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Abstract

Value-added models (VAMs) are widely used in education accountability systems to
estimate school and teacher effectiveness. However, myriad methodological concerns
have been raised about the ability of these models to measure quality. Among those
concerns is the risk that these systems may inadvertently penalize schools serving highly

mobile student populations, as mobility is known to be detrimental to student learning.

This study examines school-level value-added data from Ohio to test whether higher
student mobility rates are associated with lower VAM scores. Using publicly available
datasets linking mobility metrics with value-added estimates, | find a robust negative
relationship. That is, schools with elevated mobility exhibit systematically lower value-
added measures, even after accounting for student demographics and baseline

achievement.

Background

Value-added models (VAMs) have become a cornerstone of modern education
accountability systems, promising to isolate as best as possible the contributions of
schools and teachers to student learning growth by controlling for prior achievement and
other factors. These models represent a shift from proficiency metrics in recognition of the
fact that proficiency rates largely reflect student demographics and prior achievement
rather than the quality of instruction provided by schools and teachers (Betebenner, 2012;
Ho, 2008; Koedel et al., 2015; Polikoff, 2017; Polikoff et al., 2013). By focusing on growth,

VAMs aim to provide a fairer and more accurate assessment of educational effectiveness.

The conceptual roots of value-added analysis in education can be traced to early
production function studies in economics. Hanushek (1971) and Murnane (1975) explored
teacher effects on student outcomes using regression-based approaches that accounted

for prior performance. Broader interest surged in the 1990s with the work of William



Sanders and colleagues in Tennessee. Sanders and Rivers (1996) analyzed longitudinal
student test score data and demonstrated that teacher effects are cumulative and
persistent, with students assigned to ineffective teachers for multiple years showing
lasting deficits even when later taught by effective instructors. This was followed by Wright,
Horn, and Sanders (1997), who argued that teachers are the most significant source of
variation in student achievement. These findings animated efforts to produce the
Tennessee Value-Added Assessment System (TVAAS), which used multilevel modeling to

estimate learning effects.

The No Child Left Behind Act (NCLB, 2001/2002) accelerated adoption by emphasizing
test-based accountability, though it initially focused on proficiency measures. The
subsequent Race to the Top initiative (2009) further incentivized states to incorporate
growth or value-added metrics into teacher and school evaluations, often tying them to
high-stakes decisions like tenure, compensation, and school ratings (Collins & Amrein-
Beardsley, 2014; Shen et al, 2016; Ozek & Xu, 2019; Thomas et al., 2019). By the 2010s,

numerous states and districts had implemented VAMs (Pivovarova et al., 2016).

Ohio was an early adopter of value-added measures in a performance accountability
framework. House Bill 3 (2003) required the state to incorporate a value-added progress
dimension into district and school ratings to complement performance indices, with
statewide report-card use following several years later (Lloyd, 2008). Ohio utilized the SAS
Educational Value-Added Assessment System (EVAAS), rooted in Sanders’ methodology
(Lloyd, 2008). This allowed for estimates of student progress from one year to the next
relative to expected growth based on prior achievement trajectories. Value-added became
a key component of Ohio’s school report cards and educator evaluations, providing
estimates on how schools and teachers contribute to academic gains across subjects and
grades. Critically, unlike Tennessee, Ohio also publishes school-level mobility data, making

it an ideal case study to assess the relationship between mobility and value add measures.

Despite their widespread adoption and intuitive appeal, value-added models (VAMs) have

faced substantial methodological scrutiny. These concerns are particularly acute when



VAMs are used for high-stakes accountability purposes, such as school ratings, teacher

evaluations, or resource allocation (Koedel et al., 2015).

One core set of concerns revolves around bias in VAM estimates. Standard VAMs assume
that, conditional on prior achievement and included covariates (e.g., student
demographics), student assignment to schools or teachers is effectively random or that
unobserved confounders are negligible. In reality, non-random sorting can introduce
systematic bias. For instance, when it comes to teachers, Rothstein (2009, 2010)
demonstrated that future teachers appear to "predict" prior student performance in ways
that suggest sorting on unobservables, likely driven by parental preferences, administrative
decisions, or unmeasured student characteristics. When it comes to schools, Paul and
Greene (2022) analyzed student level data from virtual schools that provided reasons for
enrollment. They observed that negative selection factors were predictive of lower ELA
achievement even after controlling for prior achievement history and standard
demographic data (e.g. race, gender, free or reduced lunch eligibility, special education
status), an observation that casts doubt on the idea that the covariates in standard value

add models are sufficient for producing unbiased estimates.

Even the strongest proponents of VAM would acknowledge that model specification
matters greatly (and that it is not unreasonable to wonder or doubt whether the EVAAS
system appropriately handles concerns around mobility). Different functional forms,
choices of lagged scores (one versus multiple years), inclusion of student or peer
covariates, and handling of missing data or attrition can produce meaningfully different
rankings. The American Statistical Association (ASA, 2014) emphasized this sensitivity,
noting that VAM scores and rankings can shift substantially under alternative
specifications. Similarly, the inclusion (or exclusion) of sociodemographic adjustments has
been debated on both technical and ideological grounds; omitting them may exacerbate
bias in high-poverty settings, while including them raises questions about holding schools

accountable only for factors within their control (Parsons et al., 2019).



Reliability and stability represent another major limitation. Teacher or school VAM
estimates often exhibit low year-to-year correlations (frequently in the 0.2-0.5 range),
raising doubts about their suitability for high-stakes decisions (Loeb & Candelaria, 2012;
McCaffrey et al., 2009). This instability leads to high misclassification rates. Teachers or
schools may be labeled "ineffective" one year and "effective" the next purely due to noise.
Shrinkage estimators and multi-year averaging are common mitigations, but they do not
fully resolve the issue, particularly for students with a history of low achievement

(Herrmann et al., 2016).

Broader critiques, including those from the American Educational Research Association
(AERA, 2015), stress that VAMs primarily capture correlations rather than causation and
rely on standardized test scores that may not fully reflect teacher or school contributions
to broader student outcomes (e.g., socioemotional development, long-term attainment,

lifetime earnings).

Student mobility stands out as a particularly salient methodological concern in this
literature, especially relevant to the current study. Highly mobile students disrupt the
assumptions underlying standard VAMs (Cassiday, 2023). Mobility interrupts learning
(Mehana & Reynolds, 2004), introduces gaps in student data histories (SAS Institute, 2013),
complicates attribution of growth to a specific school (Cassiday, 2023), and correlates
temporally with other potentially harmful disruptions (Pribesh & Downey, 1999). VAMs can
bias estimates downward for schools serving transient populations, as these schools may
inherit students with disrupted learning trajectories while receiving limited credit for prior

contributions from "sending" schools (Goldstein et al., 2007).

Research consistently documents negative associations between mobility and student
achievement (Mehana & Reynolds, 2004; Hanushek et al., 2004; Grigg, 2012; Pribesh &
Downey, 1999). Mobile students often experience learning losses equivalent to several
months of instruction, with effects compounding for frequent moves (Goldhaber et al.,
2022). Within-year mobility appears especially disruptive (Min, 2022; Prior & Leckie, 2022;

Guarino et al., 2025). These effects are not purely compositional; even after controlling for



student characteristics, mobility predicts lower test scores and growth (Grigg, 2012; Paul &
Greene, 2022). In VAM contexts, this hypothetically creates a structural disadvantage for
high-mobility schools since they serve more students with unobserved shocks (e.g., family

stress, adjustment periods), leading to systematically lower value-added scores.

Empirical work reinforces these concerns. Student moves reduce achievement growth,
and high school-level turnover harms movers and non-movers alike, with larger costs in
schools serving lower-income and minority students (Hanushek, Kain, & Rivkin, 2004). This
pattern risks distorting accountability by penalizing schools for factors at least partially
outside their control, such as student churn driven by external socioeconomic forces.
Plausible outcomes that should concern policymakers are that these empirical realities
could discourage schools from enrolling mobile students (Weckstein, 2003; Rhodes, 2005;

Ozek, 2012) or penalize schools that are serving students well but register low VAM scores.

In summary, while VAMs advanced accountability beyond static proficiency rates by
emphasizing growth, they remain a technically and philosophically imperfect approach for
measuring school quality. Schools in high-mobility environments may appear less effective
not due to inferior instruction but because models imperfectly isolate school
contributions. These issues motivate the present study's empirical examination of mobility-

VAM relationships in Ohio data.

Data and Methods

This study uses publicly available school-level data from the Ohio Department of
Education and Workforce’s School Report Cards. The primary outcome is the Overall Effect
Size from the 2024-25 Progress component. Ohio produces its value-added measures
through the SAS Education Value-Added Assessment System (EVAAS). EVAAS estimates
each student’s expected academic growth based on their prior test-score trajectory and
then compares actual performance to that expectation. The school-level Effect Size

aggregates these student-level growth residuals into a single standardized metric of the



school’s contribution to learning. Positive values indicate that students, on average, grew
more than expected given their prior achievement; negative values indicate below-
expected growth; and a value of zero indicates growth exactly in line with expectations. For
illustration, an effect size of +0.10 means students grew roughly one-tenth of a standard
deviation more than expected, while an effect size of —-0.20 indicates growth about one-fifth

of a standard deviation below expectations.

Student mobility is measured as the percentage of students who entered or left the school
during the 2024-25 school year. The analysis examines both the continuous mobility rate
and a binary indicator for high-mobility schools, defined as a mobility rate of 25 percent or
higher—the threshold used by the state of Ohio. Additional school-level covariates include
contemporary (2024-25) measures of the natural log of enrollment, attendance rate,
chronic absenteeism rate, and the percentage of students identified as economically
disadvantaged, an indicator based primarily on free- or reduced-price lunch eligibility and
related income criteria. Subsequent specifications add school racial composition (percent
Black, Hispanic, and White) and lagged school-level proficiency (the share of students
scoring at or above Proficient on 2023-24 assessments). Inclusion of race/ethnicity as
covariates is limited to those three since data is suppressed at n<10. Including those three
variables already results in losing nearly half the sample, while additional controls (e.g.

Asian, Native American, multiracial) would decrease the number substantially further still.

The analytic sample is restricted to schools with non-missing values on the effect size and
mobility rate, yielding 3,005 observations in the most inclusive models. Sample sizes
decline when race and prior-proficiency variables are added because of data suppression
rules. Models are estimated using ordinary least squares with robust standard errors.
Specifications are built sequentially, beginning with a bivariate association and then adding

covariates in stages.

This sequencing is deliberate. Enrollment is the most straightforward control and poses
little risk of over-control. The remaining covariates are more ambiguous. Attendance and

chronic absenteeism may be both causes and consequences of mobility and school



climate. Economic disadvantage and racial composition are correlated with mobility and
with the unobserved shocks that high-mobility schools absorb. Lagged school-level
proficiency is especially fraught. Because the outcome is already a student-level growth
residual, further controlling for aggregate prior achievement can partial out part of the very
disadvantage the analysis is designed to detect. These variables are therefore presented as
robustness checks rather than as a single preferred specification. The central empirical
question is whether the mobility association survives this sequence of increasingly

conservative models.

Results and Discussion

The analysis estimates the association between student mobility and school value-added

using ordinary least squares. The continuous-mobility specification takes the form

Y, = Bo + ByMobility_ + Xy + &

where Y;is the Overall Effect Size for school s, Mobility is the continuous mobility rate, and
X,is a vector of school-level covariates that expands across columns. The binary high-
mobility models replace the continuous rate with an indicator equal to one if the mobility

rate is 25 percent or higher:
Y¢ = By + B1HighMobility  + Xsy + &.

Figure One highlights a clear, negative relationship between student mobility and value-

added effect sizes.



Figure One: Relationship between mobility and value-added scores

School Mobility and Value-Added Scores
Ohio Public Schools, 2024-25
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Source: Ohio School Report Cards. Line = OLS fit.

Table 1 reports results from the continuous specification and clarifies that within the
bivariate model (Column I), a one-percentage-point increase in the mobility rate is
associated with a 0.0039-point decline in effect size (p < .01). Adding enrollment (Column
Il) and then attendance, chronic absenteeism, and economic disadvantage (Column Ill)
reduces the magnitude but leaves the coefficient negative and statistically significant (p <
.01). Adding racial composition (Column IV) cuts the sample size nearly in half but the
magnitude increases to -0.0052 and remains statistically significant (p < .01). Including
lagged school-level proficiency (Column V) attenuates the estimate to -0.0023, but the

coefficient nonetheless remains negative and statistically significant (p < .01).



Table One: Predictors of school value-added effect size (linear mobility measure)

| | 1] v \"/
-0.0039*** -0.0035*** -0.0031*** -0.0052*** -
Mobility 0.0023***
(0.0004) (0.0004) (0.0007) (0.0007) | " " 006)
Ln(Enrollment) ) 0.0275*** 0.0259 0.0037 0.0019
(0.0050) (0.0049)*** | (0.0077) | (0.0071)
Attendance 0.002* 0.0001 0.0039***
(0.0010) (.0013) (0.0012)
Chronic 0.0005 -0.0007 0.0024***
Absenteeism (0.0004) (0.0006) (0.0006)
Econ -0.0001 -0.0006*** 0.0001
Disadvantage (0.0001) (0.0002) (0.0002)
0.0003 0.0010*
Black - - -
(0.0006) | (0.0006)
Hispanic 0.0009 0.0019***
P (0.0007) | (0.0006)
. -0.0009 -0.0009
White - - ] (0.0006) | (0.0008)
Prior proficienc 0.0045%*%
P y (0.0004)
n 3,005 3,004 2,999 1,533 1,529

Ohio defines a school as “high mobility” if at least 25 percent of its enrollment consists of

students who have attended the school for less than one year (Ohio Rev. Code § 3302.03).

Following that 25 percent threshold, additional models treat mobility as a binary high-

mobility indicator rather than as a continuous rate. This specification is useful if the
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relationship is not strictly linear and perhaps does not manifest below certain mobility

thresholds.

Highly mobile schools have effect sizes 0.1078 points lower than other schools in the
bivariate model (p < .01). The gap narrows with additional controls but remains statistically
significant in every specification, including the fullest model that includes race and prior

proficiency (-0.047, p < .01).

Table Two: Predictors of school value-added effect size (high mobility schools)

| ] 1] v Vv
. . -0.1078*** -0.0917*** -0.052** -0.0958*** )
Highly mobile 0.0467***
(.0173) (0.0180) (0.0228) (0.0251)
(0.0161)
0.032 0.0273*** 0.0067 0.0026
Ln(Enrollment) -
(0.0051) (0.0050) (0.0081) (0.0071)
-0.0003** 0.0022* | 0.0048***
Attendance - -
(0.0001) (0.0012) (0.0011)
Chronic 0.00371*** -0.0008 0.0026***
Absenteeism (0.0011) (0.0006) (0.0006)
Econ 0.0003 -0.0008*** 0.0001
Disadvantage (0.0004) (0.0002) (0.0002)
0.0004 0.0011*
Black - - -
(0.0007) (0.0006)
. . 0.0010 0.0020***
Hispanic - - -
(0.0007) (0.0007)
. -0.0006 -0.0007
White - - -
(0.0006) (0.0006)
i . 0.0049***
Prior Proficiency - - - -
(0.0004)
n 3,005 3,004 2,999 1,533 1,529
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Descriptive patterns in Table 3 illustrate the practical magnitude of these associations.
Across the full sample of 3,005 schools, the mean effect size is 0.010 and 54.3 percent of
schools post non-negative scores. The disadvantage widens at higher mobility thresholds:
schools above 30 percent mobility average —0.147 (28.6 percent non-negative), and those
above 40 percent average —-0.226 (only 11.7 percent non-negative). High-mobility schools

are concentrated in the lower tail of the value-added distribution.

Table Three: Effect size outcomes by mobility bucket

Mobility N Mean Effect Median Effect % with Effect Size =
Rate Schools Size Size 0
All schools 3,005 0.010 0.00 54.3%
>10% 1,021 -0.017 -0.02 46.1%
>20% 299 -0.059 -0.04 38.8%
>30% 112 -0.147 -0.15 28.6%
>40% 60 -0.226 -0.22 11.7%

It bears repeating that chronic absenteeism, economic disadvantage, and racial
composition are entangled with the conditions that produce mobility and with the
unobserved shocks that mobile students bring into the growth calculation. Prior
proficiency is an especially aggressive control because the dependent variable is already
residualized on student prior achievement, so adding school-level lagged proficiency can
absorb part of the mobility penalty rather than isolate confounding. The attenuation
observed when controlling for prior achievement is therefore expected and should not be
read as evidence that the association between mobility and VAM is spurious with sufficient

controls in place. Indeed, it is notable that the negative mobility coefficient survives every
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specification. That persistence, including in the most conservative models, is the result

that deserves attention.

While reverse causality (i.e., low value-added scores prompting parental exit) cannot be
ruled out entirely, extant literature provides some reassurance. Research on school choice
behavior, including analyses of New York City high school applications (Abdulkadiroglu et
al., 2020), finds that parents respond primarily to absolute achievement levels and peer
composition rather than to growth or value-added measures. Because the models already
control for economic disadvantage, attendance, racial composition, and (in the fullest
specifications) prior proficiency, the prospect of reverse causality operating through VAM-

driven exit is reduced.

The robustness and magnitude of the mobility-value-added relationship have direct
implications for accountability. Ohio uses value-added results to construct the Progress
Component of school report cards. Progress accounts for 25 percent of a school’s overall
report-card rating or a slightly larger share when some components are missing. Progress
scores are a function of both the growth index (statistical certainty) and the effect size
(magnitude of growth). For schools, a 5-star Progress rating requires an effect size of at
least +0.20 while a 1-star rating requires a score of -0.20 or less. As a result, 32.2% of highly
mobile schools in the sample have effect sizes that qualify them for a 1-star rating

compared to 7.3% of non-highly mobile schools.

In sum, higher student mobility is robustly associated with lower value-added scores in
Ohio. The relationship holds after accounting for enrollment, attendance, chronic
absenteeism, economic disadvantage, racial composition, and lagged proficiency, and it is
most pronounced among schools meeting or exceeding the state’s own 25 percent high-
mobility threshold. While the data cannot isolate a purely causal effect, the fact that the
negative coefficient is maintained in all model specifications is a signal that current growth

measures imperfectly isolate school contributions in high-mobility settings.
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Notably, Tennessee, North Carolina, and Pennsylvania also use EVAAS value-added
measures in statewide accountability. Those states do not publish statewide school-level
mobility rates comparable to Ohio’s, but there is little reason to think the patterns
documented here are unique to Ohio. In those states as in Ohio, policymakers seeking
fairer accountability may wish to consider solutions including but not limited to mobility-
adjusted growth metrics, complementary indicators of student stability, or reduced weight

on value-added results for schools that serve highly mobile populations.
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