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Abstract

The use of pooled data from different repeated survey series to study long-term trends is handicapped by

a measurement difficulty: different survey series often use different scales to measure the same attitude

and thus generate scale-incomparable data. In this article, the authors propose the latent attitude method

(LAM) to address this scale-incomparability problem, on the basis of the assumption that attitudes mea-

sured by ordinal categories reflect a latent attitude with cut points. The method extends the latent variable

method in the case of a single survey series to the case of multiple survey series and leverages overlap-

ping years for identification. The authors first assess the validity of the method with simulated data. The

results show that the method yields accurate estimates of mean attitudes and cut point values. The authors

then apply the method to an empirical study of Americans’ attitudes toward China from 1974 to 2019.
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Public opinion researchers have long sought to understand the causes, trends, and con-

sequences of societal attitudes. The literature cuts across a wide range of domains,

including attitudes toward gender roles (Cotter, Hermsen, and Vanneman 2011; Scott,

Alwin, and Braun 1996), marriage (Thornton 1985), race (Steeh and Schuman 1992),

inequality (Osberg and Smeeding 2006), migrants (Semyonov, Raijman, and

Gorodzeisky 2011), abortion (Carter, Carter, and Dodge 2009; Mouw and Sobel 2001),

and political affairs (DiMaggio, Evans, and Bryson 1996). The advancements in atti-

tude research have largely been facilitated by the emergence of large-scale repeated

cross-sectional attitude surveys (hereafter “attitude survey series”). Nationally repre-

sentative surveys, such as the General Social Survey (GSS), first launched in 1972,

have captured the ebb and flow of Americans’ attitudes toward hundreds of issues,
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ranging from government spending to income inequality and climate change (National

Opinion Research Center 2020). Over the past several decades, the number of attitude

survey series has grown exponentially because of computing advancements that greatly

reduced the costs associated with survey design, conducting interviews, data storage,

and analysis. At present, millions of individuals are surveyed every year by academic

institutions, commercial companies, and news media organizations regarding their atti-

tudes toward various topics. These survey series can be used to track changes in public

attitudes toward various aspects of contemporary social life.

The accumulation of a large amount of attitude survey series has motivated scholars

to move beyond single-survey analysis. Yet the use of such data is handicapped by a

measurement difficulty: different survey series use different scales to measure the

same attitudes and thus generate scale-incomparable data. For example, two surveys

could measure the same attitude with different response scales: one may use a 4-point

Likert-type scale and the other a 5-point Likert-type scale, making pooling the two a

difficult task. The scale-incomparability problem becomes increasingly common in

empirical analysis, as new surveys tend to borrow wordings from old ones. As a result,

a large number of survey items use similar wordings. For example, one study that

investigated the diversity of happiness measurements revealed 1,250 alternative mea-

surements of the concept “happiness” across existing surveys. The response scales of

these happiness measures can range from a simple binary yes/no scale to an 11-point

scale (Kalmijn, Arends, and Veenhoven 2011).

The scale-incomparability problem becomes acute when a series of cross-sectional

surveys are implemented for a limited duration. Pooling data from different survey

series that took place across different periods would allow researchers to study societal

attitude changes within a much wider observation window. This ability to track attitu-

dinal change over a long period provides opportunities to address many important

sociological inquiries. For example, there is a long-standing debate about whether

Americans’ political attitudes have polarized over time (DiMaggio et al. 1996; Kiley

and Vaisey 2020; Mouw and Sobel 2001). To study the problem, it would be helpful

to have independent measures of important political attitudes over a long period. Yet

scholars are often forced to use single survey series for limited time periods because

of incomparable scales across survey series.

In this article, we propose a new method for estimating attitudinal trends by pooling

data from different survey series. The method, which we call the latent attitude method

(LAM), addresses the scale-incomparability problem when pooling multiple survey

series. Our method contributes to the research on attitudes in two important ways.

First, our method extends the existing latent variable framework to the case of pooled

survey series, enabling us to separate the measurement model and theoretical construct

model. The extant methods that measure attitudinal change over time, such as the pro-

portional method and integer score method, evaluate attitudinal change on the basis of

observed marginal distributions of survey responses. Yet given that attitudes are more

difficult to measure than objective variables, it is necessary to have models that spe-

cify the linkage between the observed variables and individuals’ true underlying atti-

tudes. Building on the latent variable framework, we construct an individual behavior
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model using an ordered probit model with unknown mean and survey-specific cut

points. The model is conducive to flexible adaptations of theoretical determinants of

attitudes given data availability.

Second, in pooling single attitude measures across surveys, we draw insight from

the comparable distribution condition in survey design evaluation (Couper 2011). We

leverage situations where two survey series overlap in a given year. This allows us to

assume that two measurement scales, which represent the same underlying attitude,

are given randomly to two independent samples drawn from the same population. In

other words, we assume these two survey series share the same statistical properties

on the latent attitude in the overlapping year. In so doing, we can reduce the number

of unknown parameters to be identified and estimate the best-fit parameters with max-

imum likelihood. Our model uses full distribution of response categories, thus yielding

more accurate results, whereas the extant methods of pooling survey items, such as the

dyad ratio method, require dichotomizing the survey items.

TWO MEASUREMENT PRINCIPLES

We start with a simple case in which respondents’ attitudes toward a particular social

issue are captured by a single survey series. That is, a survey instrument has been

administered to different, yet population-representative, samples of respondents at dif-

ferent time points by the same survey institution. Using data from a single survey

series to quantify trends in social attitudes is one of the most widely adopted practices

in social science. This type of data meets two important principles: measurement con-

sistency and sample representativeness. In this section, we introduce these two princi-

ples in the context of a single-survey instrument; in the next section, we show how

they can be fruitfully applied in the context of pooling different data sources for trend

analysis.

Measurement consistency dictates that the survey instrument, including question

wording and response options, be consistent over time. As Smith (2005) summarized

conventional wisdom in survey research, “the way to measure change is not to change

the measure” (p. 1). In practice, survey researchers ensure that question wording and

responses are consistent over time, enabling a survey series to establish trends in the

same attitude over time. If a change is made to the questionnaire or response options,

it is recommended that researchers split the data, treating before and after the change

as two separate time series (Mouw and Sobel 2001). Many large-scale survey series

(e.g., the GSS) have been implemented under this principle.

Sample representativeness dictates that a survey sample be representative of the

underlying population at each time point at which it is administered. This principle is

ensured by carefully designed and implemented sampling procedures. Any changes

made to the sampling process will also yield a split in the survey series. This principle

may be straightforward, but it serves as a basic requirement for survey design evalua-

tion, such as testing changes in survey mode (Couper 2011) or measurement (Jaeger

1997). For example, survey methodologists often need to conduct random experiments

to evaluate the performances of different survey modes, such as Web surveys versus
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telephone surveys (Fricker et al. 2005). Random assignment ensures the statistical

properties of the variable under study are the same regardless of the survey mode.

These two principles ensure that the same attitudinal concept is measured consis-

tently over time. But what can we do when the first principle is violated? Is there any-

thing we can do methodologically when we attempt to pool data from survey series

with different instrument scales? In the next section, we discuss the two most conven-

tional approaches to pooling survey series before proposing our own method.

METHODS OF POOLING SURVEY SERIES

Unlike objective quantities such as income or wealth, researchers of attitudinal change

face a particular measurement challenge: individuals’ attitudes do not have intrinsic

scales and are often operationalized as ordinal variables in surveys. For example, a

researcher may use a four-level Likert-type scale such as “completely disagree,”

“disagree,” “agree,” and “completely agree” to denote respondents’ attitudes toward a

statement. The limitation of ordinal variables is well recognized: the numerical

response represents a ranking order on the underlying attribute instead of the actual

quantity. Thus, it is recommended that researchers use models that account for the

ordinal nature of attitudinal data. The extant models include, but are not limited to, the

ordered logit model, ordered probit model, log-linear model, and scaling method

(Agresti 2002; Powers and Xie 2008).

Although the ordinal nature of attitude variables is generally understood, most

research based on trend analysis of social attitudes does not consider this. In practice,

researchers in trend analysis tend to apply two heuristic approaches: the integer-scor-

ing approach and the proportional approach. The popularity of these two approaches

has grown out of convenience, yet their underlying assumptions are rarely discussed.

In the following, we briefly discuss the advantages of the two approaches, and the

potential limitations when applying them to the context of pooling survey series.

The integer-scoring approach assigns consecutive integers to represent rank order

(Powers and Xie 2008). It can be seen as a simplified form of scaling. For example, the

researcher may assign the values 1, 2, 3, and 4 to a four-level Likert-type scale. A key

advantage of this approach is that the researcher can easily calculate summary statistics

that describe distributions of responses. For example, to examine whether Americans’

attitudes toward abortion have polarized, DiMaggio et al. (1996) calculated the mean,

variance, and kurtosis of items on Americans’ opinions on domestic social issues in the

GSS and the National Election Study. The core of their analysis was treating ordinal

variables as if they were interval variables and thus deriving summary statistics.

Although it is plausible to apply the integer-scoring approach to pooled survey

series, the method is rarely used in practice. This is because a critical assumption of

the integer-scoring approach is that the distance between two adjacent categories is

equal. However, the underlying true distribution of an attitude variable is unknown, so

this assumption hardly holds in practice. The controversial nature of the equal-interval

assumption is well documented (Jamieson 2004; Wu and Leung 2017). Thus, even if

the two survey series that measure the same attitude adopt the same number of
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response scales, it is still inappropriate to directly pool them together and calculate

summary statistics such as mean or variance for trend analysis.

In the proportional approach, researchers harmonize responses into fewer cate-

gories, usually two, to show changes in percentages of approval or disapproval toward

a statement at each time point. Because the approach is easy to implement, institutions

such as Pew and Gallup customarily use the proportional approach to report attitudinal

change over time. This approach is also widely used in academic papers to explore

trends in a particular social attitude. Examples can be found in the study of trends in

attitudes toward family-related issues (Thornton and Young-DeMarco 2001) and

toward mass incarceration (Duxbury 2021).

Sobel (1997) identified two major problems with the proportional approach. First,

there is an obvious loss of information when responses are collapsed. This is because

original ordinal responses contain two dimensions: the direction of the attitude (e.g.,

“agree” vs. “disagree”) and the intensity of the attitude (e.g., “completely [dis]agree”

vs. “[dis]agree”). Collapsing responses allows the researcher to track the direction of

the attitude at the expense of losing information on attitude intensity. Second, if

response categories are odd in number, it is unclear whether responses should be col-

lapsed below or above the midpoint. To illustrate this problem in the case of pooled

survey series, Table 1 gives a hypothetical example where attitudes toward a particular

social issue are measured in two surveys, S1 and S2. The five response categories are

assigned the values 1, 2, 3, 4, and 5. From S1 to S2, there is a clear shift from the

extreme categories toward the middle categories. If one were to collapse the first two

and the last two categories, this would lead one to conclude that no changes in

responses have taken place.

Besides these two conventional approaches, past studies have attempted to measure

attitudinal change in a number of other ways. For example, scholars have used struc-

tural equation modeling (SEM) to evaluate the stability of individual attitudes over

time (Inglehart 1985; Judd and Milburn 1980). The strength of SEM is that researchers

can systematically separate indicators of the construct from extraneous errors.

However, the method is best used to track individual attitudinal change with panel

data. SEM is limited in its ability to address scale-incomparability problems in the

context of pooled survey series, because the method requires scales to be measured

Table 1. A Hypothetical Example of Aggregate Attitude Change

S1 S2

Response Assigned Scale Number of Respondents

Completely disagree 1 20 10
Disagree 2 20 30
Neither agree nor disagree 3 20 20
Agree 4 20 30
Completely agree 5 20 10
Sample size 100 100
Sample mean 3 3
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consistently over time. Scholars have also developed methods to pool indicators

among multiple surveys. For example, Stimson (2018) proposed the dyad ratios algo-

rithm, which is widely used to estimate changes in public opinion. The strength of the

method is that it can be applied when survey items are sparse across time (Stimson

2018). However, its robustness is questioned, as the first step of the method requires

creating binary indicators from survey marginals. Researchers obtain different results

when recoding survey indicators differently (McGann 2014).

THE LAM

In this section, we formally introduce the LAM. Given the myriad meanings of the

word “attitude,” it is first necessary to provide conceptual clarity of what we mean by

“latent attitude.” We embrace the commonly adopted definition that an attitude is a

latent predisposition to respond to a given topic (Alwin and Krosnick 1991; Oskamp

and Schultz 2004). There is an enduring debate on whether individuals hold consistent

and stable predispositions, or whether they just give random answers in interviews

(Achen 1975; Alwin and Krosnick 1991; Converse 1964; Inglehart 1985; Judd and

Milburn 1980; Kiley and Vaisey 2020). Some scholars argue that most people do not

hold meaningful attitudes regarding important social and political issues, and they con-

struct their responses on the fly in interviews (Converse 1964). Others argue that peo-

ple do have meaningful predispositions, and the major problem is that survey questions

measure them imperfectly (Achen 1975; Inglehart 1985).

Regardless of the nature of attitude, there is consensus that a model of attitudes

should be able to specify individuals’ true attitudes and observed survey responses. We

thus model an individual’s attitude as a latent variable that is inferred from observed

ordered categories. The idea of viewing an attitude as a latent variable is not new

(McKelvey and Zavoina 1975). As a general framework, the latent variable approach

allows us to infer true attitudes from ordinal measurement. In our analysis, we use an

ordered probit model, a type of cumulative categorical model. It is important to note,

however, there are other classes of ordinal models, such as the continuation model

(Fienberg 1980) and adjacent category model (Goodman 1983), both based on the logit

link. The adjacent category model uses the form log[P(Y = j|x)/P(Y = j + 1|x)], and

the continuation-ratio model uses form log[P(Y = j)/P(Y � j + 1)]. There are specifi-

cation differences between the cumulative model we use and the above-mentioned two

alternative models (Bürkner and Vuorre 2019). We chose the cumulative model for

simplicity under the assumption there is only one underlying latent variable to the

response categories.

A Single Survey Series

In the case of single survey series, a survey organization draws a fresh sample from the

underlying population at multiple time points with a consistent survey instrument to

assess population-level attitude changes. We model this process at the individual level

from the latent variable perspective. Let y�it denote individual i’s latent attitude at time

t, following a normal distribution with a mean mt denoting the population mean at time
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t, as well as a uniform deviation. Hit denotes i’s idiosyncratic deviation from the mean.

We can specify a simple latent variable model as follows:

y�it = mt + hit, hit ; N 0, 1ð Þ: ð1Þ

Equation (1) shows an individual’s attitude can be decomposed into two components:

a structural component and a random component. In our example, the structural com-

ponent specifies the population mean mt, which is our primary quantity of interest. For

simplicity, we only specify the population mean for the structural part in equation (1),

as we focus here on trends. We can easily incorporate other explanatory variables as

determinants of the population mean mt (Powers and Xie 2000).

The random component hit represents an error term that we assume to be indepen-

dent and follows a standard normal distribution with mean of 0 and variance of 1. Note

that hit can also be specified in other distribution forms, such as the logistic distribution

(Agresti 2002; Powers and Xie 2000). The subscript i denotes the randomness is asso-

ciated with respondents’ idiosyncrasies. For instance, some respondents may hold no

opinion toward the given topic, thus giving random answers to survey questions. Or

respondents might have opinions on a given topic, but these opinions are conflicting or

ambiguous and thus difficult to specify. As noted by prior research, when individuals

have ambiguous internal cues, random error is introduced when forcing them to specify

a single point on an attitude continuum (Alwin and Krosnick 1991).

Next, we introduce the measurement model. Although an individual’s true attitude

y�it is not directly observable, it can be inferred from a measurement model for an

observed ordinal variable. We assume an attitude is measured with k-level ordinal

categories. In practice, this is often achieved by asking k-category Likert-type scale

survey questions. We denote an individual’s observed attitude levels in year t as yit.

The relationship between yit and y�it can be expressed by the following measurement

equation:

yit = k if tk�1 � y�it � tk , ð2Þ

where t0 . . . tk denote cut points that partition the continuous latent variable into k

ordinal categories, with the normalization conditions t0 = 2N and tk = + N.

Equation (2) suggests that if the attitude is measured with k ordinal categories, there

are k 2 1 cut points that partition the underlying continuous real line into k segments

that correspond to the ordinal categories. For example, if the attitude is measured with

a five-level Likert-type scale and yit = 3, it corresponds to a segment in the real line

where t2 � y�it � t3:In the case of a single survey series, the cut points are unknown

parameters but are assumed to be time-invariant (i.e., without subscript t), attributable

to the principle of measurement consistency discussed earlier, so as to estimate

changes in the mean of the attitude, mt. Without this assumption, mt would be indeter-

minate and thus not comparable. Substituting equation (1) for equation (2), the prob-

ability of the observing level k can be expressed as follows:

P yit = kð Þ = P tk�1 � y�it � tk

� �
=F tk � mtð Þ � F(tk�1 � mt): ð3Þ
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In equation (3), F is the Gaussian cumulative distribution function. The two types of

unknown parameters, the time-dependent mean mt and the time-invariant cut points t,

can be estimated with maximum likelihood.

The model is essentially an application of the ordered probit model to the study of

attitude trends. Compared with the integer-scoring approach, the latent variable

approach does not assume equal intervals between adjacent categories. It assumes cut

points to be unknown (albeit time-invariant) parameters estimable through an iterative

procedure by maximizing the likelihood function. Compared with the proportional

approach, it uses full response distribution of ordinal attitude measures and thus avoids

loss of information.

Pooled Survey Series

In the case of multiple survey series, one or several organizations draw independent

samples of the same population at different time points and measure attitudes with dif-

ferent survey instruments. Pooling multiple survey series to draw inferences about

trends in attitudes is a challenging task, because the situation violates the principle of

measurement consistency. Even when different survey series measure the same atti-

tude in the same population, they may differ in two important ways. First, they may

use a different number of categories as response options. Viewed from the latent vari-

able perspective, response-scale differences are equivalent to the differences in the

number of cut points. As illustrated in Figure 1, survey A has a four-level response

scale, with three cut points partitioning the latent variable distribution on the surveyed

sample. Survey B has a five-level response scale with four cut points. It is apparent

that if two surveys have different response scales, there is no simple way to pool data

from the surveys.

Second, there may be wording differences in response categories across survey

series. Survey response patterns are strongly influenced by the features of survey

instruments. A slight difference in wording in instruments can yield vast differences in

Figure 1. An illustration of two types of scale differences.
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response patterns (Schwarz 1999). We emphasize that wording differences are differ-

ent from response-scale differences in that the latter are explicitly defined in terms of

the number of response categories, whereas the former are often not. Different survey

instruments can yield differences in response patterns even if they use exactly the

same number of response scales. Schwarz et al.’s (1991) survey experiment provides a

classic example: they presented a success-in-life question with an 11-point rating scale

ranging either from 0 (“not at all successful”) to 10 (“extremely successful”), or from

25 (“not at all successful”) to 5 (“extremely successful”). Respondents reacted differ-

ently to these two scales: 34 percent of respondents endorsed a value between 25 and

0 on the 25 to 5 scale, yet only 13 percent endorsed values between 0 and 5 on the 0

to 10 scale. Using the language of the latent variable method, we can easily interpret

the finding as attributable to different distances between response scales under the two

alternative instruments (Clogg 1979). As illustrated in Figure 1, surveys A and C both

use four-level response scales, but they differ in the true distances between adjacent

cut points. Although such differences are not directly observable, we can rely on a

model to uncover the differences. In empirical studies, wording differences also create

incomparability issues that prevent researchers from simply pooling data from differ-

ent surveys.

The proposed LAM is well suited to address the issues of measurement inconsis-

tency in both forms. The key insight of the method is the leveraging of the opportunity

presented when two or more survey series overlap in a given year, assuming the distri-

butional properties are the same in the overlapping year. For example, let us imagine

two survey series on Americans’ life satisfaction: the first was implemented annually

from 1990 to 1995, and the second annually from 1995 to 2000. In 1995, when the

two survey series were both implemented, they measure the same underlying latent

variable because they fulfill the principle of sample representativeness in that year, as

the target population of both surveys is the same. The only difference is how survey-

specific cut points partition the distributions of the underlying latent life satisfaction.

In other words, a scale inconsistency results from either the number of response cate-

gories or differences in wording, so the cut points are survey specific. As we will dis-

cuss in the next section, the best-fit parameters of the population-level mean and the

survey-specific cutoffs can be estimated by maximizing the joint likelihood function

across the surveys. In this way, we can pool data collected by the two survey instru-

ments and gain a cohesive understanding of the changes in Americans’ mean life satis-

faction from 1990 to 2000.

The method can be formally expressed as follows. To begin, equation (1) still holds.

Let y�it represent a given individual’s latent attitude in year t. y�it is expressed as a linear

combination of a structural component mt and a random component hit that follows

standard normal distribution.

Next, consider the measurement model. We extend the single survey series model

by specifying survey-specific cut points. Assume there are multiple Likert-type survey

series, indexed by q, where q = 1, 2, . . . Q. For each survey series q, we further

denote that it has Kq 2(2. . . kq:: : Kq) levels of ordered response categories. Let yitq

denote individual i’s observed response category to survey q, so the relationship
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between latent variable y�it and observed response categories yitq can be expressed as

follows:

yitq = kq , tq, k�1 � y�it � tq, k : ð4Þ

Equation (4) is an extension of equation (2). The addition of subscript q in the cut

point parameters tq, : signifies the cut points are survey specific. The survey-specific

cut points account for survey-level design effects. Similar to equation (2), tq, : does

not have subscript t and thus does not change with t. The only time-varying parameters

are the population mean attitude mt. We refer to this condition as the constant cut

points condition. The constant cut points condition is analogous to the parallel regres-

sion assumption in the conventional ordered probit model. This condition denotes that

within a single survey series, people assume the same cut points on the underlying

continuous variable over time. This condition holds when a single survey item is mea-

sured consistently over several years, and people’s understanding of this survey item

do not change over time. One could also set cut points to vary over time. Prior work

has discussed the extension of the parallel regression assumption where cut points are

allowed to vary across covariates (Fullerton 2009; Williams 2006). We set cut points

to be time constant instead of time varying because of model parsimony considera-

tions. Our goal is to pool multiple survey series, thus the cut points are primarily set to

be survey specific to account for any survey-level design effects.1

Now, we write the probability of any individual i responding yitq = k,

P yitq = kq

� �
= P tq, k�1 � mt � hit � tq, k � mt

� �
=F tq, k � mt

� �
� F tq, k�1 � mt

� �
, ð5Þ

where F(�) is the cumulative distribution function of standard normal distribution.

Estimation Procedure

The unknown parameters t, m are estimated by maximizing the joint likelihood L

expressed as

L =
Q

q

Q
t2 1, lq½ �

Q
k2 1, Kq½ � Pr kð ÞNqtk =

Q
q

Q
t2 1, lq½ �

Q
k2 1, Kq½ � (F tq, k � mt

� �
� F tq, k�1 � mt

� �
)
Nqtk

,

ð6Þ

where Nqtk =
P

i

I(yitq = k) is the number of individuals responding category k to ques-

tion q in year t. Note that there exist an infinite number of parallel solutions of m and t

that equally maximize L. Therefore, we need to normalize the parameters to remove

the indeterminacy. Without loss of generality, we set the population mean attitude m

of the first year to 0. This adds a constraint to equation (6), converting the search of t,

m to the following equivalent optimization problem:

maxt, m

Q
q

Q
t2 1, lq½ �

Q
k2 1, Kq½ � (F tq, k � mt

� �
� F tq, k�1 � mt

� �
)
Nqtk :

s:t: m0 = 0 ð7Þ

10 Sociological Methodology



To facilitate the optimization process, we feed the model with initial values that draw

from a simpler ordered probit model with a homogenous mean (set at 0) across years.

Overlapping Year as the Identification Condition. Our model requires that survey

series satisfy the sample representativeness condition; that is, each survey should be

representative of the underlying population. For example, if the goal is to pool multiple

surveys to study life satisfaction trends of the U.S. population, the surveys used should

be representative of the entire U.S. population in the given year.

With the sample representativeness condition, the population-level mean attitude at

each time t, mt, does not vary across surveys, that is,

mt, q = 1 = mt, q = 2 = � � � = mt : ð8Þ

This condition allows us to anchor q-specific thresholds tq. For this to work, our

method further requires that the pooled survey series should overlap with each other.

When two survey series (say, q = 1,2) overlap in a year (say, year u), the condition

mt=u,q=1 = mt=u,q=2 means we only need to normalize one mean in one survey series,

say, m1,1 = 0, to identify tq(q = 1,2). Formally speaking, we can introduce the follow-

ing proposition:

Proposition 1: Survey series can be pooled together only when they have at least one

overlapping year.

The overlapping year condition draws insights from research practices in survey

design and evaluation. When evaluating a particular aspect of survey design, survey

researchers often randomly assign respondents to different versions of surveys. The

goal is to test various design effects, such as changes in survey mode (Couper 2011) or

measurement (Jaeger 1997). The random assignment ensures the distributional proper-

ties of the underlying variables should be the same.

In a similar vein, when survey series overlap in a given year, we assume the same

latent attitude is measured as if two measurement scales are randomly given to two

independent samples drawn from the same population. For example, if two survey

series q = 1 and q = 2 do not overlap in any year, equation (6) can be split into two

terms, covering the years of survey q = 1 and the years of survey q = 2. The two sur-

vey series would require two separate normalization conditions so that m terms are

incomparable across the two series. If, however, q = 1 and q = 2 overlap in a given

year, we can reduce the two normalization requirements that are imposed on the two

survey series into one, as we can use the information from one survey for normaliza-

tion in the other.

When two survey series overlap in more than one year, we have an over-

identification condition, that is, there is more than enough information in the two

series to estimate the unknown parameter tq and mt. This allows us to test if the mean

equality condition in equation (8) holds. For example, if two survey series q = 1 and

q = 2 overlap in two years t = 1 and t = 2, we can parametrize the two sets of models.

The first model assumes the population mean attitudes to be equal in both years in

two survey series, that is, mt=1,q=1 = mt=1,q=2 = m1 and mt=2,q=1 = mt=2,q=2 = m2. The
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second model assumes population mean attitudes to be different in one of the two

years between the two survey series, that is, mt=1,q=1 6¼ mt=1,q=2 or mt=2,q=1 6¼ mt=2,q=2.

By comparing the performance of the two models via likelihood-ratio statistics, we

can test the mean equality hypothesis. When the mean equality hypothesis is sup-

ported, we use both overlapping years as a pooled identification condition to improve

the efficiency in the estimation of the threshold parameters for the overlapping years.

In the case of pooling more than two survey series, the overlapping year condition

requires an undirected network connecting a pair of survey series if they overlap for at

least one year. That is, a path exists on this network between them. As illustrated in

Figure 2, five survey series are implemented from 2000 to 2006, and each covers a dif-

ferent period. A, B, and C can be pooled together because A and B overlap in 2001,

and B and C overlap in 2002. In the same vein, D and E can also be pooled together.

However, we cannot pool all five survey series together because there is no connection

linking the two clusters {A, B, C} and {D, E}. Our method works for a subset of sur-

vey series in which any two survey series are mutually reachable. Similar to the case

of two overlapping survey series, for a group of mutually reachable survey series, the

normalization conditions can be reduced by borrowing distributional information from

one another.

SIMULATION STUDY

So far, we have outlined the LAM. In this section, we conduct a simulation study to

evaluate the performance of the LAM. With generated data, we can investigate how

successfully the method can recover the true population-level mean attitudes and

survey-specific cut points.

To simulate attitudes of the population under study, we generate 10 years of data

with 100,000 individual observations per year. Each individual’s latent attitude y�it is

drawn from a standard normal distribution with a random mean. Thus, the “true” mean

of the population-level attitudes is known. The simulated latent attitude distributions

are displayed in Figure 3a.

Figure 2. An illustration of the overlapping year condition: (a) five survey series are running
from 2001 to 2006 (gray in the left panel) and (b) A and B are directly connected as they
overlap in 2001, B and C are directly connected with an overlapping year 2002. A and C are
indirectly connected, as there is a path between them. A, B, and C are not connected to survey
D or E.
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Next, we develop three Likert-type survey series, A, B, and C, with different

response scales and time coverage. Each year, a fresh random sample is drawn from

the simulated population, satisfying the condition of sample representativeness.

Specifically, survey A draws a 20 percent sample from the population each year,

and is administered from year 1 to year 5. Survey B draws a 10 percent sample from

the population each year, and is administered from year 4 to year 8. Survey C draws

a 15 percent sample from the population each year and is administered from year 7

to year 10. As a result, A and B overlap in years 4 and 5, and B and C overlap in

years 7 and 8.

The response scales differ across the three survey series. Our goal is to simulate the

scenarios described in Figure 1. These scales are set by assigning series-specific cut

point values t, such that the relationships between the latent value yit
* and t follow

equation (2). Survey series A and B are designed to simulate the case of scale number

differences, as A has four-level responses and B has a five-level response scale. Survey

series A and C are designed to simulate the case of wording differences, as they both

have four-level response scales, yet differ in the actual cut point values. The assigned

cut point values are presented in columns 1, 2, and 3 in Table 2. With the true cut point

values known, we can evaluate the accuracy of the estimated cut point values.

The goal of the LAM approach is to address the problem of measurement inconsis-

tency when pooling data from multiple survey series. To illustrate the problem, we plot

the cumulative distribution of the responses across scales (Figure 3b). These three

Figure 3. Simulation design: (a) simulated latent attitude distribution, (b) cumulative
distribution of ordinal scales from three surveys, (c) interval-scale approach, and (d)
proportional approach.
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survey series measure the same underlying latent attitudes at the overlapping year, but

the observed distribution of respondents by each scale differs. As a result, one cannot

simply pool these three surveys to infer long-term trends without addressing measure-

ment issues. We further apply the integer-scoring approach and the proportional

approach, and the results are presented in Figures 3c and 3d. We see that both methods

are inadequate in addressing the problem, as trends appear incomparable across survey

series.

Figure 4 presents the estimated mean attitude with the LAM approach. We con-

structed 95 percent confidence intervals with 500 bootstrapped replicates. The figure

shows the LAM estimates successfully recover the simulated true mean values. Table

2 presents the actual and estimated cut points. The estimated cut point values are very

close to the actual values, validating the method.

Table 2. Simulated True Cut Point Values versus Estimated Cut Point Values

True Value Estimated Value

Cut Point Survey A Survey B Survey C Survey A Survey B Survey C

t1 21.577 22.206 21.40 21.529 22.109 21.295
t2 .020 2.824 2.050 .075 2.691 .023
t3 1.604 .867 1.50 1.623 .953 1.561
t4 NA 1.414 NA NA 1.481 NA

Note: NA = not applicable.

Figure 4. Latent attitude method estimates with simulated data.
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EMPIRICAL EXAMPLE: AMERICANS’ ATTITUDES TOWARD
CHINA

In this section, we apply the LAM approach to construct a long-term trend in

Americans’ attitudes toward China. This topic is substantively important today, as

Americans’ attitudes toward China have become particularly negative in light of the

coronavirus disease 2019 pandemic (Cook, Huang, and Xie 2021; He, Zhang, and Xie

2022). The significant decline in Americans’ attitudes toward China in recent years

has been established (Huang, Cook, and Xie 2021a, 2021b; Silver, Devlin, and Huang

2020; Xie and Jin 2022), but the swings in Americans’ attitudes toward China over

the long term are not as well determined.

We focus on adult Americans’ attitudes toward China from 1974, when the two

nations began rapprochement, to 2019, when the most recent data are publicly avail-

able. The LAM approach is ideally suited for studying Americans’ attitudes toward

China over the long term on the basis of survey data: multiple surveys have solicited

Americans’ attitudes toward China, yet no single one was implemented on a suffi-

ciently long-term basis to provide a comprehensive picture of how Americans viewed

China over the past four decades. For example, GSS included one question on attitude

toward China beginning in 1974 but dropped this question in 1994. The Pew Research

Center’s influential survey series on Americans’ attitudes toward China was not

launched until 2005. Given the complexities of U.S.–China relations from 1974 to

2019, and the associated attitude changes, it would be helpful to pool data from differ-

ent survey series to construct a single time-series measure of Americans’ attitudes

toward China over the long term.

Data

Surveys on Americans’ attitudes toward China are abundant. To be inclusive, we made

a thorough search of such surveys from three large survey archives, the Roper Center

for Public Opinion Research, the National Opinion Research Center, and the Inter-

University Consortium for Political and Social Research. We include surveys on the

basis of the following criteria: (1) The questions’ wording should measure general atti-

tudes toward China. We excluded questions asking domain-specific attitudes, such as

attitudes toward Chinese people, the Chinese government, or the Chinese economy.

(2) The targeted population was the entire U.S. adult population: we thus excluded

regional surveys. (3) The same survey question was implemented at least twice over

time so we can anchor measurements. We thus excluded surveys that were implemen-

ted only once. “Don’t know” responses and missing responses are excluded from the

final data set.

The final collection includes data from 101 cross-sectional public opinion surveys

administered by 10 institutions between 1974 and 2019, shown in Table 3. The surveys

came from a wide range of sources, including large national social surveys (e.g., the

GSS) and polls conducted by public opinion research companies (e.g., Gallup and

Pew) and television networks (e.g., ABC and CBS). We constructed the outcome vari-

ables into 13 survey series on the basis of survey organizations, question wordings,
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and response categories. Data from different years are considered in the same survey

series if survey questions were administered by the same organization with the same

question wording and response categories. If surveys were administered by the same

survey organization but with different response categories, data are partitioned into dif-

ferent series. For example, Gallup asked two versions of questions about Americans’

attitudes toward China. The first asked respondents’ level of favorability or unfavor-

ability toward China with a 4-response scale. The second asked to what extent respon-

dents liked China with a 10-response scale. Data from the two questions are treated as

different survey-series variables, denoted as GALLUP_4 and GALLUP_10 in Table 3.

The final data set includes information on survey institutions, question wording, survey

date, response scale, percentage of respondents corresponding with each scale, and the

total sample size.

Table 3 presents a detailed description of the data. As shown in the table, the word-

ings of these questions are very similar, and this consistency assures us they all mea-

sure the same latent attitude toward China. However, the response scales vary from a

simple binary scale indicating a favorable or unfavorable attitude, to a 0-to-100 warmth

scale.2 The most common is a four-response scale, where respondents rate their attitude

toward China as very favorable, somewhat favorable, somewhat unfavorable, or very

unfavorable. The longest running question series was administered by Gallup, which

asked respondents’ attitudes toward China with a four-response scale (GALLUP_4).

Figure 5 provides a first glance at the time-series variables. To better detect the

trend, we collapse the response scales and only show the percentage of positive atti-

tudes in each variable. Overall, these polls consistently show the Tiananmen Square

Figure 5. Percentage of respondents with a favorable attitude toward China.
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protests in 1989 marked a turning point in Americans’ attitudes toward China. Before

1990, the proportion of Americans who held favorable views of China was well above

40 percent in most polls. The drastic decline in favorability after 1989 was captured

by most polls, including those administered by ABC, CBS, Gallup, and the GSS.

However, the trends are less clear thereafter. Some polls, such as Gallup, show

Americans’ persistent low favorability toward China; others, such as the GSS, show

an uptick in favorability in the 2000s. The levels of favorability also differ across

polls. For example, CBS and Growth from Knowledge Networks (USKN_5) show

persistent lower percentages of favorable attitudes toward China compared with other

polls. The inconsistencies across the survey series suggest scale incomparability is a

crucial issue and warrants further study.

LAM Estimates of Americans’ Attitudes toward China

Much of the prior research on Americans’ attitudes toward China draws heavily from

the idea of cognitive frameworks (Baum and Potter 2008; Converse 1964; Hurwitz

1987). Cognitive frameworks are the mental shortcuts with which people interpret the

information available to them. Fundamentally, human brains have limited capacity and

tend to take cognitive shortcuts when evaluating complex issues (Fiske and Taylor

2017). For ordinary people, information regarding foreign affairs is complex and dis-

tant from their everyday lives, so they rely on such frameworks to evaluate foreign

affairs information. The classic example is the cold war mental framework, wherein

people evaluated countries on the basis of their relationships with either the Soviet-led

communist bloc or the U.S.-led Western bloc.

Americans’ attitudes toward China should also be interpreted in light of different

cognitive frameworks the public has adopted in different historical periods. Huang

et al. (2021b) posited that Americans’ attitudes toward China since the 1970s have

been influenced by how the news media has reported major historical events in U.S.–

China relations. These historical events set Americans’ cognitive frameworks in their

evaluation of China.

The LAM facilitates analysis of the long-term changes in Americans’ attitudes as

the public has adopted different cognitive frameworks. Figure 6 presents the LAM esti-

mates of Americans’ attitudes toward China and bootstrapped 95 percent confidence

intervals. Compared with individual polls in Figure 5, the LAM estimates provide a

clearer picture of the change in attitudes over a much longer period. For example,

Americans’ attitudes toward China became more positive throughout the 1970s and

1980s. Probably this is because prior to the 1970s, Americans viewed China as a com-

munist, totalitarian regime. Yet beginning in the 1970s, united by a common adversary

in the Soviet Union, the two nations moved toward rapprochement and eventually

formed a diplomatic relationship in 1979.

Americans’ attitudes toward China peaked by the end of the 1980s. Figure 6 shows

that Americans’ perceptions of China became precipitously more negative immedi-

ately after the Tiananmen Square protests in 1989. For many Americans, the protests

cued the “communist regime” cognitive framework, resulting in a significant negative
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effect on their attitudes toward China. The post-1989 period saw ebbs and flows in

attitudes. Although there were some upticks, Americans’ attitudes toward China never

reached the levels of the pre-1989 period. Scholars have argued that Americans’ atti-

tudes toward China were ambivalent in the two decades after the Tiananmen Square

protests (Tien and Nathan 2001). The fluctuations in attitudes during this time suggest

the U.S. public had not yet formed a conceptual anchoring point with regard to China.

Americans were attracted by China’s large domestic market but were also threatened

by its rising economic power. In recent years, there appears to have been yet another

shift in attitudes. During the Trump administration, the U.S.–China relationship expe-

rienced rapid deterioration, and this has been reflected in declining attitudes toward

China since 2018 (Xie and Jin 2022).

DISCUSSION AND CONCLUSION

The study of attitudinal trends with pooled data is important because of pervasive atti-

tude measures in survey research, and because of the difficulties in measuring attitude

as a latent construct. In this study, we developed a new LAM to address the issue of

scale incomparability when pooling multiple survey series for trend analysis. We

started our analysis with two measurement principles, measurement consistency and

sample representativeness. Building on these two principles, we emphasized that atti-

tude surveys usually do not have intrinsic numerical scales and thus cannot be directly

subjected to arithmetical operations. We further showed that although the integer-

scoring and proportional approaches are widely used in the context of single survey

series, not only do these two approaches dismiss the ordinal nature of attitudinal

Figure 6. Latent attitude method estimates of Americans’ attitudes toward China.
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surveys, but they also are incapable of addressing the issue of scale incomparability

when pooling multiple survey series.

The challenge of scale incomparability motivated us to propose a latent variable

approach to the study of pooling multiple attitudinal survey series. We modeled the

process of population attitudinal change by extending the classical latent variable

model. A defining feature in our model specification emphasizes that the cut point

parameters should be survey specific and time constant. Although it is possible to

allow cut points to vary over time in limited forms, this should only be considered with

strong theoretical justifications. In general, we recommend a fixed cut point approach

unless there are compelling reasons to do otherwise. We rely on overlapping year(s) as

the identification condition so the survey series can be conveniently anchored without

imposing any additional normalization requirements.

The subsequent simulation analysis demonstrates that the LAM approach success-

fully recovers the true mean population-level attitudes and survey-specific cut points.

We applied the proposed approach to the study of the long-term trend in Americans’

attitudes toward China. The empirical results paint a clearer picture of the ebbs and

flows of Americans’ attitudes toward China over the past four decades. Our method

can be fruitfully applied to other research contexts in which multiple surveys measure

the same latent constructs, and when scholars are interested in long-term changes in

subjective well-being, such as happiness or self-rated health.

Besides trend analysis, the method can also be used when different survey instru-

ments are used in different geographic units. Recall that the key to identifying an

unknown cut point and the mean in trend analysis is the overlapping year condition.

We suggest that in the case of geographic variation, the same rationale can be applied

if two or more surveys overlap in the same geographic unit. In such a case, we can

consider the surveys as measuring the same latent attitudes and anchor the survey on

the basis of the overlapping geographic location. When applied to the context of esti-

mating geographic variations of attitudes, we stress that our model is different from

the existing small-area estimation method in pooling multiple surveys, such as multile-

vel regression and poststratification. To be precise, the data structure required by the

two approaches is different. Multilevel regression and poststratification uses national-

level data with subnational geographic unit identifiers, thus the data structure is essen-

tially hierarchical. The first step of the approach, the multilevel regression with ran-

dom effect, borrows information from the neighboring units. In contrast, our approach

does not require a hierarchical data structure.

Finally, one limitation of the LAM is that we assume the survey series under study

are representative. The results will not be biased even if survey series adopt different

sampling strategies as long as they are representative of the population under study.

However, this assumption may not hold in some cases. If sampling bias varies with

time within a survey series, it would introduce measurement inconsistency and make

data from a survey series incomparable for trend analysis. If sampling bias is present

but constant within a survey series, trend analysis is less threatened, but it compro-

mises the pooling of data across survey series through use of the LAM. For example,

certain demographic groups or geographic locations may be consistently over- or
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undersampled by some surveys across all waves. One potential solution is to attain

additional external information. For instance, if the distributions of respondents’ demo-

graphics are known, researchers can address potential survey-series-specific errors by

comparing respondents’ demographics and reweighting the series to make it nationally

representative.

APPENDIX

ALTERNATIVE MODEL SPECIFICATIONS

Table A1 shows model fit statistics that compare the current model against three alternatives

that allow cut points to vary by time in different forms. Model 1 is the current model, which

assumes cut points are time constant for all surveys. Model 2 assumes cut points differ before

and after year 1989 for all surveys. Model 3 allows the second cut point (t2) of survey Gallup_4

to vary completely over time, while holding other cut points time-constant. Model 4 assumes

all cut points follow a linear function of time.
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Table A1. Test Statistics for Model Comparison.

Model Description Log Likelihood d.f. AIC BIC

1 Constant cut points 2155,574.5 89 311,327 312,180.6
2 Different cut points before and after 1989 2155,343.7 112 310,911.4 311,985.5
3 Varying tGallup_4,2 2155,407.9 118 311,051.8 312,183.5
4 Linear trend in all cut points 2155,227.7 138 310,731.3 312,054.8

Note: AIC = Akaike information criterion; BIC = Bayesian information criterion.
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Notes

1. One could also set cut points to vary over time in limited forms (e.g., over broad periods or linearly).

To illustrate, we conducted additional analyses that compare the current model with three alternative

models that allow the cut points to vary by time in different forms in the subsequent empirical exam-

ple (see Appendix A). Because each survey allows distinct cut points, varying cut points by time

would lead to a substantial increase in the required degrees of freedom. The results in Table A1 show

a very marginal increase in log likelihood of models 2, 3, and 4 over model 1. That is, allowing cut

points to vary with time does not significantly improve goodness-of-fit, considering the cost of

increased degree of freedom.

2. The 0-to-100 warmth scale was reported as a 1-to-5 scale in the Roper Center for Public Opinion

Research archive.
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