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Abstract

Analyses of heterogeneous treatment effects (HTE) are common in applied causal infer-
ence research. However, when outcomes are latent variables assessed via psychometric
instruments such as educational tests, standard methods ignore the potential HTE
that may exist among the individual items of the outcome measure. Failing to account
for “item-level” HTE (IL-HTE) can lead to both estimated standard errors that are
too small and identification challenges in the estimation of treatment-by-covariate
interaction effects. We demonstrate how Item Response Theory (IRT) models that
estimate a treatment effect for each assessment item can both address these challenges
and provide new insights into HTE generally. This study articulates the theoretical
rationale for the IL-HTE model and demonstrates its practical value using data from 20
randomized controlled trials in economics, education, and health. Our results show that
the IL-HTE model reveals item-level variation masked by average treatment effects,
provides more accurate statistical inference, allows for estimates of the generalizability
of causal effects, resolves identification problems in the estimation of interaction effects,
and provides estimates of standardized treatment effect sizes corrected for attenuation
due to measurement error.
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1 Introduction

Analytic methods to assess heterogeneous treatment effects (HTE) play a critical role in

program and policy evaluation. They reveal for whom and under what conditions an

intervention works (Imai & Ratkovic, 2013; Kent et al., 2018; Schochet et al., 2014; Wager &

Athey, 2018; Xie et al., 2012). One common approach to HTE analyses is to interact treatment

indicators with pretreatment covariates to estimate whether treatment efficacy differs by

person or site characteristics. However, when the outcome is a latent variable (Bollen, 2002)

assessed using a psychometric instrument such as an educational test, psychological survey,

or patient self-report of disease symptoms (e.g., Bergenfeld et al., 2023; Cochran et al., 2019;

Hieronymus et al., 2019; Jacob and Rothstein, 2016; Jessen et al., 2018; D. M. Koretz, 2008),

the traditional approach, which interacts person and site covariates with treatment status,

ignores an alternative heterogeneity: variation among the individual items of the outcome

measure in their sensitivity to treatment. In this study, we demonstrate that ignoring this

potential “item-level” HTE (IL-HTE) can create both causal identification challenges and

inflated estimates of statistical precision. In addition, modeling IL-HTE can provide new

insights into causal analyses in general. By ignoring IL-HTE, researchers conducting causal

analyses of outcome data derived from psychometric instruments can reach incomplete or

incorrect conclusions about the efficacy and policy implications of specific interventions.

To address these challenges, emerging scholarship in education, psychometrics, and

epidemiology has proposed item response theory (IRT, Hambleton and Swaminathan, 2013)

modeling approaches that allow for unique treatment effects on each assessment item (Ahmed

et al., 2023; Gilbert, Hieronymus, et al., 2024; Gilbert et al., 2023; Sales et al., 2021). These

models for IL-HTE can offer new insights into the inference, identification, and generalizability

of causal effects for both methodologists and applied researchers, although they have not yet

been widely applied in causal inference and program evaluation contexts. The purpose of

this study is to articulate the rationale for the IL-HTE approach and demonstrate its wide
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applicability, illustrated by analyzing 20 item-level data sets from randomized controlled

trials (RCTs) in education, economics, and clinical trials. Using these data, we explore five

insights that the IL-HTE model provides for HTE analyses and illustrate the implications of

each insight both theoretically and empirically.

We briefly summarize five insights the IL-HTE model provides for the applied researcher

analyzing randomized evaluations with psychometric outcome measures. First, the IL-HTE

model provides an interpretable measure of variation in item-specific or subscale effects

potentially masked by the average treatment effect (ATE), a detail that would be lost in a

conventional analysis of a single-number score outcome. Second, the IL-HTE model provides

more realistic standard errors for the ATE because it accounts for the variation that arises

from the selection of the items for the outcome administration, thus providing inference for the

items that could have been included in the outcome measure, not just those that were included

in the outcome measure. Third, the IL-HTE model allows for out-of-sample generalizations of

treatment effects on untested items through prediction intervals covering a range of treatment

effects on items drawn from a similar population of items that could have been selected for

outcome administration. Fourth, the IL-HTE model solves critical identification problems

in the estimation of treatment-by-covariate interaction effects by allowing for correlations

between item location (i.e., item difficulty) and item-specific treatment effect size. Finally,

the IL-HTE model (and all latent variable models) provide estimates of standardized effect

sizes that are corrected for attenuation due to measurement error.

The remainder of the study is organized as follows. We begin with a conceptual discussion

of the potential causes of IL-HTE in Section 1.1 and review a potential outcomes framework

for observed and latent variables in Section 1.2. Section 1.3 reviews the traditional treatment-

by-covariate interaction effect approach to HTE analysis and introduces the IL-HTE model

as an extension. Section 2 presents our data source and methods. We present our findings in

Section 3. Section 4 concludes.
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1.1 Potential Causes of Item-Level Heterogeneous Treatment Ef-

fects

We begin with a discussion of several potential causal mechanisms that might lead to IL-HTE.

First, IL-HTE can arise when a test or other measure is not aligned appropriately with

the intervention that is the object of study (Clearinghouse, 2022; Francis et al., 2022). For

example, if a math intervention is focused on fractions, but the test covers all fifth-grade

math content, only test items related to fractions may show a treatment effect as a result of

this under-alignment. This scenario relates to the “instructional sensitivity” of a measure

(Naumann et al., 2014; Polikoff, 2010). From a psychometric perspective, this issue could be

conceptualized as having a subscale or testlet model as the true data-generating measurement

model (Rijmen, 2010), where true treatment effects impact only certain subsections of a

test, but the researcher estimates treatment effects using only the overall score. Evidence of

this intervention-assessment alignment issue is abundant in studies showing that treatment

effect estimates are much larger, on average, when the researcher conducting the study uses

a measure designed for that intervention rather than a standardized instrument (Kim et al.,

2021; Wolf & Harbatkin, 2023).

Second, if an intervention takes place over the course of several months or years, the

developmental appropriateness of the items may shift over time. For example, some test

items from earlier grades (i.e., those that cover content relatively less covered in later grades)

might paradoxically become more difficult as students move on to other material. Or, in

the case of survey items, developmental changes might affect how strong an indicator of

the latent construct an item is. For example, a survey item asking if the respondent “cries

easily” is unlikely to be an equally meaningful indicator of depression when the respondent is

10 years old compared to 70 (Curran et al., 2008), and there is evidence that this item is

not equally indicative of depression for boys versus girls (Steinberg & Thissen, 2006). From
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a technical perspective, measurement invariance failures that have nothing to do with the

intervention can nonetheless introduce bias into RCTs (Soland, 2021).

Third, in education, IL-HTE could be the product of teaching to the test or “score

inflation” (Barlevy & Neal, 2012; Jacob & Levitt, 2003; D. Koretz, 2005; D. M. Koretz,

2008), whereby test scores can increase without a corresponding increase in latent ability.

For example, an intervention focused on test-taking strategies such as process of elimination

could have the effect of making multiple choice items easier in the treatment group while

open response questions would be unaffected by treatment.

Two other potential causes of IL-HTE could arise if the outcome of interest is measured

with a psychological or social-emotional survey instrument. Specifically, research documents

that response shifts can occur in intervention studies when observed changes in respondents’

scores reflect something other than true changes in the attribute of interest, such as when

an intervention changes the way treated respondents interpret the items (Olivera-Aguilar

& Rikoon, 2023; Oort et al., 2009). For example, some medical studies on quality of life

show that patients with serious health conditions can score better than healthy people, or

that patients score better after deterioration of health (Groenvold et al., 1999). Such results

indicate that patients may adopt other frames of reference than healthy people, or adopt new

perspectives when their health changes. A related explanation is that the intervention makes

the treated better able to identify the responses the researcher wants to hear. Although

less studied, differential response style bias, such as socially desirable responding for the

treatment group post-intervention (Bolt & Johnson, 2009; Schneider, 2018; Van Herk et al.,

2004) or Hawthorne effects (Leonard, 2008; Levitt & List, 2011; Tiefenbeck, 2016) could also

lead to IL-HTE.

Note that in some cases, these explanations treat sources of heterogeneity as a nuisance

resulting from failures of measurement invariance. However, other explanations such as

instructional sensitivity allow us to better understand treatment effects by acknowledging

that not all items respond equally to the treatment. Under any of the conditions discussed in
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this section, IL-HTE cannot be identified or understood without first modeling heterogeneity

in the item responses.

1.2 Potential Outcomes with Observed and Latent Variables

Consider some outcome θj for person j. Using the potential outcomes framework (Imbens

& Rubin, 2015; Rubin, 2005), we define the individual causal effect of binary treatment

Tj on person j as τj ≡ θj(1) − θj(0), where 1 indicates the treatment counterfactual and

0 indicates the control counterfactual. Because only one counterfactual is observed, τj is

in principle unobservable. Therefore, we define the sample average treatment effect (ATE)

as τj = E[θj(1)− θj(0)] = E[θj(1)]− E[θj(0)], which is identifiable from the observed data.

We can estimate the sample ATE τj by calculating the difference in means (denoted β̂1)

between the treated and control groups when treatment is randomly assigned, because

random assignment ensures that the observed treatment status is independent of the potential

outcomes. This independence implies that the conditional expectation of θj(·) given Tj is

equal to the marginal expectation of θj(·):

β̂1 = E[θj(1) | (Tj = 1)]− E[θj(0) | (Tj = 0)] (1)

= E[θj(1)]− E[θj(0)] if Tj ⊥⊥ [θj(1), θj(0)] (2)

= τj. (3)

In practical terms, we can recover the ATE by estimating the following linear regression

model, where Tj is an indicator variable for the treatment status of person j, β0 is the mean

of the control group, β1 is the difference in means between the groups, and εj is the error

term (Imbens & Rubin, 2015; Murnane & Willett, 2010):

5



θj = β0 + β1Tj + εj. (4)

When θj is observed, the difference in means approach provided by Equation 4 is standard.

However, θj may be an unobserved or latent variable, which requires the use of a proxy

observed variable Yj in its place (Bollen, 2002; Kmenta, 1991). Examples of latent variables

and their proxies include an observed student math test score as a proxy for unobserved

mathematical ability, or a sum score on a depression scale as a proxy for unobserved patient

depression, each constructed from a set of items. Typical approaches to constructing Yj

include the Classical Test Theory sum score (Yj = ΣI
i=1Xi, where Xi is the item response and

I is the number of items in the measure) (Lord & Novick, 1968) or Item Response Theory

(IRT) approaches that employ more complex weighting schemes to calculate the observed

score (Hambleton & Swaminathan, 2013).

Thus, in many empirical applications, we estimate the causal effect on the proxy outcome

Yj:

Yj = β0 + β1Tj + εj. (5)

In the case of classical measurement error in Yj, the error gets absorbed into the residual

term εj. As such, β1 from Equation 5 still provides an unbiased estimator for the ATE,

although the model for the proxy outcome is less efficient than a model of the true outcome

θj due to the increased residual variance. For this reason, measurement error is not typically

considered a challenge to causal identification. Consequently, attention to measurement issues

in causal inference has received relatively less attention than other threats to internal validity,

such as nonrandom attrition or covariate imbalance (e.g., Clearinghouse, 2022), although an

emerging body of work has been to explore the implications of measurement issues for causal
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inference more generally (Ballou, 2009; Gilbert, 2024; Macours et al., 2023; Shear & Briggs,

2024; Soland et al., 2022).

Importantly, measurement error in the outcome is relevant for causal inference because it

causes attenuation bias when the outcome variable is standardized (a common practice given

that test scores and psychological surveys have no natural scale). This attenuation bias occurs

because the residual standard deviation σε is inflated due to measurement error. Therefore,

when calculating a standardized effect size such as Cohen’s d using the standard formula β1

σε
,

the resulting effect size from the proxy outcome model is driven downward relative to the

effect size derived from a model of the true outcome. This attenuation bias can be corrected

with both classical and modern (i.e., latent variable) approaches (Gilbert, 2024, Section 1.1),

an issue that we return to in Section 3.5.1

In contrast to a two-step approach in which we first construct some proxy Yj and use the

proxy as the outcome in a regression model, consider an alternative analytic approach that

estimates the ATE directly from the responses to individual items of the outcome measure

without the need to compute a summary score to be used as a proxy outcome in a separate

step. For example, if the items are dichotomous, such as correct or incorrect answers on an

educational test, we can use the following model to estimate the ATE directly on the latent

trait θj:

1In simple linear regression with two (unstandardized) variables, measurement error in the predictor serves
to attenuate the slope towards 0, whereas measurement error in the outcome does not create bias but reduces
precision and power as the measurement error is absorbed into the residual term, though these simple rules
of thumb do not always hold in more complex circumstances (Cole & Preacher, 2014; DeShon, 1998; Gilbert,
2024; Kline, 2023; Shear & Briggs, 2024).
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logit(P (Yij = 1)) = ηij = θj + bi (6)

θj = β0 + β1Tj + εj (7)

bi = bi (8)

bi ∼ N(0, σ2
b ) (9)

εj ∼ N(0, σ2
θ). (10)

Here, the log-odds that response to item i by person j equals 1 is a function of latent person

trait θj and item location bi. θj is in turn a function of the control group mean β0 and

the treatment effect β1, analogous to Equation 4. The equation for θj can be expanded to

include additional predictors, such as covariates or treatment-by-covariate interactions. In

educational testing contexts, item location bi is typically interpreted as item easiness, in that

items with higher values of bi are easier to answer correctly.

Equation 6 is an explanatory IRT model, an approach with origins in the psychometric

literature (Wilson & De Boeck, 2004; Wilson et al., 2008). While IRT and associated models

have a rich tradition in psychometrics, education, and psychology (Petscher et al., 2020),

applications in these disciplines have been mostly descriptive (Gilbert, 2023a). However,

an emerging literature has begun to apply IRT models to causal inference applications in

education, economics, and clinical trials, demonstrating the advantages of the IRT approach

to causal analyses (Ahmed et al., 2023; Gilbert, 2023a; Gilbert, Hieronymus, et al., 2024;

Gilbert, Miratrix, et al., 2024; Gilbert et al., 2023, in press; Sales et al., 2021).2

2Though we rely on an IRT formulation, Equation 6 is similar to a structural equation model (SEM) that
simultaneously accounts for both measurement and structural components in a single estimation procedure
(Kline, 2023). Continuous analogs to the IRT formulation explored here include the traditional factor analytic
model and linear SEM (Aigner et al., 1984; Bentler, 1983; Kline, 2023; Lewbel, 1998; B. O. Muthén, 2002;
Skrondal & Rabe-Hesketh, 2007). Note that treatment impacts can also be taken into account in a latent
variable through a multigroup IRT model. That is, one can fit a model that constrains item parameters to be
equal across control and treatment groups but allows control and treatment groups to have unique means and
variances for the latent trait (by contrast, simply regressing the latent variable on a treatment indicator only
shifts the latent mean). In addition to helping produce unbiased treatment effect estimates under certain

8



However, whether we use a single number score Yj as a proxy for a latent outcome of

interest in a two-step procedure, or a latent variable model such as Equation 6 that models

treatment effects on the item responses directly in a single step, the approaches described so

far ignore the HTE that may exist among participants or among items of the assessment. In

other words, all models considered above assume that treatment effects are constant across

people and the items of the measure. We can relax this assumption by allowing treatment

effects to vary using models that allow for HTE.

1.3 Modeling Heterogeneous Treatment Effects (HTE)

1.3.1 Person-Level HTE

We can extend Equation 6 to allow for HTE by some person-level covariate Xj as follows:

θj = β0 + β1Tj + β2Xj + β3Tj ×Xj + εj. (11)

In this model, β1 is the conditional ATE (CATE) when Xj = 0 and β3 is the HTE parameter.

When β3 = 0, the treatment effect is constant across the range of Xj; when β3 ̸= 0, the

CATE depends on the value of Xj. Xj could include, for example, variables such as age,

gender, baseline ability, or other person characteristics. Treatment-by-covariate interaction

models serve as the workhorse of HTE analysis in many disciplines (Athey & Imbens, 2017b;

Donegan et al., 2012, 2015; Gabler et al., 2009; Gewandter et al., 2019; Lee, 2005; Schochet

et al., 2014; Tian et al., 2014), though they are but one approach among many to estimate

HTE. Alternatives include quantile regression, mediation, instrumental variables, subgroup

analysis, generalizability analysis, and post stratification (Schochet et al., 2014; Tipton, 2014),

as well as machine learning approaches (Athey & Imbens, 2017a, 2019; Bonhomme et al.,

conditions (Soland et al., 2022), such models can be adapted to match more complex, quasi-experimental
scenarios such as difference-in-difference designs (Soland, 2023).
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2022; Chernozhukov et al., 2018; Gong et al., 2021; Künzel et al., 2019; Wang et al., 2024).

In this study, we maintain focus on interaction effects because they are the most commonly

applied and most widely understood approach to HTE analysis. Furthermore, no matter how

flexibly we estimate the CATE as a function of person or site covariates, all such methods

ignore the possibility of IL-HTE.

1.3.2 Item-Level HTE

As an alternative to the person-centered approach, we can similarly allow for item-level HTE

by allowing a unique treatment effect on each item. Specifically, we extend Equation 6 to

include an interaction between treatment and item through the bij term (where the added j

subscript allows for separate b parameters for each group):

logit(Yij = 1) = ηij = θj + bij (12)

θj = β0 + β1Tj + εj (13)

bij = bi + ζiTj (14)bi
ζi

 ∼ N


0
0

 ,

 σ2
b ρσbσζ

ρσbσζ σ2
ζ


 (15)

εj ∼ N(0, σ2
θ). (16)

Here, ζi represents the residual treatment effect on item i—i.e., an effect that is above and

beyond that of the ATE β1. That is, if ζi > 0, item i shows a larger treatment effect than

the average item in the outcome measure and the total treatment effect on item i is equal to

β1 + ζi. Variation in item-specific treatment effects is parameterized by σζ , which reflects

the standard deviation (SD) of item-specific treatment effects around the average β1. The ζi

are equivalent to uniform differential item functioning (DIF) effects caused by the treatment,

in that they reflect additional treatment effects on item i after the ATE on θj has been

accounted for (Gilbert et al., 2023; Montoya & Jeon, 2020). As discussed in Section 1.1,
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while differential item functioning, and by implication IL-HTE, is traditionally viewed as a

nuisance or as evidence of potential measurement invariance (or both) (Olivera-Aguilar &

Rikoon, 2023; Shear & Briggs, 2024), we argue that the IL-HTE model can be informative

because the unique content of some items may be truly more sensitive to a given treatment

and thus revealing of a fine-grained profile of treatment efficacy, rather than indicative of a

defective measure (Gilbert et al., 2023, in press; Sukin, 2010).

The correlation ρ represents the association between item location bi and item-specific

treatment effect ζi. Thus, ρ > 0 suggests that easier items were more responsive to treatment

compared to more difficult items, and vice versa for ρ < 0. While ρ may be of interest in

itself (Gilbert et al., 2023), it is perhaps most relevant in that it can cause identification

problems in the estimation of treatment-by-covariate interaction effects when omitted from

the model (Gilbert, Miratrix, et al., 2024), an issue that we return to in Section 3.4.

While IRT analyses conventionally treat items as fixed, our approach to IL-HTE analysis

uses random effects for items (De Boeck, 2008; Holland, 1990). Econometric analyses of

clustered data often prefer fixed to random effects specifications due to concerns about the

assumption that the random effects are uncorrelated with the predictors in the model, though

when this assumption is met, random effects models are more efficient than their fixed effects

counterparts (Antonakis et al., 2021; Bell et al., 2019; Rabe-Hesketh & Skrondal, 2022;

Wooldridge, 2010). The random effects assumption is not relevant in our proposed modeling

approach because in most causal inference applications, our covariates of interest are at

the item or person level. Confounding due to violations of the random effects assumption

only affects variables that vary across each person-item combination, for example, response

time (Lu et al., 2023).3 Furthermore, the random effects assumption can be relaxed through

a Mundlak specification that includes cluster means as covariates (Antonakis et al., 2021;

Curran & Bauer, 2011; Mundlak, 1978; Rabe-Hesketh & Skrondal, 2022; Wooldridge, 2010,

3In our application, Tj is constant within person j; Tij would suggest that a person received treatment on
some items but not others. While such a treatment is conceivable, such as a computerized test that offers
additional prompts on some subset of the items, it is unlikely to be the norm in most applied settings.
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2019), and extensions of the Mundlak approach apply to the models discussed here with only

minor adjustments (Baltagi, 2023; Guo et al., 2023).

The random effects approach also provides several benefits for our intended application.

While in principle we could fit similar models with item fixed effects by interacting each item

indicator with the treatment indicator Tj , we argue that the random effects approach is more

appropriate in general for addressing IL-HTE. Gilbert et al. (2023, pp. 894-895) provide

five arguments for the use of item random effects, summarized here. First, with item fixed

effects, variables representing item characteristics (e.g., subscale, modality, content area)

cannot be included in the model as they are collinear with item indicators. Second, each fixed

item intercept and item-by-treatment interaction adds a parameter to the model, whereas

the random effects approach only requires two parameters, the SD σζ and the correlation

ρ. Thus, the random effects specification is more parsimonious and preserves degrees of

freedom when the assumptions underlying the random effects model are met, leading to

greater statistical efficiency. Third, the random effects approach provides a direct estimate

of the variability of IL-HTE in the data in σζ , a value that would be biased upward by

measurement error if estimated in a fixed effects approach. Fourth, as a shrinkage estimator,

empirical Bayes estimates of item random effects minimize total error and are more stable

than their fixed effects analogues, unless sample sizes are very large, and the empirical Bayes

estimation effectively controls for inflated false positive rates due to multiple comparisons

(Sales et al., 2021). Finally, the conceptualization of items as representative of a broader

pool of potential items that could have been selected for an assessment—either literally, as in

large-scale standardized tests that draw from large item banks for each test administration, or

hypothetically, as in a researcher-developed vocabulary assessment that could have plausibly

selected different words—matches the random effects approach (Brennan, 1992; De Boeck,

2008; Jacob & Rothstein, 2016).
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2 Methods

2.1 Data

We use 20 publicly available RCT data sets in economics, education, and related fields.

Inclusion criteria for our analysis are as follows: the data set must include (i) item-level

outcome data, (ii) a baseline measure prior to intervention (either a lagged outcome or a

similar metric to the final outcome)4, and (iii) sufficient empirical information in the article or

replication materials to verify the scoring of the items to determine whether any items needed

to be reverse-coded. We identified our data sources by first examining existing studies of

IL-HTE in education and epidemiology and then expanded our search to replication materials

from studies published in the American Economic Review and Economic Journal using a

keyword search that included the terms “randomized controlled trial,” “randomized trial,”

“randomized evaluation”, and “experiment”. We focus on these two economic journals because

they have strong editorial policies to encourage the publication of data alongside the articles.

We also searched the Jameel Poverty Action Lab (JPAL) and Innovations for Poverty Action

(IPA) Dataverse websites for replication materials. Our 20 examples are not intended to be

exhaustive but rather illustrative of the advantages of IL-HTE analysis across a broad range

of empirical and disciplinary settings.

We made the following simplifications to each data set in our cleaning to allow the highest

degree of comparability between studies and for clarity of exposition5:

1. If multiple treatments were administered, we combined groups to represent any treatment

(1) compared to any control (0).

2. We used only the initial treatment assignment as our treatment indicator variable.

4While measurement error in pretest variables can create bias in the coefficients of other variables in the
regression model, this is more of an issue in observational rather than experimental studies. See Lockwood
and McCaffrey (2014) for a discussion.

5Our replication toolkit contains clearly documented cleaning code for each study that show where and
how each of the following rules is applied.
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3. We considered randomization as if it were conducted at the individual level, although

we note that our models could easily be expanded to include randomization blocks,

cluster-corrected standard errors, or multilevel models that include random intercepts

for higher-level units such as schools.

4. If multiple time points were available, we used only the first post-treatment follow-up.

5. For studies reporting only summary measures of baseline or pretest variables, we

standardized the variable to mean 0 variance 1 in the sample. If item-level data

were available for the pretest measure, we created pretest scores using a Rasch or

one-parameter logistic (1PL) IRT model to match our outcome model, which is also a

Rasch model.

6. For the three studies in which the item responses included more than two response

categories (e.g., Likert scales ranging from strongly disagree to strongly agree), we

converted polytomous responses to dichotomous responses (e.g., strongly agree / agree

= 1, disagree / strongly disagree = 0; there were no scales with an odd number of

response categories in our data). While it is possible to extend the IL-HTE model to

polytomous applications (Gilbert, Hieronymus, et al., 2024), we dichotomized to make

the models directly comparable across all studies.

Our analyses therefore depart from many of the original analyses which included design

features such as multiple treatments, randomization blocks, additional time points, or other

covariates, to maintain focus on the consequences and interpretation of IL-HTE. Our analysis

is therefore intended to be illustrative of the affordances of the IL-HTE model across a range

of contexts rather than providing a direct replication of the analytic approach used in each

original study. We return to extensions of the modeling approach demonstrated here in

Section 4.
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Table 1: Descriptive statistics for the studies in our analysis

Study Location Outcome N I α
Gilbert, et al. 2023 USA Reading Comprehension 7797 30 0.93
Kim, et al. 2023 USA Reading Comprehension 2174 20 0.84
Gilbert, et al. 2024 Europe Depression (HDRS-17) 5314 17 0.86
Blattman, et al. 2017 Liberia Crime and Violence 916 20 0.94
Woods-Townsend, et al. 2021 UK Health Literacy 2486 7 0.73
Bruhn, et al. 2016 Brazil Financial Literacy 15395 10 0.69
Kim, et al. 2024a USA Vocabulary 1352 36 0.94
Kim, et al. 2024b USA Reading Comprehension 1303 29 0.90
Hidrobo, et al. 2016 Ecuador Domestic Violence (VAWI) 1284 19 0.97
Attanasio, et al. 2019 Colombia Depression (CESD) 1427 10 0.80
Kim, et al. 2021a USA Reading Self Concept 4834 20 0.53
Kim, et al. 2021b USA Vocabulary 2565 24 0.87
Kim, et al. 2021c USA Vocabulary 2580 24 0.89
Romero, et al. 2020a Liberia Literacy 3381 20 0.92
Romero, et al. 2020b Liberia Math 3381 44 0.98
Romero, et al. 2020c Liberia Raven’s Progressive Matrices 3381 10 0.75
de Barros, et al. 2023 India Math 3202 32 0.93
Duflo, et al. 2024a Ghana Math 17344 21 0.93
Duflo, et al. 2024b Ghana English 17344 21 0.97
Duflo, et al. 2024c Ghana Local Language 17331 21 0.93

Notes: N = number of subjects, I = number of items, α = the internal consistency of the test. The original
patient data from Gilbert, et al., 2024 are private, but the authors provide a simulated data set of item
responses set derived from their empirical results that we use in our analysis. Kim, et al., 2021b and 2021c
represent different vocabulary tests administered to Grade 1 and Grade 2 students, respectively.

Descriptive information for each data set is summarized in Table 1. Our replication

materials contain URLs to the original studies and the original replication materials for each

study.

2.2 Models

We estimate the following five specifications using mixed effects logistic regression applied to

each data set, presented below in reduced form, where ηij = logit(Yij = 1):
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ηij =β0 + β1Tj + bi + εj (17)

ηij =β0 + β1Tj + β2Xj + bi + εj (18)

ηij =β0 + β1Tj + β2Xj + ζiTj + bi + εj (19)

ηij =β0 + β1Tj + β2Xj + β3Tj ×Xj + bi + εj (20)

ηij =β0 + β1Tj + β2Xj + β3Tj ×Xj + ζiTj + bi + εj. (21)

Equation 17 includes only the treatment indicator, as both a baseline model for comparison

and to estimate the residual standard deviation of εj, σθ, which represents the pooled SD of

the latent variable θj , which we use to standardize the estimates from the other models. That

is, all figures in our tables and graphs are divided by σθ from Equation 17 from each data set

so that they can be interpreted in SD units and compared across both models and studies

(Briggs, 2008; Gilbert et al., 2023). Equation 18 adds the baseline covariate Xj. Equation

19 adds IL-HTE as a random slope for treatment at the item level. Equation 20 adds an

interaction between treatment and the baseline covariate, without IL-HTE, to represent the

standard person-centered approach to HTE analysis in the IRT framework. Equation 21 fits

a flexible approach that includes both the treatment by baseline covariate interaction and

IL-HTE to allow for both person- and item-dependent HTE (Gilbert, Miratrix, et al., 2024).

The complete hierarchical form of Equation 21 is as follows:
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logit(Yij = 1) = ηij = θj + bij (22)

θj = β0 + β1Tj + β2Xj + β3Tj ×Xj + εj (23)

bij = bi + ζiTj (24)bi
ζi

 ∼ N


0
0

 ,

 σ2
b ρσbσζ

ρσbσζ σ2
ζ


 (25)

εj ∼ N(0, σ2
θ). (26)

All other models can be interpreted as constrained versions of Equation 22. Compared to

Equation 22, Equation 20 constrains σζ to 0, Equation 19 constrains β3 to 0, Equation 18

constrains both σζ and β3 to 0, and Equation 17 constrains σζ , β3, and β2 to 0. A directed

acyclic graph for Equation 22 is displayed in Appendix D.6

3 Results

We focus on the broad patterns of results across studies to highlight the interpretation and

implications of IL-HTE for empirical analysis. The online supplement shows the full regression

output and fit statistics for each model applied to each data set. We categorize our results

in terms of five insights provided by the IL-HTE model, each representing implications for

causal inference, identification, or generalizability. Unless otherwise specified, the results and

figures below are drawn from Equation 19.

6Equation 22 is a generalized linear mixed model (GLMM) with a logistic link function and random effects
for items and persons. GLMMs can be fit using various statistical programs including Stata (melogit), SPSS
(PROC NLMIXED), R (glmer), and Mplus. We conducted our analyses in R, and basic R and Stata syntax to
fit each model is shown in Appendix C (De Boeck et al., 2011; Gilbert, 2023b).
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3.1 The IL-HTE model reveals variation in item-specific or subscale

effects potentially masked by the ATE

A single-number estimate of the ATE may mask significant variation item-specific or subscale

effects. To illustrate the range of item-specific treatment effects in our data, Figure 1 shows

the distribution of ATEs (β1) and empirical Bayes estimates of item-specific effects (β1 + ζi)

by study. The points are color-coded by whether the point estimate is statistically significant

at the 5% level. We see a wide range of distributions of item-specific effects across studies.

For example, we see that Attanasio, et al., 2019 shows a null ATE and Bruhn, et al., 2016

shows a positive ATE, and the effect appears nearly constant across all items in both cases. In

contrast, Gilbert, et al., 2023 shows a null ATE with one item showing a significant positive

effect, while Kim, et al., 2021b shows one outlying item with a large positive effect over

3σ, and several items showing near null or non-significant effects, suggesting that a content

analysis of this potentially outlying item could be informative. This level of fine-grained

detail would be obscured in an analysis that did not model IL-HTE.

In addition to the affordances offered by analysis of the individual item-specific treatment

effects, we view a further promising application of the IL-HTE model to be the estimation of

treatment-by-item characteristic or subscale effects. In interacting treatment status with an

item-level variable, such as whether an item represents algebra or geometry on a math test,

we can go beyond the unexplained variation of the random slopes model to the systematic

variation of an interaction model that allows for more informative tests of specific hypotheses

(Gilbert et al., in press). For example, Gilbert, Hieronymus, et al. (2024) show that selective

serotonin reuptake inhibitors (SSRIs) have the strongest impact on the subset of depression

items measuring mood rather than more generalized physical symptoms of depression, such

as loss of appetite; these findings align with the biochemical mechanisms through which

SSRIs affect brain chemistry. While subscale analyses could in principle be carried out with

separate regression models for each subscale, such an approach requires a priori selection of
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Figure 1: Empirical Bayes estimates of item-specific treatment effects
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the subscale, the assumption that within each subscale, the item effects are constant, offers

no direct test of the differences in effects by subscale, and does not adjust for the lower

reliability of subscales measured with fewer items than the overall scale (Gilbert, 2023b).7

3.2 The IL-HTE model provides standard errors that account for

the selection of items in the construction of the outcome

Standard errors from models that do not allow for IL-HTE ignore the variation caused by the

selection of items onto an assessment. That is, models that assume that the treatment effects

are constant across the items allow for only one source of uncertainty, namely, sampling

variation at the person level. If treatment differentially impacts each item, the variability

related to the selection of a specific set of items used to measure outcomes also matters. Had

a different set of items been selected, the estimated treatment effect would be different in

each realization of the test, holding the people constant (Brennan, 1992; Gilbert et al., 2023,

in press; Gleser et al., 1965). As a random slopes model, the IL-HTE approach explicitly

accounts for the sampling error of the items selected onto the assessment and provides SEs

that account for this added uncertainty (Bell et al., 2019; Gilbert, Hieronymus, et al., 2024;

Gilbert et al., 2023). We argue that the SEs provided by the IL-HTE model are therefore more

meaningful given that in most applications the focus should be on making causal inferences to

the population of items that could have been on an outcome measure, rather than the specific

items included in a single realized outcome administration.8 This is especially true when

7While testlet models (described in Section 1.1) provide an alternative to the treatment-by-subscale
interactions explored here, we view the IL-HTE approach as a more general method that encompasses both
testlets and treatment by item characteristic interactions. For example, a testlet approach would likely be a
poor model to test for differential treatment effects on, say, multiple choice vs. open response items, or the
position of an item in a test, each of which could be included in the IL-HTE model as treatment-by-item
characteristic interactions. Treatment-by-item characteristic interaction effects also allow us to calculate
pseudo-R2 values by comparing σ2

ζ from a model without treatment by subscale interactions to one with the
interactions to determine how the residual IL-HTE may be reduced. Previous treatment by subscale analyses
have shown large explanatory power of subscale interactions; e.g., pseudo-R2 values of 90% when allowing
differential effects by reading comprehension passage (Gilbert et al., 2023), 50% when the mood-level subscale
was allowed to vary relative to physical symptoms (Gilbert, Hieronymus, et al., 2024).

8If a set of items on an assessment is truly fixed, then a model with item fixed effects or random intercepts
would be appropriate. See Gilbert et al., 2023, pp. 894-895 for a discussion.
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estimating causal effects on standardized educational assessments where specific items change

over time, such as the SAT, ACT, NAEP, or state standardized tests, or on health outcomes

such as hearing loss or depression where different symptoms could have been selected for

measurement (Gilbert, Hieronymus, et al., 2024; Jessen et al., 2018).

When σζ is large, the estimated SE of the ATE β1 increases, sometimes substantially,

according to the following formula derived from Generalizability Theory (Brennan, 1992),

where V̂ (β1)Rand. Intercepts is the estimated variance of β1 from a model that assumes a constant

treatment effect (i.e., the SEs provided by the random intercepts model in Equation 18) and

I is the number of items:

ŜE(β1)IL-HTE =

√
V̂ (β1)Rand. Intercepts +

σ2
ζ

I
. (27)

The inflation of SEs due to σζ in our data is displayed in Figure 2, which plots the ratio of

the SE derived from the IL-HTE model (Equation 19) to the SE derived from the constant

effects model (Equation 18) against against σζ . We observe a strong relationship between

this SE ratio and σζ , with the ratio exceeding a factor of 4 in the most extreme case, a large

difference that is equivalent to reducing the effective sample size by a factor of 16. While such

insights about the inflation of SEs have long been recognized in power analysis and sample size

considerations for clustered data generally (Abadie et al., 2023; Killip et al., 2004; Thompson,

2011; Wooldridge, 2003), consideration of the same principles with regard to assessment items

has so far been underappreciated (Ahmed et al., 2023; Gilbert et al., 2023). An important

implication of Equation 27 is that when substantial IL-HTE is present, sampling more people

will not substantially improve precision, only more items will (B. Domingue et al., 2022,

Figure S7).

Furthermore, Equation 27 allows for a novel approach to sensitivity analysis to determine

how robust a result is to unobserved IL-HTE (Imai et al., 2010; Oster, 2019). That is,
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Figure 2: Standard error inflation as a function of IL-HTE
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for a given statistically significant treatment effect size, SE, and number of items I, we

can calculate how much IL-HTE would be required to render the result non-significant.

Importantly, the sensitivity analysis can be easily calculated without item-level data using

the formula presented in Equation 27 by solving for σζ to determine the point at which an

estimated treatment effect size would become non-significant. Assuming a positive treatment

effect, the formula yields (the algebra is presented in Appendix A):

σζ =

√√√√√I

( β̂1

1.96

)2

− V̂ (β1)Rand. Intercepts

. (28)

As an example, suppose an analysis of a total test score revealed β̂1 = .3, ŜE = .1. The

critical value of σζ required to render the effect non-significant is .52 for a 20-item test and

.37 for a 10-item test. While large, these figures are consistent with the range of σζ observed

in our data and could thus make many observed effect sizes that ignore this source of variance

non-significant, as we will explore in the next section.

3.3 The IL-HTE model allows for out-of-sample generalizations

Related to the SE considerations described in Section 3.2, the IL-HTE model also allows us

to calculate a prediction interval (PI; Borenstein, 2023; Patel, 1989) that covers a plausible

range of expected treatment effects on out-of-sample items. A 95% PI could have important

practical implications in, for example, medical contexts, to identify whether the treatment

effects are positive for untested symptoms (Gilbert, Hieronymus, et al., 2024). While a 95%

CI may be far from 0 indicating a statistically significant ATE, a 95% PI that crosses zero

could indicate negative side effects of a treatment. The formula for the PI is as follows
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(Borenstein et al., 2009, p. 130):

PI = β̂1 ± 1.96
√
V̂ (β1)IL-HTE + σ2

ζ . (29)

Substituting in Equation 27, we can expand the formula for the PI to

PI = β̂1 ± 1.96

√
V̂ (β1)Rand. Intercepts +

σ2
ζ

I
+ σ2

ζ . (30)

Note that as both the number of persons and number of items increases, the 95% PI approaches

β̂1 ± 1.96σζ .

Figure 3 shows the 95% CI for the random intercepts model (red), the IL-HTE model

(blue), and the 95% PI for treatment effects on out-of-sample items (black). We highlight

results for three illustrative studies: Bruhn, et al., 2016, who measure financial literacy, Kim,

et al., 2021b, who measure vocabulary, and Gilbert, et al., 2024, who measure depression.

Bruhn, et al., 2016 shows a narrow 95% CI that is barely inflated when IL-HTE is taken into

account, and the 95% PI is also narrow, suggesting that treatment effects on other indicators

of financial literacy would likely be similarly affected by the intervention. In contrast, we see

in Kim, et al., 2021b that the narrow 95% CI from the random intercepts model dramatically

increases in the IL-HTE model, and the 95% PI shows a very large range for out of sample

vocabulary words, suggesting the intervention effects could vary widely depending on which

vocabulary words are tested. As a middle ground, Gilbert, et al., 2024 shows a 95% CI that

is moderately inflated by IL-HTE and a 95% PI that includes positive values, suggesting

that some depression symptoms could be worsened by treatment. Whereas Figure 1 shows

the observed distribution of item-specific treatment effects in a given study, the 95% PI

provides a range of treatment effects on an untested item drawn from the same population of

items—in the present case, other related vocabulary words, other depression symptoms, or
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Figure 3: Confidence Intervals (CIs) and Prediction Intervals (PIs) for each study
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model. The black shows the 95% PI, providing a range of item-specific treatment effects on out of sample
items.

other indicators of financial literacy. In sum, the IL-HTE approach provides novel insights

on the generalizability of causal effects to untested circumstances.

3.4 The IL-HTE model resolves identification problems in the

estimation of treatment by covariate interaction effects

One serious problem associated with ignoring IL-HTE is that it can be impossible to distinguish

between person-level and item-level HTE when the analysis focuses on aggregate outcomes.

Suppose that there is interest in treatment heterogeneity as a function of some person-level

covariate Xj. It is possible to estimate a treatment-by-covariate interaction effect (Equation
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20) when, in fact, the true model contains no interaction but instead IL-HTE (Equation 19).

That is, the treatment effect is constant across Xj, but the items constituting the outcome

make the observed treatment effect appear heterogeneous across the Xj . Put simply, IL-HTE

creates an identification problem for treatment-by-covariate interaction effects when the

analysis focuses on the score-level outcome alone.

To illustrate conceptually, imagine two educational interventions, each impacting a

construct like math that consists of several subdomains ranging in difficulty (e.g., starting

with basic addition and then progressing to multiplication and division of fractions). In

the first intervention, the treatment helps previously low-achieving students the most, and

this is true across all items. Such a pattern of treatment effects could be caused by, for

example, a remedial intervention that provides more tutoring to low-ability students. In this

scenario, there is true HTE by baseline achievement, with initially low-achieving students

benefiting the most. In the second, there is no HTE by baseline achievement, only IL-HTE:

the treatment improves all students’ capacity to correctly answer the easiest items the most.

This pattern could be caused, for example, by a basic skills curriculum provided to all students

that improves accuracy rates on easy items but not on hard ones. These two scenarios have

distinct implications for policy and how the intervention should be targeted or refined, and

yet it can be impossible to distinguish between them when using summary scores alone. Thus,

we caution against using a sum score as an outcome variable in a conventional analysis (Flake

et al., 2017; McNeish & Wolf, 2020) when HTE is of interest, given that the pattern of results

produced by each intervention is empirically indistinguishable (Spoto & Stefanutti, 2023).

However, we can leverage item-level outcome data with the IL-HTE model to solve this

identification problem and identify the relevant data-generating process (Gilbert, Miratrix,

et al., 2024). We illustrate this point conceptually, visually, and empirically with minor

mathematical detail; we refer readers interested in a full treatment of this issue to prior

publications that include a proof of a simple case and a Monte Carlo simulation study

(ibid.). A toy example of the identification problem using a three-item test is displayed in

26



Figure 4 (Gilbert, Miratrix, et al., 2024). The upper row shows the probability of a correct

response to each item for each group as a function of the baseline covariate Xj. The left

panel shows “person-dependent” HTE, namely, an interaction between treatment status and

Xj, as shown by the different slopes of the item-specific curves by group. When we sum

these curves to calculate the expected test score in the bottom left panel, we see a pattern

in the overall test score that is the typical signature of an interaction effect. In contrast,

the top right panel shows “item-dependent” HTE, where ρ = 1. That is, the easiest item

(i.e., the leftmost item) shows a large positive effect, the middle item shows no treatment

effect, and the hardest item shows a large negative effect. In essence, the combination of

σζ = 1, ρ = 1 has “stretched” the item-specific curves with respect to Xj by increasing the

SD of the item locations, σb. When we sum these curves in the bottom right panel, the

result is an essentially identical pattern in the sum score to the pattern in the bottom left

panel. In other words, despite the different underlying data-generating processes, the sum

scores displayed in the bottom row are empirically indistinguishable, which presents a serious

problem for the interpretation of interaction effects on outcomes derived from psychometric

instruments. However, the item-level patterns are quite distinct, suggesting that they can be

identified with an appropriate analysis of item-level data. Previous simulation studies have

confirmed that these two processes can become confounded, but a flexible model that allows

for both person- and item-HTE (Equation 22) eliminates bias and identifies the correct DGP

(Gilbert, Miratrix, et al., 2024).9 We present a more formal mathematical expression of the

identification problem shown in Figure 4 in Appendix B.

To show what the confounding of person- and item-dependent HTE looks like in a single

empirical data set, we illustrate with data from Kim, et al., 2021b, who evaluate the effect

of the Model of Reading Engagement (MORE) intervention on the vocabulary knowledge

of Grade 1 students. The estimated treatment by baseline test score interaction effect is

9Tests in the online supplement of Gilbert, Miratrix, et al., 2024 show that a linear probability model or
factor analytic approach that allows for IL-HTE fails to resolve the identification problem identified here.
Furthermore, linear models generally perform poorly when estimating interaction effects for dichotomous or
ordinal outcomes (B. W. Domingue et al., 2022)
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Figure 4: Toy example showing how person-dependent and item-dependent HTE become
confounded when the outcome is a sum score
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attenuated by about a third, reducing from .15σ in the model that does not allow for IL-HTE

compared to .10σ in the IL-HTE model, a large reduction. The data are shown in Figure 5,

which plots the mean scores (left panel), the correct response probabilities (middle) and the

correct response log-odds (right) as a function of treatment status and baseline scores, and

the items are ordered from most to least difficult. We see that the apparent treatment by

baseline interaction in the mean scores is partially driven by ρ (ρ̂ = −.56), suggesting that

the treatment effect is largest on the most difficult vocabulary words, which, coupled with

the large value of σζ in this data set leads to an inflated interaction term, as we can see in the

panels showing the item-level data, which show a much smaller difference in slopes compared

to the mean scores. An advantage of the flexible model (Equation 22) is that it allows both

sources of HTE to be estimated simultaneously, providing the most accurate view of HTE. In

this case, we can see that the MORE intervention helped both the highest achieving students

the most, on average across all items, and helped the most difficult content the most, on

average across all students.

How large a problem is the potential confounding of interaction effects through treatment-

item easiness correlations empirically? Gilbert, Miratrix, et al. (2024) left this as an open

question, given the relative paucity of item-level causal analyses examining this question,

though at least one study suggests ρ ̸= 0 in an analysis of item-level data from 15 RCTs of

educational interventions (Ahmed et al., 2023). We explore the phenomenon in our data set

in Figure 6, which plots the change in the estimated treatment-by-baseline interaction term

from a model that does not allow for ρ (Equation 20) against one that does (Equation 21)

against the ratio of the SD of item locations in the treatment group (denoted σ∗
b ), compared

to the SD of item locations in the control group (σb) in each data set. According to the

mathematical arguments presented in Appendix B, a ratio of 1 (i.e., no IL-HTE) will yield no

difference in interaction terms, values less than 1 will yield a positive difference, and values

greater than 1 will yield a negative difference.
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Figure 5: Empirical data from Kim 2021b showing the confounding of person-dependent and
item-dependent HTE
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Notes: The left panel provides a scatter plot of the mean test score on a researcher-designed vocabulary
assessment containing 36 items against standardized baseline scores and shows a large positive interaction
between baseline scores and treatment status. The middle panel shows the probabilities of a correct response
for each item, ordered from most difficult to least difficult, and we can see that the treatment effects appear
to be the largest on the most difficult items. The right panel shows the item responses in log-odds, and we
can see the pattern more clearly. While there is a slight difference in the slopes in the log-odds, the large
interaction in the mean score is partially driven by the concentration of larger effects on the most difficult
items. The item curves are derived from a fixed effects model of the correct response on treatment, item, and
baseline score, with two-way interactions between treatment and item and treatment and baseline score.
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Figure 6 provides three key insights. First, the empirical data are in excellent alignment

with the theoretical arguments presented above and prior simulation studies showing that

IL-HTE creates bias in treatment-by-covariate interaction effects. That is, the larger the ratio

of SDs, the larger the difference between the interaction terms estimated from each model, in

a direction that aligns with our theoretical arguments (r = −.77). Second, ρ varies widely

in empirical data, ranging from near perfect negative correlations to moderately positive

correlations in our data. Third, ρ appears to be a relatively stable feature of interventions.

For example, the three outcomes from Duflo, et al., 2024, show ρ > 0, suggesting that the

treatment effects were largest on the easiest items, and this was true across all outcomes. In

contrast, studies by Kim et al., who examined variations of the Model of Reading Engagement

(MORE) intervention show ρ < 0, suggesting that MORE helps more difficult content to a

greater extent than easier content. In sum, given an observed treatment-by-baseline covariate

interaction effect on a total score (e.g., a sum or IRT-based score), researchers should be quite

cautious in interpretation when item-level data are not available and consider the possibility

of IL-HTE and treatment-by-item easiness correlations as a potential explanation.

As an example of how these issues could affect the design of policies and interventions,

consider school accountability systems. Some evidence suggests that school accountability

policies can create incentives for teachers to focus on specific content or students to move

as many students as possible above a predefined “proficiency” threshold that is used as an

accountability metric (Booher-Jennings, 2005; Dee & Jacob, 2011; Dee et al., 2011, 2019;

Lang, 2010; Macartney et al., 2018; Payne-Tsoupros, 2010; Wong, 2011). In this case,

understanding whether a treatment improves the overall performance of low-ability students

or improves the accuracy on the easiest items that best distinguish among low-ability students

is an important distinction that is not easily addressed without item-level data.
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Figure 6: Difference in estimated treatment by baseline interaction terms by study
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3.5 The IL-HTE model provides estimates of standardized effect

sizes corrected for attenuation due to measurement error

Many studies of assessment or survey outcomes report standardized effect sizes because they

are more interpretable and comparable across different measures (Schielzeth, 2010). An

underappreciated challenge of using standardized outcome variables is that they are biased

downward by measurement error. This occurs because when we divide a regression coefficient

by the pooled SD of the outcome variable Yj to calculate an effect size such as Cohen’s d, the

estimated SD of Yj is too large due to measurement error. In particular, the standardized

effect size derived from an observed outcome score will be too large by a factor of 1√
ρY Y ′

,

where ρY Y ′ is the reliability of the measure; the bias can therefore be corrected by dividing the

standardized effect size by the square root of an estimate of reliability such as Cronbach’s α

(Gilbert, 2024; Hedges, 1981; Shear & Briggs, 2024).10 Combining this fact with the inflation

of SEs due to IL-HTE described in Section 3.2 suggests the troubling result that models

of psychometric outcomes may be, on average, understating magnitudes but overstating

precision, thus yielding a more precise view of a biased estimate. In particular, various studies

demonstrate that measurement model misspecification (namely, using a measurement model

that does not match the experimental or quasi-experimental study design, or in the present

case, assuming a constant effects model when IL-HTE is the true data-generating process)

combined with the scoring approach used can affect Type I error rates and power due to

the score variances that such model-by-scoring approach interactions produce (Soland, 2023;

Soland et al., 2022, 2023).

As a latent variable model (LVM), the IL-HTE model mitigates this problem because the

random effects variances and the fixed effects are simultaneously estimated and appropriately

account for the measurement error in the outcome variable. In other words, σ̂θ from the

10Crucially, this bias can still occur in more complex IRT or factor analytic scoring procedures when one
produces scores then estimates regressions in separate steps (Briggs, 2008; Gilbert, 2024; Shear & Briggs,
2024; Stoetzer et al., 2022). More complex IRT scoring procedures such as multigroup models can also address
attenuation bias; see Soland et al., 2022 for a review.
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model is an unbiased estimator for σθ (in general and in the presence of IL-HTE), in contrast

to σ̂Y . As a result, standardized effect sizes derived from LVMs are not biased downward

by measurement error and are therefore more comparable across different tests of varying

reliability, or forms of the same test with different numbers of items. We demonstrate

attenuation of the standardized effect sizes due to measurement error in our empirical data in

Figure 7. The vertical axis shows the difference between the standardized effect size derived

from Equation 18 plotted against the standardized effect size derived from a sum score model.

We can see the downward forces of measurement error in that the effect sizes derived from

the sum score models are consistently smaller in magnitude than those derived from the IRT

model, in some cases exceeding .10σ, a large difference.

4 Discussion

Traditional methods for HTE analysis that focus on treatment-by-person characteristic

interactions are critical, but typically ignore the HTE that may exist among items of an

outcome measure. To address this methodological shortcoming, IL-HTE models that allow

for unique treatment effects on each assessment item offer an attractive approach. Our

evaluation of more than 2.3 million item responses from 20 RCT data sets demonstrates the

advantages of the IL-HTE model and the benefits it provides for inference, identification, and

generalizability, all essential components of rigorous program evaluation and policy analysis.

In short, the IL-HTE model provides a powerful measure of item-level treatment variation,

standard errors that are more theoretically aligned with most applications, estimates of

generalizability of treatment effects to untested items, the resolution of critical identification

problems in the estimation of interaction effects, and standardized treatment effect sizes that

are corrected for attenuation due to measurement error.

We maintained focus on the simple case of individual randomization with two groups

at one time point for clarity and to illustrate the affordances of the IL-HTE model, but
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Figure 7: Attenuation of standardized effect sizes due to measurement error
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note that the model can be easily extended to more diverse applications. For example, the

IL-HTE model can easily be extended by including additional covariates, randomization

blocks, polytomous or continuous items11 (Bulut et al., 2021; Gilbert, Hieronymus, et al.,

2024), additional levels of hierarchy such as students nested within schools (Gilbert et al.,

2023), longitudinal structures (Gilbert et al., in press), or fully Bayesian approaches (Bürkner,

2021; Gilbert, 2023b). One constraint of the models explored here is that they assume that

each item is equally discriminating with respect to the latent trait. That is, they are Rasch

or one-parameter logistic (1PL) IRT models. The IL-HTE model can be extended to the case

of varying discriminations (i.e., a 2PL IRT model), although model implementation requires

more advanced software and more computational power (Bürkner, 2021; Gilbert, 2023b; B.

Muthén & Muthén, 2017; Rockwood & Jeon, 2019), and may suffer from accuracy problems

(Zhang et al., 2021). Furthermore, previous simulation studies show that the 1PL IL-HTE

model is relatively robust to 2PL data-generating process (Gilbert et al., 2023), and item

discriminations that function as optimal scoring weights are not particularly consequential in

causal inference applications where all subjects respond to the same set of items (Gilbert,

2024). In other words, while more complex models are available, the marginal gains to the

accuracy of the results may be low (Castellano & Ho, 2015; B. Domingue et al., 2022; Gilbert,

2024; Sijtsma et al., 2024). Therefore, given its novelty, the 1PL IL-HTE model presented

here has much to offer fields where item response data is commonly collected but rarely used.

Furthermore, beyond RCTs, extensions of the IL-HTE model are applicable to alternative

experimental and quasi-experimental designs, such as longitudinal growth models, regression

discontinuity, multisite trials, and difference-in-differences designs (Gilbert et al., in press;

Kuhfeld & Soland, 2023; Soland, 2023; Soland et al., 2023).

We acknowledge three primary limitations to our approach. First, item-level outcome

data is not always available in secondary analysis. For example, in our search for data sets to

include in our study, we found several examples of large-scale RCTs that would otherwise

11When the items are truly continuous, the identification problem for interaction effects is resolved, which
we can see by imagining Figure 4 with lines instead of curves.
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have met our inclusion criteria, except that they only provided summary score outcomes.

As such, one implication of our results is that researchers should share item-level data in

their replication packages (B. Domingue et al., 2023). Second, poorly designed assessment

instruments could yield results that could be mistaken for IL-HTE. For example, if a single

item is too easy (or too hard) such that every student in the treatment and control group gets

the item right (or wrong), the observed treatment effect on that item would be 0, a result

that could be mistaken for IL-HTE even if the true data-generating process is a constant

treatment effect model. More generally, poor instrument design can create challenges for all

causal identification, not just IL-HTE, for example, when floor or ceiling effects on items mask

changes in the underlying latent trait (B. W. Domingue et al., 2022). Finally, the IL-HTE

model requires large sample sizes and as such is best suited for relatively large data-analytic

contexts, with previous simulation studies suggesting minimum sample sizes of approximately

500 subjects and 20 items (Gilbert et al., 2023, in press).

As a final note, the IL-HTE model and latent variable models are generally not nearly as

widely used in causal, econometric, or policy evaluation applications as they are in psychology,

education, and psychometrics, and as such the explanation and justification of such models

may be a difficult task depending on the audience. However, we argue that such a task is

a worthy one, given the affordances of latent variable models for causal analyses explored

here. Communicability can be aided by the techniques described in this study, for example,

by standardizing coefficients to create findings analogous to standardized effect sizes of sum

score outcomes, with the added benefit of correcting for attenuation due to measurement

error.

In conclusion, item-level outcome data represent a vast and mostly untapped resource

for applied causal inference and the estimation of treatment heterogeneity. While item-

level outcome data are ubiquitous in education, psychology, epidemiology, and economics,

collapsing the item responses to a single summary score obscures important insights into the
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nature of treatment effects. Using the IL-HTE model, analysts in all quantitative disciplines

can gain more valuable insight into for whom and on what items treatments are effective.
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Appendices

A Algebra for Sensitivity Analysis

Assuming a positive β1, we can solve for the point at which the treatment effect becomes

non-significant:

β̂1 − 1.96

√
V̂ (β1)CTE +

σ2
ζ

I
= 0 (31)

−1.96

√
V̂ (β1)CTE +

σ2
ζ

I
= −β̂1 (32)√

V̂ (β1)CTE +
σ2
ζ

I
=

β̂1

1.96
(33)

V̂ (β1)CTE +
σ2
ζ

I
= (

β̂1

1.96
)2 (34)

σ2
ζ

I
= (

β̂1

1.96
)2 − V̂ (β1)CTE (35)

σ2
ζ = I((

β̂1

1.96
)2 − V̂ (β1)CTE) (36)

σζ =

√
I((

β̂1

1.96
)2 − V̂ (β1)CTE) (37)
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B Additional Mathematical Detail for the Identification Problem

in Section 3.4

We can formalize the intuition provided by Figures 4 and 5 by noting that the flattening of

the sum score curves (i.e., the test response functions, or TRFs) with respect to Xj can result

from two distinct processes. First, through a direct flattening of the slopes of the individual

item curves, as in the interaction case, and second, through an increase in the variance of the

item locations in the treatment group that arises from the combination of σζ and ρ. That

is, σb provides the SD of item locations in the control group, and the presence of IL-HTE

changes the SD of item locations in the treatment group according to the following formula

(Steele, 2008, pp. 29-32), where we define σ∗
b as the SD of item locations in the treatment

group:

σ∗
b =

√
σ2
b + σ2

ζ + 2ρσbσζ . (38)

When σζ = 0, σb = σ∗
b and the identification problem is resolved. Furthermore, because σb is

typically larger than σζ , and σζ is typically less than 1 (relative to σθ, as is the case in our

data, as shown in Figure 2), when ρ = 0, the final term drops out and the resulting inflation

of σ∗
b is much less severe. For example, consider the simple case where the SD of the item

locations in the control group (σb), the SD of item-specific treatment effects (σζ), and the

location-treatment effect correlation (ρ) are all 1, so that σ∗
b will be twice as large as σb (i.e.,

the treatment doubles the SD of the item locations):
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σ∗
b =

√
σ2
b + σ2

ζ + 2ρσbσζ (39)

=
√
1 + 1 + 2 (40)

=
√
4 (41)

= 2. (42)

This increase in σ∗
b relative to σb will attenuate the slope of the sum score curve. We can

demonstrate this with the following formula that allows us to convert the slopes of the item

curves to the slope of the sum score curve (Huang, 2022, p. 116):

βS =
βI√

.346σ2
b + 1

, (43)

where βS is the slope of the sum score curve (on the logit scale) and βI is the slope of the

item curve.

To illustrate, we apply Equation 43 to both the treatment and control groups, continuing

with the simple case where σb = 1 and σ∗
b = 2 as described above. In the control group, if we

assume βI = 1, then βS is

βS if (Tj = 0) =
1√

.346× 1 + 1
(44)

= .86, (45)

and in the treatment group,
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βS if (Tj = 1) =
1√

.346σ2∗
b + 1

(46)

=
1√

.346× 4 + 1
(47)

= .65. (48)

Thus, even though the slopes of the item curves in the numerator are identical, the difference

in the slopes of the sum scores is .65− .86 = −.21, which could easily be misinterpreted as

an interaction effect between treatment and the baseline covariate in an analysis of the sum

scores.

Similarly, ρ < 0 will produce a spurious interaction in the other direction by “shrinking”

the scale inward. Assuming ρ = −1,

βS if (Tj = 1) =
1√

.346σ2∗
b + 1

(49)

=
1√

.346× (1 + 1− 2) + 1
(50)

= 1. (51)

Here, the difference in slopes of the sum scores is 1 − .86 = +.14. Thus, for the person-

dependent and item-dependent processes to produce the same pattern of sum scores, the

following equality must hold:

β2 + β3√
.346σ2

b + 1
=

β2√
.346× (σ2

b + σ2
ζ + ρσbσζ) + 1

. (52)
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In the control group, these quantities will clearly be the same as both β3 and σζ are 0. For

a given set of parameters β2, β3, σb we can choose infinitely many values of σζ and ρ that

produce the equivalent pattern in the total score (to a point; ρ = −1 can only compress the

scale such that the individual item slope is not attenuated, when σ2∗
b = 0). Clearly, therefore,

an observed treatment by covariate interaction could result from either a true interaction,

or a correlation of item-specific treatment effects and item location.12 We emphasize ρ as

the primary cause of the identification problem because, while theoretically a large enough

value of σ2
ζ could generate the same problem when ρ = 0, σ2

ζ is typically less than σ2
b and less

than 1, so that σζ > σ2
ζ . Furthermore, σζ must be positive, whereas a negative value of ρ can

stretch the scale in either direction. As a final point, we note that any bias in interaction

terms will necessarily bias main effects in models that omit the interaction, because the main

effects are weighted averages of the effects in each subgroup.

12Simulations in Gilbert, Miratrix, et al., 2024 show that this phenomenon is not an artifact of sum scores.
The results apply equally to IRT-based scores and EIRMs that simultaneously estimate the measurement
and structural models.
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C Sample R and Stata Code to Fit Various IL-HTE Models

The R code below illustrates how to fit various EIRMs to a data set dat with 0/1 outcome

score, 0/1 treatment indicator treat, baseline covariate std baseline, person identifier

s id, and item identifier item using the glmer function (generalized linear mixed effects

models in R). For clarity, we omit data = dataset, family = binomial from each function

call. For further resources, see the replication materials in our Online Supplemental Materials

or the various EIRM R tutorials listed in the references (De Boeck et al., 2011; Gilbert,

2023b). The equivalent models in Stata are fit with the melogit command (mixed effects

logistic regression).

# R Code

# load library

library(lme4)

# treatment indicator only

glmer(score ~ treat + (1|s_id) + (1|item))

# constant effects model with pretest

glmer(score ~ treat + std_baseline + (1|s_id) + (1|item))

# IL-HTE model

glmer(score ~ treat + std_baseline + (1|s_id) + (treat|item))

# person interaction model

glmer(score ~ treat*std_baseline + (1|s_id) + (1|item))

# flexible model
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glmer(score ~ treat*std_baseline + (1|s_id) + (treat|item))

// Stata Code

// treatment indicator only

melogit score treat || _all: R.s_id || item:

// constant effects model with pretest

melogit score treat std_baseline || _all: R.s_id || item:

// IL-HTE model

melogit score treat std_baseline || _all: R.s_id || item: treat, cov(uns)

// person interaction model

melogit score i.treat##c.std_baseline || _all: R.s_id || item:

// flexible model

melogit score i.treat##c.std_baseline || _all: R.s_id || item: treat, cov(uns)
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D Directed Acyclic Graph of the IL-HTE Model

Figure 8: Directed Acyclic Graph for Equation 22

Notes: Squares indicate observed variables, hollow circles indicate latent variables, and solid circles represent
cross product interaction terms. In are item responses, Tj is the treatment indicator, and Xj is the covariate.
β1 represents the average treatment effect. ρ represents the correlation between item location and item-specific
treatment effect size. Path coefficients are fixed at 1 unless otherwise indicated. The σ terms represent
residual standard deviations.

58


	Introduction
	Potential Causes of Item-Level Heterogeneous Treatment Effects
	Potential Outcomes with Observed and Latent Variables
	Modeling Heterogeneous Treatment Effects (HTE)
	Person-Level HTE
	Item-Level HTE


	Methods
	Data
	Models

	Results
	The IL-HTE model reveals variation in item-specific or subscale effects potentially masked by the ATE
	The IL-HTE model provides standard errors that account for the selection of items in the construction of the outcome
	The IL-HTE model allows for out-of-sample generalizations
	The IL-HTE model resolves identification problems in the estimation of treatment by covariate interaction effects
	The IL-HTE model provides estimates of standardized effect sizes corrected for attenuation due to measurement error

	Discussion
	Acknowledgements
	Data and Code Availability
	Algebra for Sensitivity Analysis
	Additional Mathematical Detail for the Identification Problem in Section 3.4
	Sample R and Stata Code to Fit Various IL-HTE Models
	Directed Acyclic Graph of the IL-HTE Model


