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Abstract

Value-Added Models (VAMs) are both common and controversial in education policy and
accountability research. While the sensitivity of VAMs to model specification and covariate
selection is well documented, the extent to which test scoring methods (e.g., mean scores vs.
IRT-based scores) may affect VA estimates is less studied. We examine the sensitivity of VA
estimates to scoring method using empirical item response data from 18 education datasets.
We show that VA estimates are frequently highly sensitive to scoring method, holding constant
students and items. While the various test scores are highly correlated, on average, different
scoring approaches result in VA percentile ranks that vary by over 20 points, and over 50% of
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1 Introduction

Value-added models (VAMs) attempt to estimate the causal effects of teachers and schools on

student learning, most commonly by adjusting year end test scores for prior year test scores in

regression models. The use of VAMs has inspired considerable debate among education researchers,

particularly in the context of high-stakes decisions based on VA estimates (American Educational

Research Association, 2015; Amrein-Beardsley, 2014; Amrein-Beardsley et al., 2016; Harris, 2009).

The methodological approaches to estimating VAMs have thus received extensive commentary in

areas such as model specification (e.g., covariate selection, functional form, covariate measurement

error, the use of multiple pretests or non-test score covariates), psychometric considerations (e.g.,

the effects of rapid guessing, and heterogeneous effects across outcome items), and idiosyncratic

issues such as the timing of a test within a school year (Atteberry & Mangan, 2020; Bitler et al.,

2021; Chetty, Friedman, & Rockoff, 2014; Gilbert, Himmelsbach, Miratrix, et al., 2025; Jensen

et al., 2018; Levy et al., 2019, 2023; Papay, 2011).

One methodological consideration for VAMs that has remained relatively unexplored has been

the method in which the test is scored (Briggs & Weeks, 2009; Ng & Koretz, 2015). That is, in cases

in which the outcomes in VAMs are test scores, such scores are constructed from student responses

to individual test items. Many options exist for constructing an overall score from these responses;

options include the familiar sum or mean scores from Classical Test Theory (CTT) as well as more

complex approaches from Item Response Theory (IRT). Scoring decisions include whether to use

an explicit measurement model, which measurement model to use, how to estimate item parameters,

and how to produce scores based on that model (Soland et al., 2024). While test scores derived from

different scoring models are generally highly correlated, some evidence suggests that substantive

inferences can be highly sensitive to the choice of scoring system (McNeish, 2022; Soland, 2022;

Soland et al., 2024).

In this study, we examine the impact of the scoring model on the properties of VAMs, principally,

the consistency of individual school or teacher VA estimates. Using 18 empirical datasets in
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education with item-level baseline and endline data in which students are clustered within classrooms

or schools, we show that VA estimates are often quite sensitive to test scoring decisions. Across the

empirical datasets, we find that changes only to the scoring method can shift VA percentile ranks

by an average of 20 points, 50% of units score across multiple quartiles, and that accounting for

model uncertainty inflates VA standard errors by about 10%, holding students and items constant.

The dispersion of VA estimates is reduced when all respondents answer all items (as opposed to

designs where each respondent answers a subset of items). Our results highlight the importance of

measurement considerations in educational policy and accountability.

2 Background

2.1 Decisions Involved in Scoring Item Responses

At first glance, the primary decision in “scoring” is whether to use a sum score versus an IRT model.

However, we argue that there are several steps involved in producing scores; we colloquially refer

to this entire process as “scoring.” Following the taxonomy of Soland et al. (2024), these decision

steps include (1) whether to use an explicit measurement model, (2) which measurement model to

use, (3) how to estimate item parameters, and (4) how to produce scores based on that model. We

briefly relate each of those decisions back to uses of VAM, including how these decisions could

relate to VAM sensitivity to specification.

2.1.1 Step 1. Whether to Use an Explicit Measurement Model

The first decision involves whether to use a measurement model versus a sum score. Researchers

often like to use sum scores (variously referred to as total scores or mean scores) because they are

intuitive, easy to explain and, seemingly, do not include many assumptions (Sijtsma et al., 2024a).

Yet, as McNeish and Wolf (2020) (among others) point out, one way to view sum scores is that they

involve an implicit—and highly constrained—measurement model. In fact, by imposing constraints

on a measurement model (e.g., equal item weights/factor loadings), one can produce factor scores

2



that are perfectly correlated with sum scores. While sum scores can seem like they are relatively

assumption free, they may rely on stringent assumptions that are frequently not met in practice

under a latent variable view of measurement (McNeish, 2022; McNeish & Wolf, 2020).1

Further, violations of the assumptions undergirding the sum score approach can lead to major

problems. For example, true rank orderings of individuals can be extremely distorted (McNeish &

Wolf, 2020). In the context of gains or growth, estimates of change over time and variability in that

change can be severely understated (Bauer & Curran, 2016; Gorter et al., 2020; Kuhfeld & Soland,

2022). When estimating group differences in change, such as in the case of randomized control

trials and quasi-experimental designs, results can also be distorted (Gorter et al., 2020; Soland, 2022,

2024; Soland, Edwards, & Talbert, 2025; Soland et al., 2024). Using sum scores can also create

problems in clustered, longitudinal designs (Kuhfeld & Soland, 2022)—that is, in a scenario that

directly parallels the VAM specification described in Section 2.2. Despite these issues, sum scores

remain popular in education and psychology (McNeish & Wolf, 2020), though to our knowledge

are rarely applied in VAM contexts such as US state accountability systems where IRT-based scores

are commonplace.

2.1.2 Step 2. Which Measurement Model to Use

Once a researcher decides to use an explicit measurement model, there are many possible mea-

surement models (e.g., IRT models) that can be fit to the item responses. One choice related to

measurement model specification is, regardless of the number of latent variables, how to parameter-

ize the item parameters. Consider a test comprised of I dichotomously scored items answered by

student j in classroom or school k, with item responses denoted yijk. Under CTT, the sum (or mean)

of the item responses forms the total test score: postjk = Σiyijk. Alternatively, IRT approaches

explicitly model the probability of a correct response as a function of person ability θj and item

1Given our emphasis on IRT models, we take a latent variable perspective on measurement of student achievement
for the purposes of this study (Borsboom, 2005). When a reflective latent variable model is not assumed, sum scores
can still be considered meaningful summaries of performance under less restrictive assumptions, as in Generalizability
Theory or network psychometrics frameworks. See Markus and Borsboom (2024) for more discussion of these issues.
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parameters ai (discrimination), bi (difficulty), and ci (pseudo-guessing):

Pr(yijk = 1) = ci + (1− ci)logit−1[ai(θj − bi)]. (1)

IRT models such as the three-parameter logistic (3PL) model above use a measurement model with

these parameters to generate latent trait estimates, denoted θ̂jk, by finding the score that maximizes

the probability of a student’s observed item responses, given the item parameters, thus maximizing

the information contained in the score (Embretson & Reise, 2000; Jessen et al., 2018; Rhemtulla &

Savalei, 2025). Alternative IRT models for dichotomous responses include the 2PL, in which all

ci = 0, and the 1PL or Rasch model, in which all ci = 0 and ai = a.

IRT-based scores are generally argued to have superior properties to CTT-based scores in single

timepoint and longitudinal contexts. Specific to VAMs, another reason is that, when using a 1PL or

Rasch model, IRT scores possess properties that are necessary (but not sufficient) to place scores

on an interval rather than ordinal scale when model assumptions are met (Briggs & Weeks, 2009;

Camilli, 2018; Gilbert, 2025b) (though some have explored ordinal models for VAMs to relax this

assumption; see Ballou, 2009). In the VAM context, Soland (2017) shows that even mild changes to

the scoring scale (and, specifically, departures from the equal interval assumption) can substantially

shift the odds of a teacher being designated as high or low performing. Related work shows that

VAMs can also be sensitive to vertical scaling decisions involved in measuring learning across broad

domains and multiple years of development (Martineau, 2006).

Another choice related to measurement model specification is what the factor structure should

be, especially in the longitudinal context, and whether to build multiple group membership into

the model. Both have been shown to have large impacts on estimates from randomized controlled

trials (RCTs), latent growth curve models, and growth mixture models (Edwards & Soland, 2024;

Kuhfeld & Soland, 2022; McNeish, 2022; McNeish & Wolf, 2020; Soland, 2021; Soland, Cole,

et al., 2025; Soland et al., 2024). For example, consider the case of a pre/post RCT. One could fit

a unidimensional, single group IRT model. Such a model implicitly assumes that all groups have
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the same mean and variance at all timepoints, an assumption that lacks face validity. By contrast, a

multigroup and multi-timepoint (that is, multidimensional with one factor per timepoint) model

allows each group and timepoint to have its own mean and variance in the model, matching the

study design. In a VAM design, there are by definition multiple timepoints and, depending on how

one looks at it, multiple groups.

A final, arguably more minor decision in this step that relates to our investigation is what item

response model to use once the item parameters and factor structure have been solidified. For

instance, for polytomous items, options include the Partial Credit Model (PCM), Generalized PCM

(GPCM), and Graded Response Model (GRM), whose properties and conceptions of order differ in

subtle but important ways (Domingue, Kanopka, et al., 2025; Nalbandyan et al., 2024). While such

decisions tend to be less consequential relative to questions of factor structure and whether the items

should have different weights, they can nonetheless impact inferences based on resulting scores.

2.1.3 Step 3. How to Estimate Item Parameters

Another step in the process relates to how to estimate parameters. Generally, this step is not a major

part of our investigation, therefore we discuss it only briefly. Essentially, one needs to decide on

an approach to estimate the item parameters (e.g., full information maximum likelihood [FIML]

versus Markov Chain Monte Carlo [MCMC]). Once the model parameters are estimated, they are

considered “calibrated” and used to score the measure (Step 4). As part of this step, one needs to

decide whether the sample size is sufficient to accurately estimate those parameters. For example,

complex IRT models such as the 3PL would likely not be appropriate with fewer than several

hundred examinees (Cuhadar, 2022; Domingue et al., 2024).

2.1.4 Step 4. How to Produce Scores Based on the Measurement Model

The final step is determining how to score the item responses using the calibrated parameters. One

option is maximum likelihood estimation (MLE), which has many desirable statistical properties

(Baker, 2001). However, MLE scores are undefined when a person’s item responses all fall in the
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top or bottom category. While this is not generally a problem on achievement tests (except ones

with floor and ceiling effects where some respondents get all of the items wrong or right), surveys

are often a different matter, with individuals frequently using only top or bottom response categories

(Edwards & Soland, 2024). A workaround is to use empirical Bayes approaches like Expected a

Posteriori (EAP) scoring. In this case, use of a prior helps avoid undefined scores via the posterior.

A key decision with EAP scoring is which means and variances (estimated during calibration then

treated as known during scoring) to use as priors. Scores that are noisy are shrunk to those priors. If

a unidimensional model is used, then only one mean and variance provide the basis for shrinkage.

If a multidimensional or multigroup model is used, then scores are shrunk towards group- and time-

specific means (Briggs, 2008).2

The implications here become clearer in a concrete example like an RCT. In an RCT, using a

unidimensional IRT model with EAP scoring results in scores being shrunk towards a single mean

that smooths over control/treatment and pre/post differences. By contrast, using a multigroup multi-

timepoint model means scores are shrunk towards pre/post and control/treatment specific means.

In simpler terms, one approach pulls control and treatment groups together, the other pulls them

apart. Although the risk-averse researcher might opt to pull those scores together (unidimensional),

doing so often leads to downwardly biased treatment effect estimates and high Type II error rates

(Soland et al., 2024). In contrast, using the multigroup multi-timepoint model addresses these issues,

usually without an increase in Type I errors. Type I errors are not impacted (except with extremely

short sample sizes or measures with fewer than five items) because allowing different groups (here

control and treatment) to have separate means in the model does not necessarily result in the groups

having different means. That is, both will have different means in the model, but those means could

both be zero—they would just be estimated separately.

The extent to which scoring decisions—both the last scoring step and the prior three steps—may

affect VAMs is less studied, with a few exceptions. For example, Briggs and Weeks (2009) examine

2Alternative scoring approaches such as weighted likelihood estimation (WLE) are available, but less commonly
used (Embretson & Reise, 2000; Warm, 1989). As such, we do not explore additional scoring systems for the purposes
of this study.

6



different approaches to vertical scaling in Colorado schools, and find that the ordering of VA

estimates is relatively insensitive to the scaling choice, though precision is affected. Most similar

to the present study, Ng and Koretz (2015) examine two scaling approaches in New York middle

schools and find that school ranks vary substantially by scoring system. In this study, we build on

this research by examining the same issue across a wider range of scoring systems and in a broader

array of empirical contexts in the United States and globally.

2.2 Value-Added Models (VAMs) and Sensitivity to Model Specification

Consider a standard VAM:

postjk = β1prejk + uk + ejk (2)

ejk ∼ N(0, σ2
e). (3)

Here, postjk is the endline test score for student j in teacher or school k, prejk is the baseline test

score, β1 is the strength of the relationship between baseline and endline scores, and ejk is the

residual error. uk is the covariate-adjusted effect of school or teacher k on year end test scores,

thus representing the “value added” to the learning process. While many approaches to VAMs are

possible, such as gain scores, random effects, jackknife procedures, or the use of multiple pretests

(Chetty, Friedman, & Rockoff, 2014a; Koedel et al., 2015), we maintain focus on Equation 2 for

clarity and to focus on the impacts of test scoring method, holding all other factors fixed, as our

arguments do not depend on the VAM specification used.

The identification of uk as a causal effect of cluster k on student test scores depends on the extent

to which the covariates capture relevant pre-existing differences between students in their sorting to

clusters that also affect academic achievement. In other words, the identification strategy underlying

a VAM is a selection on observables framework (Bacher-Hicks & Koedel, 2023; Castellano & Ho,

2015; Rothstein, 2009). The extent to which selection on observables is a realistic assumption is

contested, though some evidence using experimental and quasi-experimental designs suggests that
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VAMs can capture causal effects under certain conditions (Angrist et al., 2024; Chetty, Friedman, &

Rockoff, 2014a, 2014b; Kane et al., 2013). Here, we focus not on the causal identification of VAMs,

but the sensitivity of VAMs to model specification, as even under random assignment of students to

clusters, model specification may still play an important role in the inferences drawn from a VAM.

Various reviews have emphasized the sensitivity of VAMs to model specification (Koedel et al.,

2015; Levy et al., 2019). For example, VAMs are sensitive to included covariates, functional

form specifications, and the timing of tests within the school year (Atteberry & Mangan, 2020;

Cunningham, 2014; Levy et al., 2023; Papay, 2011). While application of VAMs to item-level

outcome data is relatively rare, researchers have used item-level data to examine the effects of rapid

guessing, heterogeneous VA effects across test items, and latent variable approaches on VAMs

(Gilbert, Himmelsbach, Miratrix, et al., 2025; Hawley et al., 2017; Jensen et al., 2018). In this study,

we use item-level data to explore the extent to which VAM results are sensitive to differences in the

manner in which the test is scored.

2.3 The VAM Approach to Accounting for Measurement Error and Model

Uncertainty

Traditional VAMs such as Equation 2 account for the uncertainty of the VA estimate by providing

its standard error (SE), which is a function of the number of students per teacher or school and

the residual variance σ2
e . The SE from a single-timepoint model such as Equation 2 provides

the expected sampling variability of the VA estimate, had different students been tested (Gilbert,

Himmelsbach, Miratrix, et al., 2025).

Here, we focus on a complementary source of variation, often denoted “model uncertainty,”

a term typically associated with Bayesian Model Averaging (BMA, Clyde and George, 2004;

Wasserman, 2000). That is, constructing a test score from item response data implies a statistical

model (whether implicit or explicit), and the validity of SE is contingent upon the model being

appropriately specified. For example, IRT models for dichotomous items include 1PL, 2PL, and

3PL approaches, which differ in whether the items vary in only their difficulty, or also in their
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discriminating power and the presence of lower asymptotes. IRT models for polytomous items

include even more possibilities such as the rating scale, partial credit, and graded response models.

However, the true model is generally unknown. Therefore, any VA estimate combines two classes of

uncertainty: the traditional sampling variation of how the VA estimate would differ had alternative

students been tested, and the model uncertainty of how the VA estimate would differ had an

alternative scoring approach been used.

A simple method to adjust the traditional SE for model uncertainty is to calculate the variance

of scores produced by different model and add this variation to the SE under the simplifying

assumption that both sources of variation are independent. That is, we first estimate the variance of

VA estimates for each unit k, where s indexes the VA estimate derived from scoring model s and

there are S total scores (e.g., 1PL, 2PL, 3PL, etc.):

σ2
k =

1

S − 1

S∑
s=1

(ûks − ûk)
2. (4)

We then define an “adjusted” SE for unit k by adding σ2
k to the variance of the VA estimate:

Adjusted SEk =
√

SE2
k + σ2

k. (5)

In essence, Equation 5 is akin to a Generalizability Theory framework that treats the scoring model

itself as a source of variation (Brennan, 1992, 2001).

We note that σ2
k and SE2

k are unlikely to be fully independent. The only thing that differs between

VA estimates is the scoring model (e.g., 1PL vs. 2PL), so both the traditional SE and σ2
k are derived

from the same underlying information. Any deviation caused by, say, item discrimination being

estimated in a 2PL but not in a 1PL will partially overlap with what is captured by the SE. Thus, we

view Equation 5 as a useful summary of how the magnitudes of the traditional SE and cross-model

variation compare rather than a traditional additive variance decomposition. However, we run

supplemental simulations where we generate scores from multiple IRT models fit to an unknown

DGP and find that Equation 5 provides a latent trait coverage rate of 94.7%, in contrast to the typical
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SEs, which provide a slightly lower coverage rate of 94.2%, suggesting that our approximation

works reasonably to first approximation.

Our proposed approach is conceptually similar to that of Rights et al. (2018), who adjust the SEs

of person scores derived from IRT models to account for model uncertainty. When VA estimates

across scoring model are identical, σ2
k = 0 and the adjusted SE is equal to the traditional SE. As

variation due to scoring model increases, the adjusted SE inflates accordingly to account the added

model uncertainty. While the approach of Equation 5 is both simple to implement and transparent,

it is somewhat ad hoc compared to BMA approaches that weight each model by its fit to the data.

We return to this issue in our discussion.

2.4 Research Questions

We examine two primary research questions through an application to 18 education datasets with

baseline and endline item responses:

1. How variable are VA estimates fit to models from different scores in a wide range of empirical

data?

2. What dataset features predict this variation?

3 Methods

3.1 Data Sources

We draw our datasets from the Item Response Warehouse (IRW), a public repository of item-level

datasets (Domingue, Braginsky, et al., 2025). We survey 18 datasets from education RCTs with

common academic subjects (e.g., reading, math, science, etc.) as outcomes (Gilbert, Himmelsbach,

Miratrix, et al., 2025; Gilbert, Himmelsbach, Soland, et al., 2025). All datasets contain dichotomous

item responses at baseline and endline time points, and students are clustered in a higher level unit

such as classrooms or schools. To maximize comparability across studies and isolate the effect
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of scoring method on the results, we limit the samples to students and items represented at both

timepoints and remove any zero-variance items.

We summarize the datasets in Table 1. The data include 1,678,170 posttest item responses from

85,985 respondents (some of whom are represented more than once when studies contain more than

one outcome measure). The datasets span a range of age groups, outcome measures, and geographic

locations. While the original RCTs have some program evaluation aim, here, we use these data to

examine the impact of scoring decisions on the properties of VA estimates.

Table 1: Summary of Empirical Datasets

Dataset N K I N
K Cluster Location Age Outcome

13: Romero et al. (2020) 3381 178 12 18.99 school Liberia Elementary Literacy
14: Romero et al. (2020) 3381 178 40 18.99 school Liberia Elementary Math
17: A. Duflo et al. (2024) 17344 498 21 34.83 school Ghana G1-G3 Math
18: A. Duflo et al. (2024) 17344 498 21 34.83 school Ghana G1-G3 English
19: A. Duflo et al. (2024) 17331 498 21 34.80 school Ghana G1-G3 Local Language
21: Davenport et al.
(2023)

3671 172 8 21.34 class USA G5 Math

23: Bang et al. (2023) 886 41 31 21.61 class USA K-G1 Math
31: E. Duflo et al. (2015) 11893 400 6 29.73 school India Elementary Academic Achievement
32: Maruyama (2022) 3619 232 20 15.60 school El

Salvador
G7 Math

46: Glatz et al. (2023) 120 9 42 13.33 class Netherlands G1 Language
47: Glatz et al. (2023) 123 10 44 12.30 class Netherlands G1 Math
76: Thai et al. (2022) 428 20 11 21.4 class USA K Math
78: Cabell et al. (2025) 1075 47 168 22.9 school USA K Vocabulary
79: Cabell et al. (2025) 1100 47 30 23.4 school USA K Narrative Language
80: Cabell et al. (2025) 1075 47 33 22.9 school USA K Vocabulary
81: Cabell et al. (2025) 1075 47 18 22.9 school USA K Science
82: Cabell et al. (2025) 1075 47 17 22.9 school USA K Social Studies

Notes: N = number of students, K = number of clusters, I = number of items, G = grade. For additional information
on these datasets, see our references (Domingue, Braginsky, et al., 2025; Gilbert, Himmelsbach, Miratrix, et al., 2025;
Gilbert, Himmelsbach, Soland, et al., 2025). We include the original dataset IDs in our tables and figures to facilitate
replicability and comparability with the source studies.

3.2 VAM Scoring Approaches

To examine the effects of different scoring decisions on VAM estimates, we score item responses in

several ways. These decisions mirror the steps in Section 2. We detail how we vary each scoring

approach step by step.
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3.2.1 Step 1. Whether to Use an Explicit Measurement Model

In the first step/decision point, we produce scores by taking the mean of the item responses. We then

compare VAM results using mean scores to those using IRT-based measurement models, detailed

below.

3.2.2 Step 2. Which Measurement Model to Use

Generally, we fit two broad types of measurement models using IRT. The first is a unidimensional

model, fit separately to pre and post timepoints. We parameterized that model in several ways as well,

including using 1PL, 2PL, and 3PL models. The second type is a longitudinal multidimensional

IRT model (we will refer to it hereafter as a LIRT model). This model is detailed extensively in

Kuhfeld and Soland (2022), therefore we do not provide much technical detail here. The model

includes latent variables for each timepoint. Longitudinal measurement invariance is imposed such

that the item parameters for a given item are consistent across timepoints. For example, we use a

2PL with item difficulty and discrimination parameters constrained to equality over time. Using

these constraints allows us to fix the mean and variance of the latent variable at the first timepoint to

zero and one respectively, then freely estimate the means and variances of the latent variables at

later timepoints. These means and variances are estimated during calibration then treated as priors

when scoring using EAP approaches.

3.2.3 Step 3. How to Estimate Model Parameters

Across studies, sample sizes are large enough to fit IRT models and we use Bayesian estimation to

calibrate item parameters. We include a log-normal(0, 1) prior on the ai parameter to ensure that all

discrimination parameters are positive and to shrink extreme ai parameters toward 1 and a normal(0,

2) prior on the bi parameters. We fit 1PL, 2PL, and 3PL models to the data.
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3.2.4 Step 4. How to Produce Scores

For all IRT models, we produce scores in three ways. First, we use MLE scoring. When scores are

undefined because an examinee got all of the items right or wrong, we use the common practice of

replacing undefined values with an arbitrary minimum/maximum (here, + or - 3 SDs). Second, we

use Expected a Posteriori (EAP) scores because they minimize total error and, unlike maximum

likelihood scores, are defined when a student answers all items correctly or incorrectly (Bock &

Mislevy, 1982). Third, we use test characteristic curve (TCC) scores, based on the EAP scores.

For TCC scores, we round to the nearest integer to mimic common practices in state accountability

systems (e.g., Cognia and Massachusetts Department of Elementary and Secondary Education,

2024). We re-standardize all scores at pre and post to mean 0 variance 1 in the observed sample in a

constrained Bayes approach (Ghosh, 1992) to reduce the impact of differential shrinkage and to

maximize comparability of effect sizes across scoring models. We use the mirt package in R to fit

the IRT models and extract the scores (Chalmers, 2012). We summarize the application of these

four steps in our empirical analyses in Table 2. Note that the elements of Step 2 are only applied

when using IRT scoring and that Step 4 is partially crossed with the IRT models from Step 2 (MLE

and EAP for all models, and TCC based on the 2PL only). Thus, we obtain 10 VA scores for each

cluster in our analysis.

Table 2: Scoring Decisions Applied to Our Empirical Datasets

Step Empirical Application
1. Whether to Use an Explicit Measurement

Model
Mean Scores vs. IRT Scores

2. Which Measurement Model to Use 1PL, 2PL, 3PL, LIRT (2PL)
3. How to Estimate Model Parameters Bayesian

4. How to Produce Scores EAP, MLE, TCC (2PL EAP)

3.3 VAM Estimation

We fit Equation 2 to each score from each dataset using the lm function in R and extract the VA

estimates and their associated SEs for further analysis. Across models, we use the same scoring
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method for both baseline and endline, both to limit the number of comparisons and because it is

unlikely that in practice evaluators would use different scoring systems across time points. Our

analysis is not intended to be an exhaustive exploration of all possible scoring methods but rather

illustrative of practical differences between common scoring methods across a wide range of

empirical datasets. We then calculate the following metrics from the VA estimates from each dataset

and scoring model for further analysis:

1. Range and consistency of VA percentile ranks. We calculate the VA percentile rank

separately for each dataset and scoring model and calculate the range for each unit. For

example, if school A has a minimum percentile rank of 20 and a maximum percentile rank

of 30 across the scoring methods, the range for school A is 10 percentile points. We then

calculate the intraclass correlation (ICC) of the percentile ranks to obtain a measure of VA

rank stability in each dataset using the following equation:

rankks = β0 + uk + eks (6)

uk ∼ N(0, σ2
u) (7)

eks ∼ N(0, σ2
e), (8)

where rankks is the VA percentile rank of cluster k based on score s, uk is the deviation of

cluster k from the grand mean β0, and eks is a residual. The ICC is defined as σ2
u

σ2
u+σ2

e
.

2. Range and consistency of VA estimates. We apply the same method as we use for the

percentile ranks to the VA estimates themselves, in standard deviation units.

3. Classification in multiple quartiles. We assign each percentile rank to the corresponding

quartile and create an indicator variable for whether a unit is ever ranked across multiple

quartiles.
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Figure 1: VA Percentile Ranks by Scoring Method for Two Empirical Datasets
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4. Adjusted SE. We apply Equation 5 to create adjusted SEs for each unit to determine how

much the SEs inflate when adjusting for model uncertainty.

4 Results

Figure 1 contrasts VA percentile ranks by school two illustrative datasets, dataset 23 (Bang et al.,

2023) and dataset 76 (Thai et al., 2022), both measuring math achievement in early elementary

students. The percentile ranks for dataset 76 are more consistent than dataset 23 (ICC = .97 vs. .89),

but nonetheless show significant variation, with an average range of VA percentile ranks of 16.6

points and 55% of classrooms classified in multiple quartiles. The percentile ranks for dataset 23

are much more variable, particularly for the LIRT EAP scores. We include identical scatterplots for

all datasets in our supplement.

Figure 2 shows summary results for the 18 empirical datasets. The top left panel shows the mean

VA percentile rank range, the top right panel shows the mean inflation of the adjusted SE over the
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Figure 2: Effects of Scoring Method on VA Stability across 18 Empirical Datasets
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conventional SE (as a ratio), the bottom left shows the percent of units classified in multiple quartiles,

and the bottom right shows the percent of units ever in the bottom 10% of the VA distribution. While

the results vary widely across datasets, the overall pattern is clear: VA ranks and categorizations are

in many cases highly sensitive to the scoring method used. For example, in many datasets, over

half of the units are categorized in multiple quartiles, mean percentile rank ranges exceed 20 points,

and the accounting for model uncertainty across the scoring methods adds more than 10% to the

conventional SEs. Given that all four metrics examined in Figure 2 relate to the stability of VA

rankings, it is not surprising that datasets tend to be ranked similarly across plots. For example,

dataset 80 (Cabell et al., 2025) shows the most variation in three out of the four metrics, whereas

dataset 46 (Glatz et al., 2023) shows the lowest variation in two out of the four metrics.
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We conclude with a metaregression model to determine what dataset features predict dispersion

in VA results. We regress the mean VA percentile range for each dataset on person sample size,

item sample size (both logged), data sparsity (the proportion of possible item responses answered

by participants, where 0 indicates that all respondents answer all items), range of standardized

regression coefficients on the baseline scores, and marginal reliability of the posttest derived from a

2PL model. Given the small sample size of 18 datasets, we examine each predictor separately. We

find that only data sparsity significantly predicts dispersion. In particular, a positive one-percentage

point difference in data sparsity predicts a +.39 point difference in VA percentile ranks (p < .01).

Thus, differences between scoring methods are less extreme with complete item response data. We

emphasize that these results should be interpreted cautiously given the relatively small sample size

and the convenience nature of the sample.

5 Discussion

While VAMs are widely used and debated in education policy and accountability research, the

practical consequences of test scoring decisions on VAM interpretation has remained relatively

unexplored. In this study, we find wide dispersion in VA estimates due to differences in scoring

methods. Many of our 18 empirical datasets show relatively low stability of VA ranks across

scoring methods, with average percentile rank ranges of 20 percentage points and over 50% of

clusters classified in more than one performance quartile, holding constant both students and item

responses. In general, the use of concurrently calibrated longitudinal IRT (LIRT) EAP scores

emerged as the most significantly different approach than the alternative, separately calibrated

scores. Because the concurrent calibration disattenuates the correlation between scores across time

points for measurement error, the resulting pre/post correlations were in general substantially higher

for the LIRT scores and the VA estimates therefore function somewhat differently compared to the

other scoring systems (Lockwood & McCaffrey, 2014).
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Our findings align with critiques of VAMs as arbitrary instruments of accountability due to their

often low reliability (Amrein-Beardsley, 2014; Yeh, 2012). Our finding that VA rankings can vary

by around 20 percentile points due to seemingly idiosyncratic statistical choices alone suggests

the need for caution in interpreting point estimates from a single VAM. However, we emphasize

that our focus on scoring methods differs from classical conceptions of measurement error in and

reliability of VA estimates. Traditional measurement error assumes that the results would have

been different had students (or items, depending on the scenario) varied across replications (Gilbert,

Himmelsbach, Miratrix, et al., 2025). Here, we hold both students and items constant and only

vary the scoring method and find that slight differences in the underlying scoring model can yield a

meaningfully different inferences about a teacher or school’s relative effectiveness, an important

finding with implications for accountability policy that may be based in part on VAMs (Rights et al.,

2018). Our findings are also aligned with those of McNeish and colleagues, who show that even

when correlations between scoring methods are near perfect, substantive inferences can nevertheless

be affected (McNeish, 2022, 2024; McNeish & Wolf, 2020). Thus, scoring decisions form an

important but as of yet underappreciated component of validity evidence for uses of individual VA

estimates in accountability policy.

How should practitioners respond in the face of such substantial scoring variation? The tradi-

tional VA SEs are only valid conditional on the model used to generate the scores being correct.

In general, however, the true model is unknown (Rights et al., 2018). We propose a simple ad-

justment to account for model uncertainty, namely, inflating the SE to account for variation across

scoring methods using Equation 5. In effect, this ad hoc approach is similar in spirit to Bayesian

Model Averaging (Rights et al., 2018; Wasserman, 2000), under which model results are weighted

according to some fit criteria such as the BIC, or plausible values scoring, where each scoring

model is analogous to one plausible value (Huang, 2024). Equation 5 is similar, except that it

assigns equal weights to the models. Beyond the advantages of simplicity and transparency, some

scoring models, such as the TCC or mean score, do not produce standard fit indices, and the LIRT

model fit indices are not comparable to the other IRT models due to the concurrent calibration
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across both time points. Thus, simplicity and transparency in scoring may be beneficial to justify

VAMs for use in public accountability systems (see Sijtsma et al., 2024a; Sijtsma et al., 2024b for

similar comments on interpretability of sum vs. 2PL scores). Furthermore, even when traditional fit

indices show strong evidence for one model over another (which is extremely common when sample

sizes are large), gains in out-of-sample predictive performance may be negligible. For example,

Domingue et al. (2024) show that the 3PL model provides essentially no benefit in out-of-sample

predictive performance over the 2PL model, even when the 3PL is the data-generating process.

Thus, considerations of the tradeoffs between model fit, interpretability, transparency, and simplicity

should be weighed carefully depending on the use case (Bonifay & Cai, 2017; Gilbert, 2025a,

2025b).

An alternative approach would be to simply select the most flexible or complex model. For

example, if the data are generated from a 1PL model, fitting a 2PL model will return equal item

discriminations within the bounds of sampling error and essentially reduce to the 1PL. We note

two issues with this approach. First, even in very large samples, some parameters, such as the

pseudo-guessing parameter in the 3PL model, are still very difficult to estimate, particularly for easy

items. Second, there is essentially no upper limit to model complexity: 4PL models (including upper

asymptotes, Liao et al., 2012), 5PL models (allowing for asymmetry, Johnson and Verkuilen, 2024),

and non-parametric approaches are also available (Sijtsma, 1998). Furthermore, many datasets are

simply too small to estimate such models precisely. Similarly, while the LIRT scores are perhaps the

most theoretically defensible by linking the scoring scales across time and disattenuating pre/post

correlations for measurement error, these benefits come at the cost of the added assumption that the

item parameters are invariant over time.

The wide array of analysis options means that the adjusted SEs will themselves vary depending

on the researcher’s choice of scoring approaches to compare. Therefore, it may be necessary for

analysts to define a universe of plausible modeling approaches to keep estimation tractable, as in

Table 2. For example, as described above, while 4PL and 5PL models are available (Johnson &

Verkuilen, 2024; Liao et al., 2012), to our knowledge, they are not used in any US state testing
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system. While a full review of state testing practices is outside the scope of this study, we highlight

three illustrative examples for context. Massachusetts uses TCC scoring based on a 2PL (Cognia &

Massachusetts Department of Elementary and Secondary Education, 2024, p. 65), the Measures of

Academic Progress (MAP)—used in many states—uses 1PL scoring based on a Bayesian procedure

(NWEA, 2019), and the 2022 New York Regents ELA exam uses TCC scoring based on a 1PL

(Pearson, 2022). Thus, for purposes of school accountability in the US, the use of 1PL, 2PL, and

3PL models with EAP and TCC scoring may be sufficient, and researchers conducting scoring

sensitivity analyses should consider the intended context and use of the VAM to identify the set of

models to be compared.

We note several limitations of our study. First, our data sources are somewhat different from

settings in which VAMs are commonly applied, such as US state accountability systems. While the

global representation is a strength from a generalizability perspective, the extent to which our results

would replicate on longitudinal data from US states is an open question, though results from Ng and

Koretz (2015) across two scoring methods suggest similar patterns in at least one US state testing

context. Second, while we explored a range of scoring methods for the dichotomous item responses,

our design was not exhaustive. For example, plausible values IRT scores may perform differently

than the EAP and MLE scores examined here, but they still suffer from model uncertainty. Third,

estimating variability in VA scores across IRT models requires item-level data. In practical settings

with proprietary tests, such data may not be readily available to analysts, and therefore the issues

identified in this study may not be directly addressable in many real world contexts. Fourth, some

research has emphasized the importance of controlling for multiple pretests in VAMs (Lockwood

& McCaffrey, 2007), and we use only single pretests in our analysis (i.e., the lagged version of

the posttest, which is necessary for the LIRT models). The extent to which multiple pretests might

interact with the issues presented in this study are worthy of further investigation. Last, to compute

the adjusted SE, the analyst must generate scores and fit the relevant VAMs multiple times, which

may be very tedious and computationally intensive in practice, though such concerns may be

attenuated with moderate sample sizes and modern computational capacities. For example, on the
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first author’s personal computer, running the 10 VAMs across 18 datasets took approximately 3

minutes. However, such concerns may become more salient in large-scale contexts with hundreds

of thousands or millions of students.

In conclusion, VAMs continue to play an important role in education evaluation, assessment, and

accountability research, but considerations of how test scoring models may impact VA inferences

have remained relatively unexplored. Our results show that quantitative and qualitative judgments

about the efficacy of schools and teachers can be highly dependent on the scoring model used. As

such, appropriate use of VAMs requires careful attention to scoring issues and may demand larger

standard errors that account for model uncertainty in addition to traditional measurement error.
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