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At the conclusion of the five-year NSF sponsored project NURTURES at the
University of Toledo, short-term student learning gains on standardized tests were
reported. An HLM cross-sectional analysis conducted at that time provided insights into
the value-added effects of student gains in early literacy, reading and mathematics as a
result of having a NURTURES program teacher. The statistically significant results
indicated that, on average, students learning from a NURTURES teacher adds 11.2 points
to a student’s STAR early literacy spring score, 21.8 points to a student’s STAR
mathematics spring score, and 47.9 points to a student’s STAR Reading score compared
to non-program students (See Mentzer, 2016 for 2011-2016 5-year summary evaluation
report—student outcomes). These gains are not only statistically significant but also
practically significant. As teachers engage young children in hands-on science activities
that include discussion and critical thinking, children’s reading and math proficiency
improves making them better prepared for future learning.
This evaluation report analyzes the longitudinal effects on students’ academic
outcomes whose teachers participated in NURTURES. As with the previous evaluation
report, teacher participants came from Toledo Public Schools (OH), regional parochial
schools (included multiple counties in NW Ohio), Monroe county (MI) schools, and
various preschools located in Lucas County, OH. Using a quasi-experimental design,
teachers were randomly assigned to treatment and control groups by school. We again
examined Renaissance Learning STAR K-12 students’ standardized scores to measure
the effects of the NURTURES many-faceted programming on student learning. To
administer the STAR, students complete Computer Adaptive Assessments (CAT) at least
three times per year (some teachers administer them the tests more are tested on three
domains: early literacy, reading, and mathematics). Currently, Renaissance Learning
STAR assessments do not include a science test. Since STAR reading data were not
adequate for longitudinal assessments (students were tested sporadically in grade 2), this
study focuses on the early literacy and mathematics assessments.
The STAR early literacy tests are designed for pre-kindergarten and/or students in
grade 3 and beyond, and the test consists of items that align to a set of early literacy skills
derived from exemplary state standards, Common Core State Standards as well as current
early literacy research. The assessment consists of 27 items selected adaptively from a
bank of 2120 multiple-choice questions. The items are grouped in four hierarchical
levels: domains (2 and 1 numerical literacy), sub-domains (9), literacy skill sets (36 and 5
early numeracy skills) and early literacy skills (133 and 12 early numeracy). The STAR
early literacy test domains are word knowledge and skills, comprehension strategies and
constructing meaning, and numbers and operations. The sub-domains include: alphabetic
principle, concept of word, visual discrimination, phonemic awareness, phonics,
structural analysis, vocabulary, sentence-level comprehension, paragraph-level
comprehension, and early numeracy (Renaissance Learning, 2014a).
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The STAR Mathematics assessment consists of items that tap knowledge and
skills from as many as eight different mathematical strands. The items comprise several
sets of skills for each strand, with 17 different clusters of skills in all (nine computation
and eight numeration clusters). The STAR Mathematics assessment consists of 24 items.
The standards for mathematics test domain focuses on problem solving, reasoning and
proof, communication, representation, connections, adaptive reasoning, strategic
competence, conceptual understanding, procedural fluency, and productive disposition
(Renaissance Learning, 2014b).
The examined evaluation/assessment used a quasi-experimental design with
control and treatment students drawn from students at the participating schools (15
different sites). Treatment participants consisted of students who had at least one
NURTURES teacher during Years 3 (2013), 4 (2014) and/or 5 (2015) of the project
(teachers’ participation in NURTURES could have occurred in any of those academic
years).
An additional assessment, Ohio’s State Test for Science
(http://education.ohio.gov/Topics/Testing/Ohios-State-Test-in-ELA-Math-ScienceSocialStudies) was used to measure long term effects of learning from a NURTURES
teacher on student science achievement. This test is administered to all 5th and 8th grade
students in Ohio. For this study, we examined the 2017 5th grade scores of students who
were in the original project evaluation and were in 5th grade in 2017 (both treatment and
control).
STAR Data Analysis
Methods
Sample
In terms of the early literacy sample, a longitudinal strip of Kindergarten (K)
students in Spring 2014, 1st-grade students in Spring 2015, and 2nd-grade students in
Spring 2016 was extracted from the cross-sectional data provided by the school system.
The sample demographics are summarized in Table 1. The early literacy sample
consisted of 2504 students. With respect to the mathematics measure, a natural
longitudinal strip of 2nd-grade students in Spring 2014, 3rd-grade students in Spring
2015 and 4th-grade students in Spring 2016 was extracted from a cross-sectional data
supplied. The schools measured very few students (fewer than 100) in grades K-1 in
mathematics and the NSF-sponsored intervention concentrated on providing
programming to teachers in K−3 grades. The mathematics sample consisted of 2176.
These two longitudinal samples were chosen because these were the only ones that could
provide a three-year growth horizon. Students were grouped into treatment (those having
learned from a NURTURES teacher) and control (no NURTURES teachers).
Analysis
The outcome variables were STAR Rasch model-scaled standardized composite
achievement scores for early literacy and mathematics. HCM2, a two-level hierarchical
cross-classified model as implements in HLM for Windows 7.03 (2013) software was
used to assess the effects of predictor variables on student STAR early literacy and

2

mathematics achievement measures. Default estimation (full maximum likelihood) and
iteration (maximum number of iterations = 100) settings with cumulative Z-structure
were used to obtain model fixed and random parameter estimates.
Table 1: Longitudinal Study Sample
Early Literacy
Characteristic

n

Mathematics

%

n

%

Gender
Males

1320

53%

1116

51%

Females

1184

47%

1060

49%

1146

46%

951

44%

African American

898

36%

861

40%

Hispanic

186

7%

147

7%

Multiracial

255

10%

202

9%

19

1%

15

1%

Ethnicity
White

Other
Total

2504

2176

The model specification was the same for both early literacy and mathematics
achievement data (see summary model at conclusion of this report). The model consisted
of two levels. With regard to the early literacy measure, level 1 was comprised of 4744
observations that defined a student’s growth trajectory and included both treatment and
control students. The following breakdown of data points was used: 1903 observations in
grade K (students assessed in April 2014), 1685 observations grade 1 (students assessed
in April 2015) and 1156 observations in grade 2 (students assessed in April 2016). The
fewer number of observations in grade 2 was due to inconsistency in teacher
administration of the measure. The growth trajectory was assumed to be liner (a straightline), given only three measurement opportunities.
In terms of mathematics measure, level 1 (again both treatment and control)
included 4706 observations with 1444 observations in grade 2 (students assessed in April
2014), 1682 observations in grade 3 (students assessed in April 2015) and 1580
observations in grade 4 (students assessed in April 2016). Students did not share the same
repeated measures or within-design. As a result, some students were observed in all of the
measurement occasions (n = 968), any of the two measurement occasions (n = 593), or
just one measurement occasion in any of the grades (n = 615).
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The following time-varying variables were included in the level-1 growth
equation: student grade minus 1 (levels: -1, 0, 1) for early literacy data and student grade
minus 3 (levels: -1, 0, 1) for mathematics data, retained status (levels: 1 for a student
retained in a grade in a given measurement year or otherwise 0), intervention and carryover. Intervention was coded as 1 = student encounters a program teacher in a given
measurement year or otherwise 0. A program teacher was defined as one who
participated in the NURTURES program in any year(s) prior to the student’s given
measurement occasion. For example, a student assessed in April 2016 encountered a
program teacher who had received Nurtures training in June 2013 and/or June 2014
and/or June 2015. Most program teachers, however, participated in summer institute
interventions in 2014 or 2015 with the following breakdown of number of teachers’
participating: 21 teachers in 2013 (pilot year), 127 in 2014, and 114 in 2015. Therefore,
teachers’ participation was relatively recent to students’ measurement occasions. A carryover effect was coded as 1 if a student encountered a program teacher in prior
measurement occasions or otherwise 0.
Measurement occasions were cross-classified between students (rows) and
teachers (n = 315 for early literacy data and n = 310 for mathematics data) at level 2,
where the level-1 intercept and partial slopes became outcomes in level-2 teacher
equations. The HCM models as incorporated in the HLM for Windows 7.03 (2013)
software accommodate students, for example, changing teachers or schools over time and
are flexible enough to account for students changing schools (Raudenbush, Bryk, Cheong,
Congdon & duToit, 2013). The current software cannot, however, accommodate teachers
changing schools in addition to students changing schools over time. Therefore, the
originally intended HCM3 analysis with observations cross-classified by students and
teachers and clustered within schools had to be broken down into two separate HCM2
analyses: HCM2a analysis with observations cross-classified by students and teachers
and HCM2b analysis with the observations cross-classified by students and schools.
The level-1 intercept π0jk and the partial slope π1jl for grade variable (see Figure 1)
were randomly varying at level-2 equations as a function of particular students (j) (rows)
and teachers (HCM2a)/schools (HCM2b) (k) (columns). The variability around the mean
status θ0 parameter among students and teachers (HCM2a )/schools (HCM2b) (k) are
denoted by b00 and c00 , respectively. The variability in the θ1 growth parameter among
students and teachers (HCM2a)/schools (HCM2b) (k) are denoted as b10 and c10,
respectively. The level-1 partial slopes for retained status, intervention, and carry-over
effects were specified as nonrandom at level-2 equations. Level-2 row model also
incorporated the following student exploratory predictor variables: gender, minority
status and pre-test to model level-2 variability (amount of random variance) in mean
achievement and mean learning rate. These level-2 row predictors were specified as
nonrandom between teachers (HCM2a)/schools (HCM2b). Fall 2013 scaled scores for
2nd-grade students served as pre-test scores.
The HLM2 random-intercept regression model was used to obtain random-school
intercepts and non-random gender and minority status regression weights to estimate
student missing pre-test scores. School-level predictor variables were not specified in the
model. Due to irregularity of teacher test administration and student mobility, 24% of the
early literacy pre-test data had to be estimated with the HLM2 model. In mathematics
data, 33.7% of scores had to be estimated.
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A cumulative Z-structure model was specified. This model is required in
longitudinal HCM designs (Raudenbusch & Bryk, 2002).
Results
STAR Early Literacy Outcome Measure
The HCM2a model for early literacy achievement data, which cross-classified
developmental student data between students and teachers. The mean model predicted
student achievement or grand-intercept value of 725.43 expressed as θ0 (see Table 2)
represented a minority female in Spring 2015 (grade 1) who was not retained and did not
have a program teacher in the measurement year or/and any prior years controlling for a
pre-test score measure. Statistically significant results were observed for gender denoted
as γ01 with males reporting a 11.10 lower mean achievement value and minority status
with non-minorities reporting a 10.13 higher mean value than minorities. In addition, a
statistically significant effect was observed for pre-test scores, denoted as γ03, with
students who were 10 points higher pre-test measure were associated with 4.0 points
higher outcome measure. All of the above effects were controlling for the effects of all
other variables in the model, a ceteris paribus rule (given everything equal) applies.
Table 2: Summary of HCM2 (Observations Cross-Classified by Students and Teachers)
Model for STAR Early Literacy Achievement Data
Fixed Effects

β

SE β

t-ratio

df

p

Mean achievement, θ0

725.43

2.94

246.88

4744

<0.001

Gender, γ01

−11.10

2.40

−4.63

2501

<0.001

10.13

2.58

3.92

2501

<0.001

0.40

0.02

22.65

2501

<0.001

Mean learning curve, θ1

66.14

2.72

24.31

4744

<0.001

Gender, γ11

−8.14

2.68

−3.04

2501

.002

0.44

2.79

0.16

2501

.875

−0.19

0.02

−9.66

2501

<0.001

13.67

3.85

3.55

4744

<0.001

Model for mean achievement, π0

Minority status, γ02
Pretest, γ03
Model for mean learning curve, π1

Minority status, γ12
Pretest, γ13
Model for intervention, π2
Intervention, θ2

5

Model for retained, π3
Retained, θ3

−8.11

4.78

−1.70

4744

.089

−0.20

4.77

−0.04

4744

.967

Model for carry-over, π4
Carry-over, θ4

With respect to the growth curve, an average 66.14 points year-over-year increase
(learning rate) in student achievement measure, expressed as θ1 (see Table 2), was
observed, and it was statistically significant. This average learning rate is, again,
estimated for a minority female who was not retained in the grade and did not have a
program teacher in the measurement year or/and any prior years, controlling for a pre-test
measure. Females outpaced the growth of males by 8.14 units. This result was denoted as
γ11, and it was statistically significant. Minority status effect on the mean learning curve,
expressed as γ12, was not statistically significant suggesting that growth rate was constant
regardless of a minority status. The effect of the pre-test measure was statistically
significant with students who were 10 points higher on the pre-test measure were
associated with a 1.9 point slower learning curve. The effect of a time-varying
intervention variable on the mean learning curve expressed as θ2 was statistically
significant. The model estimated 13.67 points increase to the learning curve as a function
of being associated with having a program teacher in a given measurement year, again,
controlling for all other variables in the model. The intervention effect size (Hedges’ g)
was 0.138, which is to be interpreted as a treatment group having, on average, 0.138
higher scores in standard deviation units as compared to the scores of the control cohort,
and it is a small effect size (Hedges, 1981). The effect of student retention on the mean
growth rate (θ3) was negative, although not statistically significant. All of the above
effects were again controlling for the effects of all other variables in the model.
The results of the HCM2b model which involved cross-classification of
observations between students and schools are summarized in Table 3. The results of the
HCM2b model are very similar to the results reported in Table 2 (HCM2a model). The
effect of the statistically significant intervention was estimated to be 11.62 or 2.50 points
lower than in the HCM2a model. The intervention effect size (Hedges’ g), according to
this model, was 0.117, and was comparable to the HCM2a model for early literacy data.
STAR Mathematics Outcome Measure
The HCM2a model for mathematics achievement data, which cross-classified
developmental student data between students and teachers was examined first. The mean
model predicted mathematics achievement expressed as θ0 (see Table 4) 558.70
represented a minority female in Spring 2015 (grade 3) who was not retained and did not
have a program teacher in the measurement year or/and any prior years (carry-over),
controlling for the pre-test outcome. As in the early literacy data, a statistically significant
result was observed for minority status, expressed as γ02, with a 7.16 points increase
associated with a non-minority student status. In addition, as in the early literacy model, a
statistically significant result was observed for pre-test scores denoted as γ03. with student
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who had 10 points higher pre-test measure reporting an average 4 points higher outcome
measure. Gender, however, expressed as γ01, was not a statistically significant predictor in
the mathematics achievement data. All of the observed results for the variables are
controlling for the impact of other variables in the model.
Table 3: Summary of HCM2 (Observations Cross-Classified by Students and Schools)
Model for STAR Early Literacy Achievement Data
Fixed Effects

β

SE β

t-ratio

df

p

Mean achievement, θ0

728.61

2.85

255.98

4744

<0.001

Gender, γ01

−12.50

2.60

−4.82

2501

<0.001

10.25

2.75

3.73

2501

<0.001

0.44

0.02

22.86

2501

<0.001

Mean learning curve, θ1

69.38

2.59

26.83

4744

<0.001

Gender, γ11

−9.58

2.74

−3.49

2501

<0.001

2.54

2.82

0.90

2501

.368

−0.17

0.02

−8.46

2501

<0.001

11.62

3.00

3.88

4744

<0.001

−6.95

4.90

−1.42

4744

.156

−2.02

4.59

−0.44

4744

.660

Model for mean achievement, π0

Minority status, γ02
Pretest, γ03
Model for mean learning curve, π1

Minority status, γ12
Pretest, γ13
Model for intervention, π2
Intervention, θ2
Model for retained, π3
Retained, θ3
Model for carry-over, π4
Carry-over, θ4

With regard to the mean learning growth curve, an average statistically significant
77.08 points year-over-year increase in the outcome measure, expressed as θ1 , was
observed. Again, this average learning rate was associated with a minority female who
was not retained in the grade and did not have a program teacher in the measurement year
or/and any prior years and controlling for a pre-test measure. Gender (γ1 ) and minority
status (γ12) effects on the mean learning cure were not statistically significant.
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Table 4: Summary of HCM2 (Observations Cross-Classified by Students and Teachers)
Model for STAR Mathematics Achievement Data
Fixed Effects

β

SE β

t-ratio

df

p

558.70

2.96

188.65

4706

<0.001

Gender, γ01

1.97

2.66

0.74

2173

.459

Minority status, γ02

7.16

2.87

2.49

2173

.013

Pretest, γ03

0.59

0.02

28.64

2173

<0.001

77.08

2.27

33.96

4706

<0.001

0.25

2.13

0.12

2173

.908

Minority status, γ12

-4.42

2.29

-1.93

2173

.053

Pretest, γ13

-0.07

0.02

-4.25

2173

<0.001

11.16

4.96

2.25

4706

.024

-8.94

6.11

-1.46

4706

.143

6.94

5.25

1.32

4706

.186

Model for mean achievement, π0
Mean achievement, θ0

Model for mean learning curve, π1
Mean learning curve, θ1
Gender, γ11

Model for intervention, π2
Intervention, θ2
Model for retained, π3
Retained, θ3
Model for carry-over, π4
Carry-over, θ4

Central to the interest of the study was the focus on the effect of a time-varying
intervention on the mean learning curve, expressed as θ2. The model estimated 11.16
points increase associated with having a program teacher in a given measurement year,
again, controlling for all other variables in the HCM2a mathematics model. The
intervention effect size (Hedges’ g) was 0.100, which is to be interpreted as a treatment
group having, on average, 0.100 higher scores in standard deviation units as compared to
the scores of the control group, and it is interpreted as a small effect size (Hedges, 1981).
The effect of student retention on the learning curve (θ3) was negative, although not
statistically significant.
Table 5: Summary of HCM2 (Observations Cross-Classified by Students and Schools)
Model for
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STAR Mathematics Achievement Data
Fixed Effects

β

SE β

t-ratio

df

p

562.01

2.93

191.55

270

<0.001

-0.60

2.82

-0.21

2173

.833

Minority status, γ02

7.64

3.02

2.53

2173

.011

Pretest, γ03

0.64

0.02

30.22

2173

<0.001

Mean learning curve, θ1

80.25

2.25

35.69

270

<0.001

Gender, γ11

-1.57

2.25

-0.70

2173

.485

Minority status, γ12

-4.83

2.38

-2.03

2173

.043

Pretest, γ13

-0.05

0.02

-3.12

2173

.002

12.26

3.59

3.41

270

<0.001

-9.07

6.40

-1.42

270

.158

6.93

4.83

1.44

270

.153

Model for mean achievement, π0
Mean achievement, θ0
Gender, γ01

Model for mean learning curve, π1

Model for intervention, π2
Intervention, θ2
Model for retained, π3
Retained, θ3
Model for carry-over, π4
Carry-over, θ4

The results of the HCM2b model which cross-classified observations between
students and schools are summarized in Table 5. The results of this HCM2b model are
very similar to the results reported in Table 4 (HCM2a model). The effect of statistically
significant intervention was estimated to be 12.26 or 1.10 points higher than the HCM2a
model. In addition, the impact of minority status (γ12) effect on the mean learning cure
was statistically significant with the minority students outpacing the non-minority
students by 4.83 points in the HCM2b model. The intervention effect size (Hedges’ g),
according to this model, was 0.110, and was comparable to the HCM2a model for
mathematics data.
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Ohio Science Assessment Analysis
The hierarchical model adopted in this study is a two-level hierarchical model, as
implemented by HLM for Windows, v. 7.03. Spring 2017 5th-grade students’ Ohio’s
State Test for Science scores were used as an outcome measure in HLM2 analysis, where
student school membership was a second-level cluster. The first level equation comprised
of the following predictors: student scaled grand-mean centered Fall 2012 early literacy
measure (the majority of 5th-grade students were in 1st-grade in Fall 2012 or the first
year of NURTURES programming, but prior to the first NURTURES summer institute in
June 2012), gender (levels: 0 = female, 1 = male), ethnicity (level: 0 = White and 1 =
minority status), and intervention (levels: 0 = no intervention teacher associated with a
student between Spring 2013 and Spring 2016, 1 = an intervention teacher associated
with a with a student between Spring 2013 and Spring 2017 assessments). A teacher was
classified as a program teacher if the teacher participated in June NURTURES summer
institute a year prior to given assessment (for example, 2012 Spring assessments were
conducted in April and the summer institute was occurring in June; therefore, it was not
until the Spring 2013 assessment time that a student could benefit from having a program
teacher for the first time). Level-2 equation modeled school unique variance but did not
include any school-level predictors. The gender and ethnicity variables were modeled as
non-randomly varying over the second-level units and intervention was modeled to be
randomly-varying over schools. The resulting 2017 pool included 997 students who were
able to be matched to their pre-test measures from Fall 2012.
Table 6 summarizes the fixed-effects results of the HLM2 analysis. Fitting the
Science achievement data to the hierarchical linear model resulted in a student mean
achievement (expressed as a γ00) of 691.02. This coefficient represented an average
predicted science scaled score for a 5th-grade non-minority female student who had never
been associated with a NURTURES teacher prior to the 2017 Spring assessment. The
effect of gender (the γ10 coefficient) on mean achievement status was statistically
significant, with male students outscoring female students by an average of 5.46 units.
Also, a statistically significant effect for minority status (the γ20 coefficient) on mean
science score achievement with non-minority students scoring, on average, an additional
5.73 units higher than minority students. This effect, however, has to be interpreted
cautiously in the absence of student’s socio-economic status variable. The inclusion of a
pre-test early literacy measure (the γ30 coefficient) in the prediction model was also
statistically significant. A 10-point higher score on a pre-test measure was associated
with an 18-point higher score on the science Spring 2017 score.
The intervention variable (of central interest) had a statistically significant impact
on students’ scores (see the γ40 coefficient). Adding a NURTURES teacher to a student’s
academic history was associated with an average increase of 9.45 units in mean student
achievement, controlling for the potential confounding effects of the gender, minority
status, and early literacy pre-test measures (a ceteris paribus rule applies). This effect
size (Hedges’ g) was 0.23, which is to be interpreted as a treatment group having 0.23
higher scores in standard deviation units as compared to the scores of the control cohort,
0.02 units shy of a sizeable effect size considered by the What Works Clearinghouse (US
Department of Education, 2017). In Cohen’s U3 index, this effect size would be equal to
a U3 59.26%, which implies that an average NURTURES group student ranks at
approximately 59th percentile as opposed to the 50 percentile for the non-treatment group.
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Table 6
Summary of two-level HLM model for 5th-grade student Science standardized mean
achievement measure
Fixed Effects
Mean achievement, γ00

β

SE β

t-ratio

df

p

562.01

2.93

224.05

41

< .001

5.46

2.07

2.64

909

.008

-5.73

2.27

-2.52

909

.012

Pretest, γ30

0.19

0.01

16.60

909

< .001

Intervention, γ40

9.45

3.13

3.02

41

.004

Gender, γ10
Minority Status, γ20

Conclusions
The current study extends the findings of the student outcome section of the 5
year summative external evaluation report where cross-sectional data were used to
demonstrate statistically significant effects of the NURTURES intervention on students’
mean standardized scores. For the STAR data, the current study took a developmental
approach and assessed the effects of the program on the progression of students’ scores
over a three-year window using Spring assessment data in early literacy and mathematics.
Therefore, the current study emphasized the effect of the program on the growth
parameters or growth over time. In addition, the current study explicitly adjusts students’
growth for pre-test measures directly in the growth model.
A longitudinal strip of a cohort of students was extracted starting in K-grade in
2014 and tracked through 2nd-grade in 2016 for early literacy data. It is important to
mention that some students left the school district and new students joined the school
system over this period of time and some students were not measured in a particular
assessment year. Therefore, not all students shared the same repeated-measures design;
not an untypical design involving large-panel longitudinal data in school settings. The
current study avoided stacking cross-sectional data and focused on natural longitudinal
strips that provide a three-year assessment window and included the participation of
NURTURES program teachers. Other longitudinal strips were also available; for example,
K students in 2015 and 1st-grade students 2016 data could have been extracted, but these
strips did not provide a three-year growth window. A longitudinal strip of students was
considered starting in 2nd-grade in 2014 through 4th-grade in 2016 for mathematics data.
The results of the HLM2 models for cross-classified data of student achievement
in early literacy and mathematics scaled scores across teachers (HCMa models) or
schools (HCMb models) demonstrates statistically significant positive effects on growth
for students who learned from NURTURES teachers in an examined measurement
occasion for both achievement measures. The treatment students were associated with
13.67 and 11.62 points of additional annual growth over the non-treatment group for
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early literacy data, for models that cross classified students across teachers and schools,
respectively. These gains corresponded to the following effect sizes: 0.138 and 0.117 for
the two models, respectively. These effects are classified as small. The programs students
were associated with 11.16 and 12.26 points of additional annual gains over the nontreatment group for mathematics data, for models that cross classified students across
teachers and schools, respectively. These treatment group gains corresponded to the
following effect sizes: 0.100 and 0.110 for the two examined mathematics models,
respectively. These effect sizes are also classified as small. The statistically significant
effects were observed controlling for students’ both time-variant and time-invariant
characteristics of interest and correspond to around 1.5 months of additional
developmental gains of students associated with program teachers.
In addition, Ohio science data obtained from the original student sample that was
in 5th grade in 2017 was analyzed (HLM) to determine long term effects of learning from
a NURTURES teacher on science achievement. Results showed that NURTURES
students realized a moderate effect size gain over control students on this assessment
suggesting that learning from a NURTURES teacher has a positive impact on science
achievement.
The practical significance of these findings suggests that a student can realize
statistically significant growth in mathematics, literacy (based upon the STAR), and
science (based upon Ohio’s State Test for Science) after having a NURTURES teacher
for as little as one year. Even though the effect sizes are small for mathematics and
literacy, any learning growth advantage in young children has shown to positively
influence learning later in life (Wylie & Thompson, 2003). In addition, student gains
were realized after the teacher participated in one Summer Institute and academic year
follow up. This implies that the NURTURES intervention may be cost effective in that
measureable gains in student outcomes result from one year of teacher participation.
However, it was not in the scope of this study to examine cost effectiveness.
Other elements worth noting are that the sample included a majority of students
living in poverty and a large number of minority students (African American—see
previous Acumen NURTURES evaluation reports). In addition, the study was multi-site
and resulted in more than one positive outcome.
Further research should include introducing NURTURES in other settings
including other large cities across the country and rural locations. In addition, making use
of a common set of national standardized tests of student learning that could be
administered across national sites would enhance generalizability.
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Summary of the model specified
Level-1 Model
SCALED SCOREijk = π0jk + π1jk*(S GRADEjk) + π2jk*(INTERVENTIONijk) +
π3jk*(RETAINEDijk) + π4jk*(CARRY OVERijk) + eijk
Level-2 Model
π0jk = θ0 + b00j + c00k
+ (γ01)*GENDERj
+ (γ02)*MINORITY STATUSj
+ (γ03)*PRE TESTj
π1jk = θ1 + b10j + c10k
+ (γ11)*j
+ (γ12)* MINORITY STATUSj
+ (γ13)*PRE TESTj
π2jk = θ2
π3jk = θ3
π4jk = θ4
PT has been centered around the grand mean.
Mixed Model
SCALE SCARRY OVERREijk = θ0 + γ01*GENDERjk + γ02*MINORITY STATUSjk +
γ03*PRE TESTjk
+ θ1*S GRADEijk + γ11*S GRADEijk*GENDERjk + γ12*S GRADEijk*MINORITY STATUSjk
+ γ13*S GRADEijk*PRE TESTjk
+ θ2*INTERVENTIONijk + θ3*RETAINEDijk + θ4*CARRY OVERijk
+ b00j + b10j*S GRADEijk + c00k + c10k*S GRADEijk
+ eijk
Figure 1. HCMa and HCMb model specification for early literacy and mathematics
STAR achievement data.
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