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MAP Growth (MAP) and Smarter Balanced assessment (SBA) are two of the most
common standardized assessments used in Pre-Kindergarten to Grade 12 education
in the United States. We show how scores on MAP relate to scores on SBA for third
grade students. Previous studies examining the relationship between MAP Growth and
SBA have been conducted by the test publisher. The current study expands on this
and examines how scores on MAP Growth relate to scores on SBA and examine if
these relationships vary by when the MAP Growth assessment is taken or by student
demographics (by English language proficiency, gender, and ethnicity). Scores on these
assessments are compared for 3rd grade students from Clark County, Nevada, which is
the fifth largest school district in the United States. The scale scores were associated and,
when using MAP to predict SBA scores, followed a quadratic pattern. While students’
scores on the assessments varied by English language proficiency, gender, and ethnicity
(i.e., discrepancies that are often referred to as achievement gaps), the relationships
between these assessments showed a similar pattern across these demographics.
Growth scores were calculated for three MAP administration time points. As well as
showing a slight “rich get richer” effect (i.e., slightly more growth for those scoring high),
there were regression toward the mean effects. The MAP growth curves were similar by
English language proficiency, gender, and ethnicity.

Keywords: formative assessment, summative assessment, measures of academic progress, smarter balanced
assessment consortium, growth

1. EXPLORING THE ASSOCIATIONS BETWEEN MAP GROWTH
AND SBA BY DEMOGRAPHICS

The primary goal of this paper is to show how the scores on MAP Growth (MAP, by NWEA)
relate to scores on the Smarter Balanced Assessment (SBA), and to examine if these relationships
vary by when the MAP is taken and by student demographics (by English language proficiency,
gender, and ethnicity). MAP Growth is a set of assessments designed to give formative feedback
throughout the year for pre-kindergarten to Grade 12 (PK-12) students. NWEA state their
assessments are used in 9,500 school districts in 145 countries (www.nwea.org). The MAP Growth
assessment is the most used of their assessments within PK-12 and here will be referred to as
MAP. SBA (smarterbalanced.org) has been developed by several US states (the consortium has
had up to 30 member states) and its assessments are used, among other things, in grades 3-8
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and 11 as summative end of year assessments to measure
academic “proficiency” of students. In the US, state and federal
law currently requires schools to report academic proficiency
data and SBA is commonly used for this purpose. Alignment
studies conducted by NWEA, indicate MAP Growth scores align
with SBA scores; thus, MAP growth scores may be used to
identify students who may not be on track to meet end of year
academic proficiency standards. Given that MAP and SBA are
two of the most commonly used assessments in the US and
there is a paucity of peer reviewed research examining their
relationship, further investigating the relationship between these
tests and whether the relationship varies by characteristics of the
students is important. The data examined here come from Clark
County, Nevada, which is a large ethically diverse school district
where students take both MAP and SBA.

SBA converts the scale scores, which range from ~2,000-
3,000, into four levels. States can use different verbal labels
to describe these and in Nevada the labels used are: minimal
understanding, partial understanding, proficient, and advanced.
For Federal reporting purposes, states often just report the
proportion at levels 3 or 4 (i.e., at least proficient). Because of
this NWEA have produced reports for how MAP scores relate to
either just this threshold or the three thresholds differentiating
the four levels on SBA. Their most recent (at the time of writing)
report comparing MAP and SBA is at www.nwea.org/resources/
sbac-linking-study/ (NWEA, 2021).

It is important to stress that transforming the scale scores into
categories causes information to be lost (MacCallum et al., 2002;
Altman and Royston, 2006) and this is recognized by SBAC.

Although Achievement Level Descriptors are intended to aid
interpretation of the four categories, they are less precise than
scaled scores for describing student growth or changes in
achievement gaps among groups of students since they do
not reveal changes of student scores within the four levels.
Thus, achievement levels should be understood as representing
approximations of levels at which students demonstrate mastery
of a set of concepts and skills.
https://validity.smarterbalanced.org/scoring/ (Oct. 24, 2021)

As such, here the MAP scale scores are compared with the
SBA scale scores. This allows more information to be used in
comparing these measures.

Psychometricians talk of three ways to compare scores from
two tests: equating, aligning, and predicting (e.g., Holland and
Dorans, 2006; Dorans et al., 2011). Equating requires that the
tests measure the same construct (and no constructs that the
other does not) and that they are equally difficult and equally
reliable. Students taking high stakes standardized tests will often
receive different forms of the test. They are equitable if no student
should have a preference about which form they take. These
conditions are usually only applicable with parallel forms of
the same test. Scale aligning requires matching points from the
scales onto a common metric (Dorans et al., 2011). How this
common scale score is used depends on further assumptions.
Sometimes this is called the concordance of the two tests. For
example, the following report shows the concordance of two tests

often used for undergraduate admissions in the US: the ACT and
SAT scores: www.act.org/content/act/en/products-and-services/
the-act/scores/act-sat-concordance.html. Each test is treated the
same by the statistical procedure. Prediction requires the fewest
assumptions and the two assessments are treated differently. One
assessment is used to predict scores on the other assessment. This
is the approach taken here. As these assessments are not designed
to measure the same construct, here the appropriate approach is
prediction. Because the SBA scores are used for federal reporting,
the MAP scores will be used to predict the SBA scores using
regression.

The three MAP administrations can be used to measure
academic growth throughout the year. These growth estimates
can be compared by demographics. We can also examine whether
students who begin the year with high scores tend to have
lower growth than students who begin with low scores. This
often occurs when the initial scores are not perfectly reliable,
so include part true score and part what is assumed random
error. This is true for all educational assessments (American
Educational Research Association et al., 2014). It is assumed that
while the true score remains relatively stable, those with very high
random errors will have less positive error terms on subsequent
assessments, and vice versa for those with initially very low error
scores. This will lead to the tendency for scores to regress towards
the mean (Galton, 1886). The opposite finding, that high scoring
students increase or the “rich get richer” effect-also referred to
as the Matthew Effect (e.g., Stanovich, 1986) based on a story in
the Gospel of Matthew-predicts those with initially high scores
grow more. As the regression to mean occurs simply because of
the way in which test scores are estimated, we predict regression
to the mean to occur.

2. ANALYSIS PLAN

The main descriptive procedures are scatter plots with the SBA
scores on the vertical axis and MAP scores on the horizontal axis.
Because the scores on the SBA have a ceiling, about one percent
in the sample scored at the maximum (and a smaller amount
at the minimum), a Tobit regression is used (Tobin, 1958).
While this is a small percentage, if an unbounded regression is
used this produces large over-predictions for high MAP scores.
Because Tobit regressions are more common in economics
than education research, a brief review of this approach is
warranted. Tobin (1958) created a model where it is assumed that
there is some normally distributed variable but that the values
beyond some threshold have all been given that threshold as a
value. This is described as censored data. This ceiling effect is
intended because the test is not designed to measure precisely
at these extremes because the federal government simply asks
for the proportion of students above different thresholds. In
order to reliably produce estimates at high values would require
lengthening the assessment by including a greater number of
difficult questions. The statistical approach often used when there
is a cut-off where scores above this value are just given the cut-
off value is Tobit regression. The Tobit approach is popular in
econometrics and biostatistics, and has been discussed for other
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areas (e.g., Wright et al., 2011). Tobit regression can be run in R
(R Core Team, 2022) using the sur vr eg function (Therneau,
2021) or more conveniently using a wrapper function for this,
called t obi t, that is in the AER package (Kleiber and Zeileis,
2008).

The regression modeling begins with a linear model, without
demographic variables. A quadratic model and a model with two
lines connected at the median (so both one additional degree of
freedom) are then tested. The model with two lines connected
at the median is sometimes called the broken-stick model. This
is a type of B-spline, more details are discussed in James et al.
(2013, p. 271-276). The quadratic and the broken stick model
were chosen because they are equally complex, each estimating
two parameters (the linear slope and quadratic terms for the
quadratic models, and the slopes for the line each side of the
median for the broken stick model). Models with more degrees
of freedom were also examined but these did not improve the fit
substantively. R? is used to compare models as it is a well-known
measure. p-values are not used in this paper for several reasons,
including: many readers misunderstand them (e.g., Oakes, 1986,
and many others); the sample size is large enough so that even
minute effects will be “significant” (e.g., Cohen, 1994); and for
data security reasons we do not have school identifiers which
means that the data are not independent, an assumption for the
p-values’ accuracy (e.g., Goldstein, 2011). Once a model has been
chosen, the demographic variables are included to explore if the
associations between SBA and MAP are similar for these groups.

Many of the technical reports by NWEA match the scores for
the two assessments for the proportion of the sample with scores
less than or equal to this score, called equi-percentile linking, and
show the concordance of the two measures (i.e., scale aligning).
This approach matches, for example, the scores associated with
the 42nd percentile of each assessment. Depending on the
granularity of the assessment scores this creates a monotonically
increasing step-function between the two measures. These
analyses are available from the authors, but not included in
this report.

We also examine growth throughout the year on the
three MAP administrations (i.e., fall, winter, spring) and
explore whether the growth estimates are associated with the
demographics. There are many approaches to growth modeling
(e.g., Grimm et al., 2017). The approaches that we use are:

1. Multilevel models. Whether the assessment was given in fall,
winter, or spring is coded as a variable used to predict the
MAP scores. The intercept and the slope are allowed to vary by
person [scorej; = (Bo + uoj) + (B1 +u1j) administration;; +ej;],
and the conditional modes for each u; are calculated. g is
added to these to create slope estimates.

2. Structural equation models. A growth model is defined such
that there is a latent variable for the intercept and a latent
variable for the slope (Bauer, 2003; Curran, 2003). The
estimated slopes from this procedure should be similar to the
estimate from the multilevel/conditional modes procedure. In
many cases, depending on coding and some aspects of the
data, they can be identical (McNeish and Matta, 2018).

3. The observed slope for each student. The third approach is
less complex. This can have advantages because with only
three time points and some missing values, the complex
approaches can have computational problems (Wright, 2017).
Let the estimate for the slope be the observed slope of each
person who has two or three points. If they only have one
or zero MAP assessments, they do not get a slope for this or
any of the slope estimation procedures. If these estimates are
very different from those found with either of the first two
procedures it suggests that those more complex procedures
may be unreliable because of having so few values per person
and therefore this simpler approach would be preferred.
Otherwise the more complex approaches will likely be more
accurate.

Three approaches are used because with a small number of time
points (a maximum of three per person) care must be taken
when calculating a growth score. The first two approaches can
produce conditional modes and latent variables that either have
the slope and intercept values highly correlated (r > 0.99)
or near zero variance terms for one of them near zero. If the
different approaches give different estimates the third approach,
the observed slopes, will be used as recommended in Wright
(2017). If the estimates from the different procedures are similar
(r > 0.9) the estimates from the first two approaches are
preferred as they use information from other students to produce
better estimates for the individual students. Efron and Morris
(1977) provide a clear description of how using information from
others, in effect shrinking the estimates toward the sample mean,
improves accuracy of the individual estimates. If the estimates
are all similar for the three procedures the conditional modes
approach will be used.

The analysis was done using R (R Core Team, 2022). The code
for our analysis, as part of the final submitted version of this paper
in a knitr file (Xie, 2015), is at https://github.com/dbrookswr/
Psychometrics/blob/master/ccsdresultspap.Rnw. Accessing the
data requires permission from the Clark Country School District
(CCSD) so the data are not placed there. The following R
packages were used for analyses: AER (Kleiber and Zeileis, 2008),
lavaan (Rosseel, 2012), and Ime4 (Bates et al., 2015).

3. THE DATA

Data were drawn from existing electronic educational records of
students who attended school within CCSD during the 2018-
2019 school year (pre-COVID 19). CCSD is located in southern
Nevada and is the fifth largest school district in the United
States. Clark County, Nevada, includes a large urban area (e.g.,
Las Vegas, Henderson, North Las Vegas, Paradise), suburbs, and
some rural areas. According to the 2010 census, there are about
two million people living there, with 61% White, 11% African
American, 9% Asian, <1% of Pacific Islander, <1% American
Indian, 14% from other races, and 5% from two or more races.
Twenty-nine percent of residents identified as of Hispanic origin.
The current demographics of the Las Vegas area are likely to be
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similar to the US as a whole within a few decades (e.g., Frey, 2015;
Kolko, 2017).

During the 2018-2019 school year there were 384 schools and
325,081 students enrolled within CCSD. Data were requested
from the Assessment, Accountability, Research, and School
Improvement Division at CCSD. We received data on 23,324
third grade students. The following variables were included in
the data set: student age, gender, ethnicity, English proficiency,
six MAP scores on the 2018-2019 fall, winter, and spring
administrations for reading and math, and two SBA scores for
English, language, arts (ELA), and math. The SBA is given is
given in the spring, so is closest in time to the spring MAP
administration. All students enrolled in third grade with test
data were included in the sample. Data for all grades where SBA
is administered were requested, but only grade three data were
made available.

3.1. Ethics Statement

This study received ethics approval from UNLV IRB and received
approval from the CCSD Research Review Committee.

TABLE 1 | Percentages in the sample for Limited English Proficiency (LEP), by
gender, and by ethnicity. The gender variable is binary.

LEP Gender

No Yes Male Female

76% (17,667) 24% (5,657) 51% (11,981) 49% (11,343)

Ethnicity
Asian Black Caucasian Hispanic
5% (1,239) 15% (3,546) 22% (5,206) 48% (11,197)
Multiracial Native American Pacific Islander
7% (1,708) 0.29% 2% (360)

4. RESULTS

4.1. Descriptive Statistics

Descriptive statistics for demographic variables are listed in
Table 1. Ethnicity is divided into seven categories. The Pacific
Islander and Native American categories have fewer people than
the others. These will be combined for modeling purposes.
Table 2 shows descriptive statistics for the four assessments. The
MAP scores increase throughout the year. The means for these
tables are shown broken down by the demographic variables in
the Appendix.

The assessments use different scales. To allow comparisons
across assessments to be more apparent, in subsequent analyses
these assessment scores are scaled such that their means are 0 and
their standard deviations are 1. Figure 1 shows 5,000 randomly
chosen data points for the two SBAs with each of the MAPs
for the corresponding content area. Only 5,000 are used so that
the density of points in different regions of these plots can be
seen. Besides the SBAs being censored (seen most clearly at the
maximum), there is a non-linear pattern for each of these. A
quadratic relationship between MAP and SBA improves the fit
for each MAP administration. The curves are drawn based on
the entire sample for the Tobit regressions using both linear and
quadratic terms for the MAPs variables to predict SBA [i.e., By +
B1(MAP); + B, (MAP)iZ]. Three observations can be drawn from
these. First, all the MAP administrations are positively associated
with SBA scores. Second, the quadratic curves seem to summarize
these associations fairly well. Third, the spread of the data around
these curves appears to be getting less from fall, to winter, to
spring MAP administrations, or in other words the association
with SBA is stronger the closer the administration dates are too
each other.

4.2. Tobit Regressions

Tobit regressions were conducted to predict the SBA scores from
the associated MAP scores. This was done for four separate
models: linear, quadratic, a broken stick model (two linear
components joined at the median), and a cubic polynomial
(higher order spline models were considered but they did
not improve the fit substantively). Table 3 shows the Pearson

TABLE 2 | Descriptive statistics for the assessments.

Mean SD Min 1stQ Median 3rd Q Max Missing Miss %

Reading

MAP Fall 186 16 138 175 187 198 242 685 2.94

MAP Winter 192 16 136 182 194 203 236 369 1.58

MAP Spring 196 16 135 187 198 208 240 632 2.71

SBA 2,424 84 2,114 2,362 2,424 2,485 2,623 449 1.93
Mathematics

MAP Fall 186 14 122 178 188 195 238 448 1.92

MAP Winter 193 14 127 185 195 202 247 493 211

MAP Spring 199 15 127 191 201 209 261 744 3.19

SBA 2,427 84 2,189 2,373 2,430 2,485 2,621 485 2.08

Total sample size = 23,324, sd, standard deviation; min, minimum, 1st Q, first quartile; 3rd Q, third quartile; max, maximum.
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FIGURE 1 | Six scatter plots for 5,000 SBA and MAPs values (jittered).

MAP (Winter, Math)

MAP (Spring, Math)

correlations between the predicted values and the observed
values for each pair of variables in Figure 1. The highest values
are for the relationships between SBA and the Spring MAP
administrations. This is expected as these were administered
closer in time to the SBA than the other MAP administrations.
These will be the focus when exploring group differences. The
linear model uses two degrees of freedom (intercept and slope).
The quadratic and broken stick models use one additional degree
of freedom. Of the these, the quadratic has the higher R? values
(see Table 3). The cubic regression uses an additional degree of
freedom and the improvement is only slight compared with the
quadratic model. Higher degree spline models were examined,
but did not improve the fit substantially.

How much do these relationships vary by demographics?
The answer is “not by much.” Table4 shows the fit of the
quadratic model and then the additional impact of LEP, gender,
and ethnicity, as main effects (after conditioning on the linear
and quadratic effects for MAPs), with their interactions with the
linear effect, and their interactions with quadratic effect. Even
including the main effect and both interactions, the increase in
the correlations between the residuals and SBA increased only by
about 0.001.

4.3. MAP Growth Scores

As discussed above, we use three ways to estimate growth to
examine the reliability of the estimates (Grimm et al., 2017).
Table 5 shows that these estimates are very similar. The estimates

TABLE 3 | Correlations between predicted values and SBA for each of the MAPs
and for both Reading and Mathematics. The predicted values are from a linear
Tobit model, a quadratic one, the broken stick model, and a cubic model.

Linear Quadratic Broken stick Cubic
Reading —Fall 0.803 0.808 0.807 0.809
Reading—Winter 0.824 0.837 0.834 0.838
Reading—Spring 0.840 0.859 0.856 0.860
Math—Fall 0.845 0.850 0.849 0.851
Math—Winter 0.875 0.883 0.880 0.884
Math—Spring 0.899 0.906 0.904 0.908

The highlighted cells are the models used to explore demographic differences.

of the slopes from the conditional modes of multilevel models
and the slope latent variable from structural equation models are
nearly identical, so the choice between them is academic. For the
following analysis those from the conditional modes approach
are used.

The slope estimates will be compared with the initial MAP
scores. Interest is whether the slopes are positively related to
the initial scores, as consistent with the rich get richer adage,
or are negatively related, as consistent with regression toward
the mean artifact. The plots in the first column of Figure 2
show that high scores in the Fall are associated with negative
slopes. This decrease would be expected by the statistical artifact
of regression toward the mean. For this to account for all of
the associations, the expectation is that the high scores on the
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TABLE 4 | R? values from regressions between spring MAPs and SBAs when including LEP, gender, and ethnicity. The final line shows the relationship (main effect,
without conditioning on MAPs) between LEP, gender, and ethnicity with SBAs (achievement gaps). See Appendix for more information on achievement gap data.

Reading Mathematics

Linear 0.8405 0.8991
Quadratic 0.8586 0.9060

adding — LEP Gender Ethnic. LEP Gender Ethnic.
+ Demographic 0.8589 0.8587 0.8593 0.9062 0.9060 0.9067
+ Demographic by linear 0.8591 0.8588 0.8595 0.9063 0.9062 0.9068
+ Demographic by quadratic 0.8591 0.8588 0.8599 0.9063 0.9063 0.9070
Demographic alone 0.2480 0.0826 0.2745 0.2090 0.0343 0.2991

TABLE 5 | The different approaches to growth modeling for estimating the slope
estimates for Math Maps and Reading Maps for fall, winter, and spring.

Math
Cond. modes Obs. slopes Cond. modes Obs. slopes

Reading

0.998
0.957

0.997
0.961

Observed slopes

Latent var est 0.959 0.964

Cond. modes, conditional modes for slopes (multilevel); Obs. slopes, observed slopes;
Latent Var Est, latent variable estimates for slopes.

spring administration would be associated with positive slopes,
and this is shown in the plots in the third column. Further, if the
associations between the different administrations and the slopes
is due only to this artifact the expectation is that the association
between the slope and the winter administration of MAPs should
be near zero. The middle column shows the linear regression
line is fairly flat; the correlations are r = 0.09 and r = 0.04
for mathematics and reading, respectively. That they are slightly
positive shows that there is some evidence of the rich getting
richer, but that the more prominent characteristic of these plots
is regression toward the mean.

Table 6 shows the R? associated by using each demographic,
as a categorical variable, to predict the slope estimates. The
differences were all very small, the largest being < 0.003, or less
than one-third of one percent. This shows that different groups
are growing at similar rates according to these MAP assessments.

5. DISCUSSION

MAP and SBA are two of the most used standardized assessments
used in the US. They are used for different, but overlapping,
purposes and therefore both are useful. They are often taken
by the same students so knowing how associated the scores on
these assessments are is important. Further, the SBA are used
for federal reporting so that data analysts in school districts
may wish to predict them from MAP scores taken earlier in the
year to predict how the district will perform. Further, educators
may benefit by being able to predict performance to know how
well individual students are likely to do. The MAP, according to
NWEA:

... provides teachers with accurate, and actionable evidence to
help target instruction for each student or groups of students
regardless of how far above or below they are from their grade
level.

www.nwea.org/map-growth/ (Dec. 5, 2021)

While SBAC offers instructional support and interim
assessments, this assessment is an end of year summative
assessment that is often used to meet federal reporting
requirements. Therefore, being able to predict SBA scores from
MAP scores is valuable for schools and districts. Being able to
do this for a large ethnically diverse school district, like Clark
County, Nevada, is particularly noteworthy.

The relationship between MAP and SBA showed two main
characteristics, and these were consistent across reading and
math, and across demographic groups. First, there is a ceiling
for the SBA scores that affects about 1% of the students in
this sample. Traditional regression is inappropriate because of
this. Tobit regressions (Tobin, 1958) are well-suited for this
situation, though other approaches could also be used. The
second characteristic is that for these data, a quadratic curve fit
the data well (see Table 3). It is important to note that this curve
was increasing throughout the span of the data; we do not believe
that if someone could receive a really low MAP score (below any
of those given) that this would be associated with a high SBA
score. Other functions that are increasing throughout the span
of the data could also be fit for these data.

While there were large achievement gaps for the different
assessments by the demographic variables (see Appendix), the
relationships between MAP and SBA were very similar for the
different groups. Similarly, the estimates for growth for the MAP
administrations were similar for the groups.

Finally, the value of academic testing and accountability
metrics more generally are being questioned (Muller, 2018).
While this debate is beyond of the scope of this paper it is
important to stress the appropriate use of assessments and to
understand how the myriad of assessments that students take
relate to each other in order to justify each and to learn as much
as possible from the results of each. In this paper we explore the
relationship between two of the most used assessments in the US
with the hope that they enables people to use the results from
these wisely.
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FIGURE 2 | Plots between the slope estimates from the multilevel models with the Fall, Winter, and Spring administrations of the Reading (top) and Math (bottom)
MAPSs administrations. The downward slope on the left-side panels and the upward slopes on the right-side panels are consistent with regression to the mean. The
slight positive slope for the middle column for math shows a tendency for those with high scores to improve more than those with low scores. Three thousand points

Math score

TABLE 6 | The R? associated with predicting the slope found from the conditional
modes for the MAP administrations for reading and math by demographics
variables, treated as categories. As these are all small it shows that the rate of
change of these scores does not differ greatly across these demographics.

Demographics

LEP Gender Ethnicity
Reading 0.0013 0.0001 0.0029
Math 0.0002 0.0013 0.0027

LER, limited english proficiency.
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APPENDIX

MAP and SBA Mean Scores by
Demographics

Table A1 shows the differences by LEP and gender for the
raw scores for the three MAP administrations for reading
and math, and for the SBA scores for ELA and math.
The LEP students score lower on all of these. Females and
males score at approximately the same levels for the math
assessments. Females perform better than males on the reading/
ELA assessments.

Table A2 shows the breakdown of assessment means by
ethnicity category. The mean scores for the different categories
can be ordered as:

Asians > Caucasians > Multiracial > NatAmer/Paclsl > Hispanic
> Black

for all assessment. It should be stressed that the purpose of this
paper is not to provide explanations nor much evidence with
respect of achievement gaps. The State of Nevada Department of
Education provides this information at: http://nevadareportcard.
nv.gov/di/main/assessment for all school districts in the state.

TABLE A1 | MAP and SBA means for the raw scores by Limited English Proficiency (LEP) and by Gender.

Not LEP LEP Cohen’s d Female Male Cohen’s d Total
MAP Fall reading 188.75 178.38 0.68 187.62 184.89 0.17 186.23
MAP Winter reading 194.28 184.35 0.63 193.44 190.38 0.19 191.87
MAP Spring reading 198.60 188.95 0.61 197.82 194.77 0.19 196.26
SBA ELA 2435.71 2387.35 0.59 2431.33 2416.88 0.17 2423.93
MAP Fall math 187.44 180.46 0.51 185.73 185.76 —0.00 185.74
MAP Winter math 194.39 187.56 0.50 192.49 192.96 —0.03 192.73
MAP Spring math 200.55 193.57 0.48 198.53 199.16 —0.04 198.85
SBA Math 2436.56 2396.48 0.49 2424.06 2429.38 —0.06 2426.79
TABLE A2 | MAP and SBA means for the raw scores by Ethnicity categories.
Asian Black Caucasian Hispanic Multiracial NatAmer/Paclsl n? Total

MAP Fall reading 194.26 181.11 191.54 183.85 190.05 187.04 0.07 186.23
MAP Winter reading 199.36 186.49 197.30 189.60 195.56 192.72 0.07 191.87
MAP Spring reading 204.20 189.94 201.91 194.12 199.88 196.95 0.07 196.26
SBA ELA 2466.69 2390.66 2453.49 2413.34 2440.89 2422.27 0.08 2423.93
MAP Fall math 192.87 180.22 190.32 184.14 188.35 186.32 0.07 185.74
MAP Winter math 200.05 186.86 197.31 191.20 195.27 193.17 0.07 192.73
MAP Spring math 206.92 192.46 203.94 197.14 201.41 199.68 0.08 198.85
SBA Math 2477.88 2389.03 2456.86 2416.60 2441.33 2430.24 0.09 2426.79
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