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LATENT TRAITS IN POLITICAL SCIENCE

+ Many concepts are latent, i.e., not directly observable
~+ ldeology, political knowledge, respect for human rights
« Latent traits typically estimated using multiple indicators
~ Policy views, knowledge questions, expert ratings
+ Latent variables have no objective scale

— Investigator must choose identifying restrictions
~» Normalization constraints (mean 0, sd 1, direction)
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» TAKEAWAY: Growing interest in measurement error; less
work on measurement error in latent estimates
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Measurement Error & Identification Restrictions
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I.D. Assumption Details
Unit Anchors 2+ estimates fixed to anchor values
Item Anchors 2+ item parameters fixed to anchor values

Range normalization Latent variable scaled to [min,max] range
Scale normalization  Latent variable scaled to mean O, variance 1

Table: Common identification assumptions in latent trait modeling.
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MEASUREMENT ERROR IN REGRESSION MODELS:
STANDARD CASE (WITH NOISE, BUT NO NORMALIZATION)

« Consider a linear model with predictor, X:
Y =B+ XBx +e€
+ Standard (non-latent) measurement error setup for X
assumes we only observe X = X + U
— whereU 1L X, E[U] =0and V(U) = o7,
— implies V(X) = 0% + o
« Regressing Y on X (not true X):

2
A g

STANDARD ATTENUATION BIAS: E[S;] = 27)(2 Bx
ox + oy

Factor introduces bias
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LATENT PREDICTOR (WITH NOISE & NORMALIZATION)

* Assume true X has mean O, var. 1

« With Iatent X wedonotobserve X = X +U
* sd(X) = /0% + 0% ~ 1+ 0%

x Why? We must fix latent scale:

— Estimates are transformed ~» mean 0, var. 1
—  Thus, we observe X = X —mean(X)
sd(X)
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MEASUREMENT ERROR IN REGRESSION MODELS:
LATENT PREDICTOR (WITH NOISE & NORMALIZATION)

Assume true X has mean 0, var. 1

With Iatent X we donotobserve X = X +U
x sd(X \/JX+JUM\/1+JU

Why? We must fix latent scale:
— Estimates are transformed ~+» mean 0, var. 1
—  Thus, we observe X = %”)(X)

ATTENUATION BIAS WITH LATENT VARIABLES:

E[5g] = Elfg] /1 +0f = HlaU Bey/14 02
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Attentuation Factor with Latent Space Predictor
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CAN INSTRUMENTAL VARIABLES ESTIMATION HELP?

* STANDARD CASE (X): IV yields consistent estimates of Sx
under assumptions:
— IV RECIPE:

— Partition policy indicators into 2 sets

— Estimate X separately based on each set, producing X1, X

— Define X; as predictor of interest ("X"), Z = X as instrument
Consistency under: (1) Cov(X, Z) # 0; (2) Cov(Z,U) = 0; (3) Cov(Z,e) =0

« Butin LATENT CASE WITH X IV over-corrects ~» inflation bias
h Iy -
ﬂIV,X’ = 51\/,)'( V1+og,
Hence plim By, ¢ = Bx \/1 + o3,

—_——
>1
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SIMPLE EXAMPLE: POLITICAL KNOWLEDGE PREDICTING DUTY
TO VOTE

* CONTEXT: 2020 ANES:
8,150 RESPONDENTS, 4 INDICATORS

— Y; = DUTY TO VOTE
(1="Very Strongly a Choice", 7="Very Strongly a Duty")
— X; = PoLITICAL KNOWLEDGE

* GOAL: Estimate slope coefficient in OLS:
Yi= B0+ XiBx + €

* SIMPLE LATENT TRAIT ESTIMATION:
Political knowledge estimate is # of questions correct,
standardized (“z-score”)
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Estimated Slope on Political Knowledge
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- Grey points ~» uncorrected linear regression slope coefficients using various numbers of indicators to estimate the
latent trait, then predicting the dependent variable of vote duty with the point estimates for knowledge.

- Black dots show averages for a given number of items used.

- Horizontal lines show the uncorrected OLS and correlation-corrected point estimates.
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INTRO EXAMPLE: POLITICAL KNOWLEDGE PREDICTING DUTY TO VOTE

* ACCOUNTING FOR MEASUREMENT ERROR — Big change:
Corrected estimate 60% larger than baseline OLS
— Uncorrected IV ~» nearly double corrected estimator
(over-correction)

* USING IDEAL POINT MODEL TO ESTIMATE KNOWLEDGE
PRODUCES SIMILAR SLOPE ESTIMATES
— BASELINE OLS SLOPE ESTIMATE: 0.43 (vs 0.41)

— CORRELATION-CORRECTED SLOPE ESTIMATE: 0.64 (vs .66)
— METHOD OF COMPOSITION ESTIMATE: 0.24

~» Roughly half of baseline OLS (itself attenuated!) & nearly 2/3
smaller than correlation-corrected estimate
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How to Correct? Equivalence between Adjusted OLS
and IV Estimators

» STARTING POINT:

» Assume equal independents of split-half errors
» Assume equal measurement error var in each split

= OLS CORRECTION: % . o = %
’ or(Xi,X2

—> IV CORRECTION: 8, e = B, %1 1% Cor(X1, X2)

» Observation: 3 exact equivalence)

.  _ px A (
IV, X1 | Xo OLS,X>
» What about sie.( K/,Xﬂf(z)?
» Quantile bootstrap estimator ~» Variability across:
a. Column partitions
b. Row re-samples
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ILLUSTRATIVE SIMULATION RESULTS: IDEOLOGY & VOTE

* CONTEXT: Based on 2016 CCES:
SUBSETTED TO 1,000 RESPONDENTS, 30 INDICATORS

— Y; = PRESIDENTIAL VOTE (1=Trump, 0=Clinton)
— X; = IDEOLOGY (mean 0, var 1, higher = conservative)

« GOAL: Estimate slope coefficient in regression:
Yi=0o+ XiBx t €
* INDICATORS: P, generated from ideal point model:
Pr(Pg =1) = ® (Xing + oa)

Set true values of all parameters based on estimates from
the actual data
18/30



lllustrative Simulation Results: Ideology & Vote

+ TRUE X ol

assume we knew true
values for ideology (X)

— Unbiased estimation of
Bx with high precision
(low RMSE)
...of course, we don't ever
really observe the true X,
but have to estimate it
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lllustrative Simulation Results: Ideology & Vote

% BASELINE ESTIMATOR . m
use X asour predictor e
instead of the true X?

— Attenuation bias — m o

estimates too close to —
Zero on average
— RMSE more than double
what it was when we
knew true X
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lllustrative Simulation Results: Ideology & Vote

% SPLIT-HALF IV,
UNCORRECTED

— Estimate X;, X, each
based on half of
indicators

— Define X = X,,Z = X,

— QOver-adjusts

— Ignores effects of
identification on
attenuation

— RMSE nearly 4xTRUE X
estimator, double the
baseline estimator

‘‘‘‘‘‘‘‘‘‘‘‘‘
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lllustrative Simulation Results: Ideology & Vote

% SPLIT-HALF |V, Corrected i
USING X1, X»

— Same split-half IV setup
— Now, correct IVAestimate m |
using Cor(Xy, Xs) . e

- Very low bias, quite precise T
— RMSE barely higher than Lm ‘

TRUE X case

Sope esimates
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LATENT ERROR DYNAMICS IN PRACTICE?

» Re-analyze 2016 CCES data
» Vary n obs, D (# of indicators for estimating ideology)
» Estimate effect of estimated ideology on vote choice
» Compare fractional change:
(1) corrected IV vs. OLS estimates, (2) vs. uncorrected IV

Table: Percentage change in effect estimate of ideology on vote
choice, corrected IV vs. OLS. Rows correspond to observation number;
columns to dimensions used in estimating latent ideology.

D =13 21 30

n = 60 19.8 128 9.3
519 18.7 11.1 7.0
4491 18.8 1.2 69
38851 18.9 11.2 6.9 24/30




CCES Empirical Analysis

LATENT ERROR DYNAMICS IN PRACTICE?

» Re-analyze 2016 CCES data
» Vary n obs, D (# of indicators for estimating ideology)
» Estimate effect of estimated ideology on vote choice
» Compare fractional change:
(1) corrected IV vs. OLS estimates, (2) vs. uncorrected IV

Table: Percentage change in effect estimate of ideology on vote choice,
corrected IV vs. uncorrected IV. Rows correspond to observation
number; columns to dimensions used in estimating latent ideology.

D =13 21 30

n =60 -21.0 -16.1 -13.0
519 -21.2 154 -12.4
4491 -21.3 157 -12.6
38851 -21.3 -15.8 -12.7 25/30
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For more information:

LAITS.UTEXAS.EDU/SJESSEE & CONNORJERZAK.COM -
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Democracy Analysis: Corrected IV vs. OLS

Table: Percentage change in effect estimate of democracy on growth
(long difference), corrected IV vs. OLS. Rows correspond to
observation number; columns to dimensions used in estimating latent
democratic status.

D=4 8 13 17

n =60 24.8 16.5 358 127
91 22.1 16.5 117 10.7
137 29.0 137 119 108
208 258 141 123 116
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Democracy Analysis: Corrected vs. Uncorrected IV

Table: Percentage change in effect estimate of democracy on growth

(long difference), corrected IV vs. uncorrected IV. Rows correspond to
observation number; columns to dimensions used in estimating latent
democratic status.

D=4 8 13 17
n = 60 -41.1 -36.4  -37.7 -243
91 -36.6  -267 -257 -222
137 -323 240 -21.0  -179

208 -354 235 161 -107
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Derivation

> (See paper) OLS estimator biased: E[5 ] = %ﬁx
- X%
» With split sample (X5 = X + Ug)
COV(X17X2)
2 2

g5 03
X1 Xo

Cor(Xl,Xg) = COF(Xl,XQ) =

_ Cov(X + Uy, X + Uy)
(0% +01)?

_ CoV(X + Uy, X + Us)

T i

~ Cov(X, X) + Cov(X, Us) + Cov(Uy, X) 4+ Cov(Uy, Us)

N Jg( —|—U%[

ox +0+0+0  o%
O'g(—i-a'?] B U§(+J[2]

= )\ (With standardization ~» factor is v/X)
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