.800 0.000 0.006 0.800

Notes.—The table presents the performance of various estimation methods for 𝛽 in the
model 𝑦 = 𝛼 + 𝛽𝑥∗ + 𝜀, where 𝑥∗ is unobserved. Data were simulated with 10,000
observations and 1,000 repetitions. Three indicators (𝑧1, 𝑧2, and 𝑧3) for 𝑥∗ were
generated with uncorrelated errors. The true value of 𝛽 is 1, and 𝛼 = 0. The table shows
the average estimated 𝛽 (𝛽), bias, coverage probability of 95% confidence intervals
(Coverage), standard deviation of 𝛽 (𝜎

𝛽
), and root mean squared error (RMSE) for each

method. The IV rows report 2SLS estimates using two indicators as instruments for
the third. The GMM row uses all three indicators in a generalized method of moments
framework. Indices (PCA, PLS, equal-weight, and mean 𝑧-score) combine all indicators.
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RMSE of 0.301. This performance is identical to that of the generalized method of moments (GMM)
estimator (also 0.781, bias = −0.219, RMSE = 0.219). The remaining indicators exhibit considerably
worse performance: 𝑧2 produces an estimate of 0.499 (a 50% bias), while the poorest indicator, 𝑧3,
achieves an estimate of merely 0.200 (an 80% bias). These outcomes align with their respective
reliability levels by construction. The PCA and equal-weight indices yield average estimates of 0.627
and 0.623, respectively, both reflecting biases exceeding 37%, underscoring that standard dimension-
reduction methods such as PCA do not optimally utilize indicator information when some indicators are
highly noisy.

In this baseline scenario with uncorrelated measurement errors, our simulation results reinforce the
well-known attenuation bias inherent in using imperfect indicators. While IV methods demonstrate
robustness in recovering the true effect of 𝑥∗ on 𝑦, alternative approaches—including the mean 𝑧-score
index, multi-indicator regression, GMM, single-indicator regressions, and conventional indices—display
biases (often substantial) and significant inaccuracies in coverage probabilities, further emphasizing the
importance of careful methodological selection in empirical analyses involving latent constructs.

Tables 2 and 6 present detailed results from the simulation exercises aimed at evaluating the perfor-
mance of several estimation strategies when indicators for a latent variable are available but measured
with error. To reiterate, in our simulation framework, we specify the true model parameters as 𝛽 = 1,
𝛾 = 0.5, and 𝛼 = 0. We generate synthetic datasets of 10,000 observations and repeat the simulation
1,000 times to obtain robust empirical sampling distributions for each estimator.

Table 2 summarizes outcomes under Scenario 1, where all three indicators are noisy indicators of
the latent construct, with correlated measurement errors. This scenario reflects a realistic challenge
often encountered in applied econometric analysis. Across all evaluated estimation methods, we observe
significant bias in estimates of 𝛽 and all but the true 𝑥∗ have a non-zero coverage probability. This
underscores the inherent difficulty in consistently estimating regression parameters when no available
indicator perfectly measures the latent construct. Specifically, methods such as the equal-weight index
and PCA index produce notable attenuation biases (−0.516 and −0.506, respectively), highlighting a
fundamental limitation of these common approaches: their reliance on maximizing explained variance
rather than explicitly minimizing measurement error.

Instrumental-variable (IV) approaches, which attempt to leverage relationships between indicators
strategically, still demonstrate substantial biases (ranging from approximately −0.27 to −0.29). These
IV estimates, while somewhat improved compared to simpler indices, nonetheless reveal persistent
difficulties in achieving unbiased estimation in the presence of correlated measurement errors. Similarly,
the generalized method of moments (GMM) approach and the Lubotsky and Wittenberg (2006) strategy of
including all indicators directly in regression—numerically equivalent in this case—also yield significant
attenuation bias, around −0.336. While these two estimators are insufficient to address the measurement
problem, they are demonstrably superior to using the PCA index. Among individual indicators examined
separately, even the best-performing indicator (𝑧1) still exhibits considerable attenuation bias (−0.347),
while the noisiest indicator (𝑧3) yields severe attenuation bias (−0.842).

In contrast, Table 6 presents results under Scenario 2, where the first indicator (𝑧1) is perfectly mea-
sured without error, although researchers typically lack prior knowledge of this advantageous property.
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In this scenario, methods explicitly designed to recognize or implicitly accommodate the presence of an
error-free indicator deliver dramatically improved performance. Estimation strategies using the perfect
indicator either alone or jointly with additional indicators achieve virtually unbiased estimates, with
estimated coefficients consistently close to their true values and coverage probabilities approximating the
nominal 95% confidence level. Notably, GMM and IV approaches excel in this scenario, demonstrating
their capability to automatically assign greater weight to the high-quality indicator, yielding essentially
unbiased estimates (𝛽 very close to 1) and reliably high coverage rates.

However, even under this favorable scenario, indices based on equal weighting or PCA continue to
produce significant biases (−0.462 and −0.432, respectively), revealing their structural limitations. Such
methods, inherently designed to maximize variance rather than minimize measurement error, cannot
distinguish between high- and low-quality indicators, leading to systematic misweighting and biased
parameter estimates.

(Add graphs.)
Taken together, these detailed simulation findings emphasize the critical risks inherent in using

PCA and other simple composite indices in regression analyses involving latent constructs. Across all
simulations, the findings align with the analytical expectations that using the PCA index will consistently
underestimate the relationship between the latent variable and the outcome of interest, often substantially.
Our analysis strongly supports the adoption of estimation techniques explicitly constructed to manage
measurement error, such as instrumental variables and GMM-based weighting schemes, as these methods
consistently outperform simpler indexing approaches. Consequently, we recommend that empirical
researchers exercise considerable caution when constructing composite indices from indicators and
strongly advocate the selection of estimation methods that are explicitly structured to address and
mitigate measurement errors to enhance the reliability and validity of inference and subsequent policy
implications.

(Scenario 4.)
(Scenario 5.)

25



Ta
bl

e
3

Sc
en

ar
io

3:
O

ne
In

di
ca

to
r

is
Pe

rf
ec

t;
R

em
ai

ni
ng

In
di

ca
to

rs
ar

e
N

oi
sy

M
et

ho
d

𝛽
B

ia
s(
𝛽
)

C
ov

er
ag

e
(𝛽

)
𝛾̂

B
ia

s(
𝛾

)
C

ov
er

ag
e

(𝛾
)

𝜎
𝛽

𝜎
𝛾

R
M

SE
(𝛽

)
R

M
SE

(𝛾
)

Tr
ue
𝑥
∗

1.
00

0
0.

00
0

0.
95

5
0.

50
0

0.
00

0
0.

94
8

0.
01

1
0.

01
2

0.
01

1
0.

01
2

Si
ng

le
In

di
ca

to
r𝑧

1
1.

00
0

0.
00

0
0.

95
5

0.
50

0
0.

00
0

0.
94

8
0.

01
1

0.
01

2
0.

01
1

0.
01

2
A

ll
In

di
ca

to
rs

1.
00

0
0.

00
0

0.
95

5
0.

50
0

0.
00

0
0.

94
9

0.
01

1
0.

01
2

0.
01

1
0.

01
2

G
M

M
1.

00
0

0.
00

0
0.

95
4

0.
50

0
0.

00
0

0.
94

8
0.

01
1

0.
01

2
0.

01
1

0.
01

2
G

M
M

,[
0,

1]
w

ei
gh

ts
0.

99
9

−0
.0

01
0.

95
5

0.
50

0
0.

00
0

0.
95

3
0.

01
2

0.
01

2
0.

01
2

0.
01

2
Fa

ct
or

In
de

x
1

0.
99

8
−0
.0

02
0.

00
0

0.
60

6
0.

10
6

0.
00

0
0.

01
5

0.
01

3
0.

01
5

0.
10

7
IV

(𝑧
2,
𝑧 3

→
𝑧 1

)
0.

99
9

−0
.0

01
0.

93
9

0.
50

0
0.

00
0

0.
94

7
0.

01
8

0.
01

4
0.

01
8

0.
01

4
M

ea
n
𝑧-

sc
or

e
In

de
x

0.
96

3
−0
.0

37
0.

30
3

0.
65

4
0.

15
4

0.
00

0
0.

01
5

0.
01

3
0.

04
0

0.
15

5
Fa

ct
or

In
de

x
3

0.
96

0
−0
.0

40
0.

00
0

0.
59

4
0.

09
4

0.
00

0
0.

01
8

0.
01

5
0.

04
4

0.
09

5
IV

(𝑧
1,
𝑧 3

→
𝑧 2

)
0.

94
9

−0
.0

51
0.

11
4

0.
52

5
0.

02
5

0.
63

2
0.

01
6

0.
01

7
0.

05
3

0.
03

0
PL

S
In

de
x

0.
88

2
−0
.1

18
0.

00
0

0.
59

2
0.

09
2

0.
00

0
0.

01
2

0.
01

2
0.

11
8

0.
09

3
IV

(𝑧
1,
𝑧 2

→
𝑧 3

)
0.

82
5

−0
.1

75
0.

00
0

0.
58

7
0.

08
7

0.
03

5
0.

02
2

0.
02

3
0.

17
6

0.
09

0
Fa

ct
or

In
de

x
2

0.
81

9
−0
.1

81
0.

00
0

0.
64

0
0.

14
0

0.
00

0
0.

01
3

0.
01

3
0.

18
2

0.
14

0
PC

A
In

de
x

0.
56

8
−0
.4

32
0.

00
0

0.
64

0
0.

14
0

0.
00

0
0.

00
9

0.
01

3
0.

43
2

0.
14

0
Eq

ua
l-w

ei
gh

tI
nd

ex
0.

53
8

−0
.4

62
0.

00
0

0.
73

1
0.

23
1

0.
00

0
0.

01
0

0.
01

3
0.

46
2

0.
23

1
Si

ng
le

In
di

ca
to

r𝑧
2

0.
42

9
−0
.5

71
0.

00
0

0.
78

6
0.

28
6

0.
00

0
0.

00
9

0.
01

3
0.

57
2

0.
28

6
Si

ng
le

In
di

ca
to

r𝑧
3

0.
15

8
−0
.8

42
0.

00
0

0.
92

1
0.

42
1

0.
00

0
0.

00
6

0.
01

4
0.

84
2

0.
42

1
N

ot
es

.—
Th

et
ab

le
pr

es
en

ts
th

ep
er

fo
rm

an
ce

of
va

rio
us

es
tim

at
io

n
m

et
ho

ds
fo

r𝛽
an

d
𝛾

in
th

em
od

el
𝑦
=
𝛼
+
𝛽
𝑥
∗
+
𝛾
𝑤
+
𝜀
,w

he
re
𝑥
∗

is
un

ob
se

rv
ed

.T
he

fir
st

in
di

ca
to

r𝑧
1

is
m

ea
su

re
d

w
ith

ou
te

rr
or

(𝑧
1
=
𝑥
∗

ex
ac

tly
),

w
hi

le
th

e
re

m
ai

ni
ng

in
di

ca
to

rs
(𝑧

2
an

d
𝑧 3

)a
re

no
is

y.
D

at
a

w
er

e
si

m
ul

at
ed

w
ith

10
,0

00
ob

se
rv

at
io

ns
an

d
1,

00
0

re
pe

tit
io

ns
.

Th
e

tru
e

va
lu

es
ar

e
𝛽
=

1,
𝛾
=

0.
5,

an
d
𝛼
=

0.
Th

e
ta

bl
e

sh
ow

s
th

e
av

er
ag

e
es

tim
at

ed
co

effi
ci

en
ts

,b
ia

s,
co

ve
ra

ge
pr

ob
ab

ili
ty

of
95

%
co

nfi
de

nc
e

in
te

rv
al

s,
sta

nd
ar

d
de

vi
at

io
n

of
th

e
es

tim
at

es
,a

nd
ro

ot
m

ea
n

sq
ua

re
d

er
ro

r(
R

M
SE

)f
or

ea
ch

pa
ra

m
et

er
an

d
m

et
ho

d.
Th

e
IV

ro
w

sr
ep

or
t2

SL
S

es
tim

at
es

us
in

g
tw

o
in

di
ca

to
rs

as
in

str
um

en
ts

fo
rt

he
th

ird
,a

nd
th

e
G

M
M

ro
w

sr
ep

or
te

sti
m

at
es

us
in

g
a

ge
ne

ra
liz

ed
m

et
ho

d
of

m
om

en
ts

fr
am

ew
or

k.
In

di
ce

s(
PC

A
,P

LS
,e

qu
al

-w
ei

gh
t,

an
d

m
ea

n
𝑧-

sc
or

e)
co

m
bi

ne
al

l
in

di
ca

to
rs

.

26



Table 4
Scenario 4: Three Indicators on Different Scales

Method 𝛽 Bias (𝛽) Coverage (𝛽) 𝛾̂ Bias (𝛾) Coverage (𝛾) 𝜎
𝛽

𝜎𝛾 RMSE (𝛽) RMSE (𝛾)

Panel A. 𝜆2 = 1.5
True 𝑥∗ 1.001 0.001 0.935 0.499 −0.001 0.946 0.012 0.012 0.012 0.012
Factor Index 1 0.874 −0.126 0.000 0.649 0.149 0.000 0.015 0.012 0.127 0.150
Mean 𝑧-score Index 0.872 −0.128 0.000 0.721 0.221 0.000 0.016 0.012 0.129 0.221
Factor Index 3 0.822 −0.178 0.000 0.657 0.157 0.000 0.017 0.013 0.179 0.158
PLS Index 0.794 −0.206 0.000 0.658 0.158 0.000 0.014 0.012 0.207 0.158
IV (𝑧1, 𝑧2 → 𝑧3) 1.205 0.205 0.000 0.698 0.198 0.000 0.044 0.028 0.210 0.200
IV (𝑧2, 𝑧3 → 𝑧1) 0.788 −0.212 0.000 0.605 0.105 0.000 0.013 0.013 0.212 0.106
Factor Index 2 0.761 −0.239 0.000 0.681 0.181 0.000 0.014 0.012 0.239 0.182
GMM: rho weighted 0.709 −0.291 0.000 0.645 0.145 0.000 0.012 0.012 0.291 0.145
Single Indicator 𝑧1 0.653 −0.347 0.000 0.673 0.173 0.000 0.011 0.012 0.348 0.173
GMM 0.594 −0.406 0.000 0.645 0.145 0.000 0.011 0.012 0.406 0.145
All Indicators 0.594 −0.406 0.000 0.645 0.145 0.000 0.011 0.012 0.406 0.145
PCA Index 0.536 −0.464 0.000 0.681 0.181 0.000 0.010 0.012 0.464 0.182
IV (𝑧1, 𝑧3 → 𝑧2) 0.522 −0.478 0.000 0.608 0.108 0.000 0.009 0.013 0.478 0.109
Equal-weight Index 0.484 −0.516 0.000 0.757 0.257 0.000 0.010 0.012 0.516 0.258
Single Indicator 𝑧2 0.419 −0.581 0.000 0.685 0.185 0.000 0.007 0.012 0.581 0.186
Single Indicator 𝑧3 0.090 −0.910 0.000 0.977 0.477 0.000 0.006 0.013 0.910 0.477

Panel B. 𝜆2 = 5
True 𝑥∗ 1.000 0.000 0.955 0.500 0.000 0.948 0.011 0.012 0.011 0.012
Mean 𝑧-score Index 0.967 −0.033 0.429 0.667 0.167 0.000 0.015 0.012 0.036 0.167
Factor Index 1 0.962 −0.038 0.000 0.576 0.076 0.000 0.014 0.012 0.040 0.077
GMM: rho weighted 0.952 −0.048 0.030 0.524 0.024 0.447 0.014 0.012 0.050 0.027
IV (𝑧2, 𝑧3 → 𝑧1) 0.921 −0.079 0.000 0.539 0.039 0.173 0.013 0.013 0.080 0.042
PLS Index 0.898 −0.102 0.000 0.580 0.080 0.000 0.013 0.012 0.103 0.081
Factor Index 3 0.897 −0.103 0.000 0.600 0.100 0.000 0.024 0.017 0.105 0.102
Factor Index 2 0.856 −0.144 0.000 0.613 0.113 0.000 0.013 0.012 0.145 0.113
Single Indicator 𝑧1 0.652 −0.348 0.000 0.674 0.174 0.000 0.010 0.013 0.348 0.174
PCA Index 0.600 −0.400 0.000 0.613 0.113 0.000 0.009 0.012 0.400 0.113
IV (𝑧1, 𝑧2 → 𝑧3) 1.423 0.423 0.000 0.645 0.145 0.014 0.057 0.033 0.427 0.149
Equal-weight Index 0.376 −0.624 0.000 0.593 0.093 0.000 0.005 0.012 0.624 0.093
Single Indicator 𝑧2 0.190 −0.810 0.000 0.525 0.025 0.407 0.002 0.012 0.810 0.028
IV (𝑧1, 𝑧3 → 𝑧2) 0.185 −0.815 0.000 0.538 0.038 0.157 0.003 0.013 0.815 0.040
GMM 0.134 −0.866 0.000 0.524 0.024 0.447 0.015 0.012 0.866 0.027
All Indicators 0.134 −0.866 0.000 0.524 0.024 0.442 0.015 0.012 0.866 0.027
Single Indicator 𝑧3 0.090 −0.910 0.000 0.978 0.478 0.000 0.007 0.014 0.910 0.478

Panel C. 𝜆2 = 10
True 𝑥∗ 0.999 −0.001 0.949 0.501 0.001 0.952 0.012 0.012 0.012 0.012
GMM: rho weighted 0.988 −0.012 0.745 0.507 0.007 0.906 0.014 0.012 0.019 0.013
Mean 𝑧-score Index 0.987 −0.013 0.879 0.658 0.158 0.000 0.015 0.012 0.020 0.159
Factor Index 1 0.982 −0.018 0.000 0.567 0.067 0.000 0.014 0.012 0.023 0.068
IV (𝑧2, 𝑧3 → 𝑧1) 0.953 −0.047 0.053 0.524 0.024 0.546 0.013 0.013 0.049 0.027
PLS Index 0.916 −0.084 0.000 0.567 0.067 0.000 0.013 0.012 0.085 0.068
Factor Index 2 0.871 −0.129 0.000 0.601 0.101 0.000 0.013 0.012 0.130 0.102
Factor Index 3 0.843 −0.157 0.000 0.635 0.135 0.000 0.029 0.020 0.160 0.136
Single Indicator 𝑧1 0.652 −0.348 0.000 0.675 0.175 0.000 0.010 0.012 0.348 0.175
PCA Index 0.614 −0.386 0.000 0.601 0.101 0.000 0.009 0.012 0.387 0.102
IV (𝑧1, 𝑧2 → 𝑧3) 1.383 0.383 0.000 0.656 0.156 0.005 0.062 0.034 0.388 0.160
Equal-weight Index 0.243 −0.757 0.000 0.535 0.035 0.157 0.003 0.012 0.757 0.037
Single Indicator 𝑧2 0.099 −0.901 0.000 0.508 0.008 0.896 0.001 0.012 0.901 0.014
IV (𝑧1, 𝑧3 → 𝑧2) 0.096 −0.904 0.000 0.520 0.020 0.617 0.001 0.012 0.904 0.024
Single Indicator 𝑧3 0.089 −0.911 0.000 0.979 0.479 0.000 0.006 0.013 0.911 0.479
GMM 0.045 −0.955 0.000 0.507 0.007 0.907 0.015 0.012 0.956 0.013
All Indicators 0.045 −0.955 0.000 0.507 0.007 0.909 0.015 0.012 0.956 0.013

Notes.—The table presents the performance of various estimation methods for 𝛽 and 𝛾 in the model 𝑦 = 𝛼 + 𝛽𝑥∗ + 𝛾𝑤 + 𝜀, where 𝑥∗ is unobserved. Data were simulated
with 10,000 observations and 1,000 repetitions. The true values are 𝛽 = 1, 𝛾 = 0.5, and 𝛼 = 0. The table shows the average estimated coefficients, bias, coverage
probability of 95% confidence intervals, standard deviation of the estimates, and root mean squared error (RMSE) for each parameter and method. The IV rows report
2SLS estimates using two indicators as instruments for the third, and the GMM rows report estimates using a generalized method of moments framework. Indices (PCA,
PLS, equal-weight, and mean 𝑧-score) combine all indicators.
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(a) 𝛽

(b) 𝛾
Figure 2

Scenario 5: RMSE as the Number of Indicators Vary

Notes.— Blah blah blah.
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(Scenario 6.)

Table 5
Scenario 6: Formative Indicators Model

Method 𝛽 Bias (𝛽) Coverage (𝛽) 𝛾̂ Bias (𝛾) Coverage (𝛾) 𝜎
𝛽

𝜎𝛾 RMSE (𝛽) RMSE (𝛾)

Panel A. J = 5, 𝐽 = 3
True 𝑥∗ 1.000 0.000 0.952 0.500 0.000 0.952 0.016 0.009 0.016 0.009
IV (𝑧1, 𝑧2 → 𝑧3) 0.987 −0.013 0.418 0.360 −0.140 0.017 0.101 0.052 0.102 0.149
IV (𝑧1, 𝑧2 → 𝑧1) 0.986 −0.014 0.404 0.361 −0.139 0.014 0.102 0.052 0.103 0.149
IV (𝑧1, 𝑧3 → 𝑧2) 0.990 −0.010 0.424 0.359 −0.141 0.015 0.103 0.052 0.104 0.151
Mean 𝑧-score Index 0.838 −0.162 0.016 0.558 0.058 0.040 0.057 0.022 0.172 0.062
Factor Index 1 0.838 −0.162 0.000 0.558 0.055 0.050 0.057 0.022 0.172 0.062
Factor Index 3 0.789 −0.211 0.000 0.558 0.055 0.050 0.054 0.022 0.217 0.062
PLS Index 0.689 −0.311 0.000 0.556 0.056 0.050 0.048 0.022 0.315 0.060
Factor Index 2 0.684 −0.316 0.000 0.558 0.058 0.050 0.047 0.022 0.320 0.062
Equal-weight Index 0.592 −0.408 0.000 0.558 0.058 0.040 0.041 0.022 0.410 0.062
All Indicators 0.592 −0.408 0.000 0.558 0.058 0.037 0.041 0.022 0.410 0.062
GMM 0.592 −0.408 0.000 0.558 0.058 0.036 0.041 0.022 0.410 0.062
PCA Index 0.484 −0.516 0.000 0.558 0.058 0.040 0.033 0.022 0.517 0.062
Single Indicator 𝑧1 0.330 −0.670 0.000 0.689 0.189 0.000 0.054 0.028 0.672 0.191
Single Indicator 𝑧3 0.329 −0.671 0.000 0.689 0.189 0.000 0.055 0.028 0.673 0.191
Single Indicator 𝑧2 0.327 −0.673 0.000 0.690 0.190 0.000 0.054 0.028 0.675 0.192

Panel B. J = 20, 𝐽 = 3
True 𝑥∗ 0.999 −0.001 0.955 0.500 0.000 0.964 0.019 0.009 0.019 0.009
IV (𝑧1, 𝑧3 → 𝑧2) 0.778 −0.222 0.000 0.464 −0.036 0.388 0.037 0.020 0.225 0.041
IV (𝑧1, 𝑧2 → 𝑧3) 0.777 −0.223 0.000 0.465 −0.035 0.407 0.036 0.020 0.226 0.041
IV (𝑧1, 𝑧2 → 𝑧1) 0.777 −0.223 0.000 0.465 −0.035 0.400 0.038 0.021 0.227 0.041
Mean 𝑧-score Index 0.659 −0.341 0.000 0.620 0.120 0.000 0.024 0.011 0.342 0.121
Factor Index 1 0.659 −0.341 0.000 0.620 0.120 0.000 0.024 0.011 0.342 0.121
Factor Index 3 0.621 −0.379 0.000 0.620 0.120 0.000 0.023 0.011 0.379 0.121
PLS Index 0.539 −0.461 0.000 0.620 0.120 0.000 0.020 0.011 0.462 0.121
Factor Index 2 0.538 −0.462 0.000 0.620 0.120 0.000 0.020 0.011 0.462 0.121
All Indicators 0.466 −0.534 0.000 0.620 0.120 0.000 0.017 0.011 0.534 0.121
GMM 0.466 −0.534 0.000 0.620 0.120 0.000 0.017 0.011 0.534 0.121
Equal-weight Index 0.466 −0.534 0.000 0.620 0.120 0.000 0.017 0.011 0.534 0.121
PCA Index 0.381 −0.619 0.000 0.620 0.120 0.000 0.014 0.011 0.620 0.121
Single Indicator 𝑧1 0.259 −0.741 0.000 0.724 0.224 0.000 0.016 0.011 0.741 0.224
Single Indicator 𝑧3 0.259 −0.741 0.000 0.724 0.224 0.000 0.016 0.011 0.741 0.224
Single Indicator 𝑧2 0.258 −0.742 0.000 0.724 0.224 0.000 0.016 0.011 0.742 0.224

Notes.—The table presents the performance of various estimation methods for 𝛽 and 𝛾 in the model 𝑦 = 𝛼 + 𝛽𝑥∗ + 𝛾𝑤 + 𝜀, where 𝑥∗ is unobserved. Data were
simulated with 10,000 observations and 1,000 repetitions. The true values are 𝛽 = 1, 𝛾 = 0.5, and 𝛼 = 0. The table shows the average estimated coefficients, bias,
coverage probability of 95% confidence intervals, standard deviation of the estimates, and root mean squared error (RMSE) for each parameter and method. The IV
rows report 2SLS estimates using two indicators as instruments for the third, and the GMM rows report estimates using a generalized method of moments framework.
Indices (PCA, PLS, equal-weight, and mean 𝑧-score) combine all indicators. Given the data-generating process, the three IV estimators and the three single-indicator
estimators are essentially identical; they should be viewed as a single estimator.
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Table 6
Scenario XX: Index is a Nuisance Function Only

Reflective Indicators Models Formative Indicators Models

Method 𝛾̂ Bias (𝛾) 𝜎𝛾 RMSE (𝛾) Method 𝛾̂ Bias (𝛾) 𝜎𝛾 RMSE (𝛾)

Panel A. Correlated Indicators Panel C. J = 3, 𝐽 = 3
True 𝑥∗ 0.496 −0.004 0.023 0.024 True 𝑥∗ 0.500 0.000 0.020 0.020
Matching + LASSO 0.669 0.169 0.026 0.171 Matching + LASSO 0.503 0.003 0.023 0.023
Matching 0.670 0.170 0.025 0.172 LASSO 0.510 0.010 0.021 0.023
LASSO 0.677 0.177 0.024 0.179 Matching 0.504 0.004 0.023 0.023

Panel B. Correlated Indicators, One Indicator is Perfect Panel D. J = 5, 𝐽 = 3
True 𝑥∗ 0.503 0.003 0.025 0.026 True 𝑥∗ 0.502 0.002 0.020 0.020
Matching + LASSO 0.509 0.009 0.026 0.028 Matching + LASSO 0.536 0.036 0.022 0.042
Matching 0.513 0.013 0.026 0.029 Matching 0.536 0.036 0.022 0.042
LASSO 0.519 0.019 0.027 0.032 LASSO 0.541 0.041 0.021 0.046

Panel E. J = 20, 𝐽 = 3
True 𝑥∗ 0.502 0.002 0.018 0.018
Matching + LASSO 0.565 0.065 0.020 0.068
Matching 0.566 0.066 0.020 0.069
LASSO 0.576 0.076 0.018 0.078

Notes.—

7 Replication: Ortoleva and Snowberg (2015)

Alfredo write-up? :)
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Table 7
Replication: Sensitivity to Creation of Media Index

PCA Mean 𝑧-Score PLS LW PCA Mean 𝑧-Score PLS LW

Panel A. Overconfidence
Media Index 0.205*** 0.338*** 0.210*** 0.149*** 0.236*** 0.181***

(0.041) (0.065) (0.039) (0.038) (0.060) (0.037)
Blog 0.025 0.053

(0.066) (0.071)
TV 0.271*** 0.127*

(0.085) (0.073)
Newspaper 0.169*** 0.073

(0.055) (0.054)
Radio 0.254*** 0.246***

(0.067) (0.062)

LW Estimate 0.719*** 0.500***
LW SE (0.143) (0.132)
Controls N N N N Y Y Y Y
Observations 2927 2927 2927 2927 2927 2927 2927 2927

Panel B. Ideology
Media Index 0.059** 0.095** 0.187*** 0.055** 0.079** 0.189***

(0.023) (0.039) (0.031) (0.022) (0.036) (0.026)
Blog −0.139*** −0.087*

(0.049) (0.051)
TV 0.071 −0.001

(0.066) (0.061)
Newspaper −0.141*** −0.167***

(0.047) (0.046)
Radio 0.374*** 0.385***

(0.056) (0.052)

LW Estimate 0.165* 0.130*
LW SE (0.086) (0.075)
Controls N N N N Y Y Y Y
Observations 2868 2868 2868 2868 2868 2868 2868 2868

Panel C. Squared Deviation
Media Index 0.288*** 0.430*** 0.294*** 0.189*** 0.281*** 0.209***

(0.028) (0.044) (0.028) (0.028) (0.044) (0.024)
Blog 0.346*** 0.270***

(0.069) (0.056)
TV −0.002 −0.008

(0.059) (0.059)
Newspaper 0.263*** 0.147***

(0.060) (0.051)
Radio 0.313*** 0.200***

(0.056) (0.044)

LW Estimate 0.920*** 0.609***
LW SE (0.100) (0.101)
Controls N N N N Y Y Y Y
Observations 2868 2868 2868 2868 2868 2868 2868 2868

Notes.— PCA = Principal Component Analysis. LW = Lubotsky and Wittenberg (2006). N = Number of observations. PCA columns are identical
to Table 2 in Ortoleva and Snowberg (2015). Standard errors clustered by age. * p <.10, ** p< .05, *** p<.01.
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8 Application

American (US) politics has entered an era of pronounced geographic polarization (McCarty et al. 2019).
While the partisan divide between urban and rural areas has received substantial attention, far less is
known about how population health correlates with recent shifts in presidential voting at the level of
individual congressional districts (CDs). Wasfy et al. (2020) show that, across US counties, a composite
index of adverse health conditions predicts changes in Republican vote share between the 2016 and 2018
elections. Their work raises an important question for economists interested in the political-economy
consequences of health inequality: does worse health systematically tilt electoral sentiment toward one
or the other (Republican or Democrat) presidential candidate?

In this application of the methods discussed above, we answer that question by focusing on the
vote-share shift for the Republican presidential nominee between 2020 and 2024. Unlike counties,
CDs are the fundamental units of representation in the US House of Representatives and are therefore
the natural jurisdiction for congressional policymaking. Using data from the Congressional District
Health Dashboard (CDHD) and precinct-aggregated presidential returns from The Downballot project,
we assemble a district-level panel that links more than two dozen health metrics to two-party vote shares
in 2020 and 2024.

We distill the rich CDHD information into a single health index using dimensionality-reduction
techniques described in Sections 3.1, 4.1, and 4.3 as well as the approach that does not require index
creation. Examples of health indicators in the dataset include deaths from a variety of causes; prevalence
rates of diabetes, low birthweight, obesity, and so on; as well as measures of air pollution, housing with
potential lead risk, and food insecurity.

The main outcome variable is the district-level change in Republican two-party vote share: ΔVote𝑖 =
RepShare𝑖,2024 − RepShare𝑖,2020. To quantify the assocation bewteen health and partisan realignment,
we estimate the following model:

ΔVote𝑖 = 𝛼 + 𝛽𝑖𝐻𝑖 + 𝜸′X𝑖 + 𝜹𝑠 + 𝜀𝑖 , (35)

where X𝑖 is a vector of socioeconomic and demographic controls measured prior to the 2020 election (e.g.,
median household income, educational attainment, population density, and racial or ethnic composition),
𝜹𝑠 is a vector of state fixed effects, and 𝜀𝑖 is a disturbance term. Standard errors are clustered at the state
level to account for within-state correlation in both electoral and health environments.

Election data from MIT Election Lab (Data and Lab 2018) Ideology data from (Tausanovitch and
Warshaw 2013; Warshaw and Tausanovitch 2022) Health data from (Wisconsin Population Health
Institute 2025)

9 Conclusion

Future work to examine case of the index as the dependent variable.
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