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Abstract 
This study examines the impact of testing windows on student performance in standardized assessments 
within a large urban school district. Using longitudinal data from multiple academic years, the analysis 
investigates whether variations in assessment administration timing influence student outcomes across 
different grade levels and subject areas. Employing statistical modeling techniques, including regression 
analysis and effect size calculations, the study identifies significant trends in performance differences 
based on test administration periods. Findings indicate that earlier testing windows are associated with 
slightly higher scores, particularly in mathematics, suggesting potential implications for instructional 
pacing and test scheduling policies. The results contribute to the ongoing discussion on assessment equity 
and the optimization of testing schedules to support student achievement. Recommendations for policy 
adjustments and further research directions are discussed. 

Keywords: testing windows, standardized assessments, student performance, assessment equity, 
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Introduction 
Monitoring student progress throughout the academic year is crucial for understanding and supporting 
student growth. Interim assessments, such as the Fall Progress Monitoring (PM1), Winter Progress 
Monitoring (PM2), and Spring Progress Monitoring (PM3), provide valuable insights into students’ 
academic development, particularly in subjects such as English language arts (ELA) and mathematics 
(Florida Department of Education, 2024). These assessments allow educators and policymakers to track 
progress, identify areas for improvement, and intervene early to help struggling students (Linn, 2000). 
However, despite their widespread use, few studies have explored the timing of interim assessments—
whether they occur at the beginning, middle, or end of an assessment window. In particular, the impact of 
assessment timing within the testing window on academic performance remains underexamined, as do the 
factors that influence the predictive power of these assessments. 

There is a growing body of literature suggesting that the timing of assessments within a testing window 
can affect how accurately prior test scores predict future performance (Koretz, 2008; Russell et al., 2009). 
Although some studies have examined how past performance relates to future evaluations, there has been 
less focus on whether the timing of an interim assessment during a testing window influences its ability to 
predict outcomes (Koretz, 2008). Understanding the impact of test timing is critical for schools that 
ultimately make this decision on their own, using their best judgment, while balancing the availability of 
human resources and testing materials with providing the best opportunity for students to perform well 
(Russell et al., 2009; Shepard, 2000). 
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Purpose 
The purpose of this study is to explore the effects of test timing within standardized testing windows on 
student performance, specifically in the Florida Assessment of Student Thinking (FAST) ELA and 
Mathematics Progress Monitoring assessments, using archival data from the 2022–2023 and 2023–2024 
school years collected from the district’s centralized data system. FAST is a statewide standardized 
assessment that occurs during three assessment periods: PM1, PM2, and PM3. This study aims to identify 
performance patterns during testing, provide guidance for optimal schedules, and recommend policies for 
future assessments.  

Literature Review 

Testing Window Assessment Timing Beliefs 
There is a common belief that testing at contrasting times during the testing window correlates with better 
test performance (Duffy, 2007; Nichols & Berliner, 2007). Tharp and Gallimore (1991) state that the 
strategic timing of testing can influence both student performance and the effectiveness of the instruction 
they receive in the lead-up to assessments. The idea of waiting until the end of the window might seem 
logical, as it could lead to higher performance by giving extra time for preparation. However, there are 
varying perspectives on this topic, and some will support an idea while others will challenge it (Au, 2007; 
Berliner, 2011; Duffy, 2007; Linn, 2000). 

Educators, administrators, and even parents who support testing at the end of the window might assume 
that additional instructional days or review opportunities will give students an advantage (Hembree, 1988; 
Koretz, 2008). This psychological comfort and reduced stress could help students relax and feel confident 
that they are fully prepared, leading to better performance (von der Embse et al., 2018). 

While it might seem logical that more time equals better preparedness, research does not universally 
support this assumption. Some scholars claim that waiting to assess at the end of the window could 
negatively impact student performance through student fatigue and burnout (Roediger & Karpicke, 2006; 
Shepard et al., 2009). In high-stakes environments with multiple exams, students may feel the heightened 
pressure of testing as teachers, parents, and administrators become more stressed as time runs out in the 
window (Roediger & Karpicke, 2006). There is concern about how teachers utilize the extra time 
(Volante, 2004). Instruction that would normally be engaging and exciting often morphs into monotonous 
test preparation, learning test-taking strategies, and “drill and kill” routines (Au, 2007; Nichols & 
Berliner, 2007). Lastly, research shows that beyond a certain point, additional instructional time may have 
minimal impact if students are not receiving targeted interventions or additional content that addresses 
gaps in learning (Koretz, 2008; Tharp & Gallimore, 1991). 

Testing Window Impact on Academics 
Bulut et al. (2020) conducted research to explore how taking the Star Math standardized test at various 
times throughout the school year and during specific testing windows can impact students. The authors 
were unable to determine a pattern of performance that applied to all participants. This led to the 
conclusion that the optimal time of testing during a testing window was highly dependent on individual 
student differences (Bulut et al., 2020). The authors proposed exploring the option of personalized testing 
schedules for students. However, implementing such schedules may present practical challenges, such as 
having students in the same classroom scheduled for testing on different days (Bulut et al., 2020). 

The Northwest Evaluation Association (NWEA), a division of Houghton Mifflin Harcourt (HMH), 
creates academic assessments, provides training and professional development, and conducts research on 
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assessments for students in grades PreK–12. In their support documentation for a major NWEA 
assessment, the NWEA provides guidelines for selecting test window dates during spring testing. The 
NWEA reminds educators that the purpose of standardized testing is to assess cumulative learning and 
growth. Scheduling practices must remain consistent over time to produce comparable results annually 
and across different student groups. For example, tests taken too early or late in a window may reflect 
differing amounts of instructional time, which could introduce variability into results and make year-over-
year or group comparisons less dependable (NWEA, 2022).  

Research Questions 
This study is guided by two research questions. Research Question 1 addresses the group differences in 
student performance based on the timing of their testing within the PM3 window. Specifically, it will 
explore whether there are differences in academic performance between students who took PM3 in the 
first half of the window versus students who took PM3 in the second half of the testing window. The 
analysis uses propensity score matching (PSM) to ensure that students in different timing groups are 
comparable in terms of prior academic performance and other relevant characteristics, followed by t-tests 
to evaluate any significant group differences. 

RQ1: What is the impact of taking FAST PM3 in the first or second half of the testing window on student 
performance?  

H01: There is no impact of taking FAST in the first half or second half of the testing window on student 
performance.  

Research Question 2 investigates whether the predictive accuracy of PM2 scores for PM3 outcomes 
differs based on when students take PM2 within the testing window—specifically at the beginning, 
middle, or end of the window. This research accounts for covariates that may influence prediction 
accuracy, such as prior academic performance and various demographic and school-level variables, 
including student race, gender, special education status, English language learner (ELL) status, students 
with disabilities (SWD), absenteeism rates, and school characteristics. Using multiple linear regression 
and moderation analysis, the study examines how these factors interact with test timing. This study aims 
to provide a clearer understanding of the conditions under which PM2 scores can be most accurately used 
to predict PM3 outcomes. 

RQ2:  How does taking FAST PM2 during the beginning, middle, or end of the PM2 testing window 
affect PM2’s prediction of PM3 scale score? 

H02: There is no impact of taking FAST PM2 during the beginning, middle, or end of the PM2 testing 
window on PM2’s prediction of PM3 scale score. 

Through these two complementary research questions, this study contributes to the understanding of how 
the timing of interim assessments may impact academic performance or influence the predictive validity 
of scores. This study provides practical insights into improving the scheduling and administration of 
assessments. 
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Method 
Participants 
The participants in this study were students enrolled in a large public school district comprising 
traditional and charter schools in Southeastern Florida who participated in the 2023–2024 administration 
of FAST PM1, PM2, and PM3 in ELA and mathematics. A total of 146,033 students were included in the 
final analysis. These students ranged from Grades 4–10 for ELA and Grades 4–8 for mathematics across 
elementary and secondary schools. Table 1 presents the breakdown of the overall sample by subject, 
grade level, and demographic characteristics. Table 2 presents the breakdown of the sample by school-
level characteristics. 

Table 1. Student Characteristics of Participants by Subject 

Student characteristics ELA Mathematics 

 n    % n % 

Grade     
Total 126,599 100.0 77,728 100 

4 18,155 14.3 17,924 23.1 
5 17,385 13.7 17,009 21.9 
6 17,804 14.1 17,143 22.1 
7 18,460 14.6 15,226 19.6 
8 18,740 14.8 10,426 13.4 
9 17,852 14.1 — — 

10 18,203 14.4 — — 
Race/ethnicity     

Asian 4,854 3.8 2,489 3.2 
Black/African American 47,247 37.3 29,706 37.7 
Hispanic/Latino 50,106 39.6 31,100 40.1 
Multiracial 3,283 2.6 2,060 2.7 
White 20,634 16.3 12,106 15.9 
Other 475 0.4 267 .4 

Gender     
Female 62,098 49.1 38,156 49.1 
Male 64,501 50.9 39,572 50.9 

ELL 13,807 10.9 10,457 13.5 
SWD 17,660 13.9 12,454 16.0 
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Table 2. School Characteristics of Participants by Subject 
School characteristics ELA Mathematics 

 n % n % 

Level     

All levels 144,939 100.0 95,956 100.0 
Elementary 46,078 31.8 45,080 47.0 
Middle 42,591 29.4 33,154 34.6 
High 33,158 22.9 — — 
Combination 22,325 15.4 17,362 18.1 
Center 787 0.5 360 0.4 

Type     
Traditional 114,829 79.2 73,022 76.1 
Charter 30,110 20.8 22,934 23.9 
Title I 99,260 68.5 70,382 73.3 

Data Collection Procedure 
Data for this study were obtained from the 2023–2024 PMs administered across public schools in a large, 
diverse school district. Student-level data were linked across three testing windows (PM1, PM2, and 
PM3) and included demographic and school-level variables sourced from the district’s centralized data 
system. Students enrolled in private educational facilities or with invalid test scores were excluded. 

Statistical Analyses 
Prior to analysis, the dataset underwent standard data cleaning procedures, including the removal of 
duplicate entries, cases with missing key outcome variables, and students not assessed in all three PM 
administrations.  

For Research Question 1, which investigated whether performance on the PM3 summative assessment 
differed based on when students took the test (first half vs. second half of the testing window), PSM was 
used to create balanced groups of similar students who took PM3 2023–2024 in the first half of the 
window and the second half of the window. Matching was conducted within grade and subject areas 
(ELA and mathematics) using covariates such as PM1 and PM2 scores, demographic characteristics (race, 
gender, ELL status, and SWD status), and select school-level indicators. Following matching, 
independent-samples t-tests were conducted to examine group differences in PM3 scores. Analyses were 
conducted separately by the independent variables, grade level, and subject to ensure heterogeneity of the 
dependent variable, achievement level. Achievement level was also analyzed by grouping proficient 
(Levels 3, 4, and 5) and non-proficient (Levels 1 and 2), and comparing the counts in each testing window 
group. A chi-square test of independence was conducted in each grade level to compare the number of 
proficient students (Levels 3, 4, and 5) by the testing window time period. 

For Research Question 2, hierarchical multiple regression models were estimated separately for each 
subject (ELA and mathematics) and grade level. The primary objective was to determine whether the 
predictive accuracy of PM2 scores for PM3 outcomes varied as a function of when students completed the 
PM2 assessment while accounting for prior academic performance and both student- and school-level 
covariates. A 70/30 train-test split was applied to the full analytic dataset. The model was trained on 70% 
of the data using a hierarchical multiple regression approach.  
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Data were categorized as the following: Beginning Group (BegGrp), which refers to students who tested 
during the first week of the window, Middle Group (MidGrp), which refers to students who tested during 
the second week of the window, or End Group (EndGrp), which refers to students who tested during the 
third week of the window. In each model, Block 1 included the main effects of PM1 and PM2 scores, 
demographic variables including race, gender, ELL status, SWD status, and Free and Reduced-Price 
Lunch (FRL) eligibility, and school-level characteristics, namely Title I status, chronic absenteeism, 
school enrollment, and overall performance scale score. A data dictionary for the regression variables is 
provided in Table 3.  

Table 3. Data Dictionary for Regression Predictor Variables 

Variable Variable type Coding scheme Student- or school-level variable 

2024 FAST PM1 scale 
score 

Continuous Scale score points Student prior performance 

2024 FAST PM2 scale 
score 

Continuous Scale score points Student prior performance 

Race/ethnicity Categorical Dummy coded: 
American Indian = 1 
Asian = 2 
Black = 3 
Hispanic = 4 
Multiracial = 5 
Pacific Islander = 6 
White = 7 
Not Reported = 8 
Hispanic (1, 0) 

Student demographic 

Gender Dichotomous 1 = Female 
2 = Male 

Student demographic 

ELL status Dichotomous 0 = Non-ELL 
1 = ELL 

Student demographic 

SWD status Dichotomous 0 = Non-SWD 
1 = SWD 

Student demographic 

Percent of school grade 
points 

Interval Percentage of points 
earned for school grade 

School accountability 

School population Continuous Number of students School demographic 

School percent of high 
absenteeism 

Interval Percentage of students 
with 20 or more 
absences 

School climate 

Title I status Dichotomous 0 = Non-Title I 
1 = Title I 

School demographic 

Timing groups were dummy coded, with the BegGrp, serving as the reference group in each model. In the 
second block of the model, interaction terms between PM2 scores and timing group indicators, and 
between each of the other predictors and PM2 scores, were entered to assess moderation effects. The final 
model was subsequently tested using the 30% holdout sample, with residual diagnostics conducted to 
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evaluate model fit and prediction accuracy. Performance metrics such as root mean squared error 
(RMSE), R-squared, and mean absolute error (MAE) were calculated to evaluate generalizability.  
Analyses were performed in IBM Statistical Package for Social Sciences (SPSS) Version 28. The study 
followed district data governance and ethical standards for using administrative educational data. 

Control for Type I Error 
Given the number of grade-level comparisons conducted across subjects, the risk of inflated Type I error 
was considered. Consistent with recommendations in applied assessment research, we report exact p-
values and emphasize effect sizes and practical significance over statistical significance alone. This 
approach allows readers to interpret results with appropriate caution while acknowledging the exploratory 
and descriptive nature of grade-level timing effects. Future research employing confirmatory hypothesis 
testing may incorporate more conservative Type I error corrections to ensure statistical precision. 

Results 
RQ1 Results—Test Timing Within PM3 Window 
Independent-samples t-tests were conducted to examine whether PM3 ELA scale scores differed between 
students who completed PM2 during the first versus the second half of the testing window. All 
comparisons across grades were statistically significant (all p < .05); however, both the direction and 
practical magnitude of these differences varied meaningfully by grade level. 

In Grades 4 and 5, students who completed PM2 in the first half of the testing window scored slightly 
higher on PM3 ELA than those who tested later. For Grade 4, first-half testers scored 1.6 points higher on 
average, t(12,556) = 4.10, p < .05, Cohen’s d = 0.07. In Grade 5, the mean difference was 1.2 points, 
t(12,394) = 3.30, p < .05, d = 0.06. Although statistically significant due to large sample sizes, these effect 
sizes are extremely small, suggesting that PM2 timing had a negligible practical influence on PM3 ELA 
outcomes at the upper-elementary level. 

Beginning in Grade 6, the direction of the association shifted. Students who completed PM2 in the second 
half of the window scored higher on PM3 ELA than those who tested earlier. Grade 6 second-half testers 
scored an average of 9.0 points higher, t(3,934) = –10.50, p < .05, d = –0.33, reflecting a small-to-
moderate effect. The pattern strengthened in Grades 7 and 8, where later testers scored 9.6 points (d = –
0.41) and 10.8 points (d = –0.45) higher, respectively—effect sizes indicating moderate practical 
significance in the middle grades. 

In Grades 9 and 10, the advantage for second-half testers persisted but with reduced magnitude. Grade 9 
students who tested later scored 4.8 points higher than earlier testers, t(6,892) = –9.00, p < .05, d = –0.22. 
Grade 10 showed a smaller difference of 3.1 points, t(7,232) = –5.90, p < .05, d = –0.14. These represent 
small effects at the high school level. 

Taken together, these findings reveal a developmental progression in ELA with respect to the PM2 testing 
window. In upper elementary grades, earlier testing is associated with marginally higher PM3 ELA 
performance, though with trivial effect sizes. In contrast, beginning in Grade 6—and peaking in Grades 7 
and 8—later PM2 testing is associated with meaningfully higher PM3 ELA scores, followed by 
diminishing but still statistically significant effects in Grades 9 and 10. This pattern suggests that the 
impact of testing-window timing on ELA outcomes becomes more pronounced in early adolescence and 
then tapers by high school, indicating potential developmental or instructional factors that vary across 
grade spans. A summary of t-test results in ELA by grade level is provided in Table 4. 



Seage et al. 

55 

Table 4. T-Test Results of PM3 ELA Scale Score by PM2 Testing Window Group, 2023–2024 

Grade 1st half of window 2nd half of window t p M-diff Cohen’s d 

 n M SD n M SD     
4 6,279 215 21.6 6,279 214 21.4 4.1 < .05 1.6 0.07 

5 6,197 226 20.3 6,197 225 20.1 3.3 < .05 1.2 0.06 

6 1,968 221 23.7 1,968 228 21.9 –10.5 < .05 –9.0 –0.33 

7 2,576 225 24.7 2,576 234 21.5 –14.6 < .05 –9.6 –0.41 

 8 2,887 229 25.0 2,887 240 23.2 –17.0 < .05 –10.8 –0.45 

9 3,447 240 22.9 3,447 244 21.7 –9.0 < .05 –4.8 –0.22 

10 3,617 246 23.0 3,617 248 21.3 –5.9 < .05 –3.1 –0.14 

 

To examine whether student performance on the PM2 ELA assessment differed based on when students 
tested within the district’s testing window, chi-square tests of independence were conducted for each 
grade level. Specifically, the analyses compared the proportion of students scoring at Achievement Level 
3 or above between those who completed PM2 in the first half of the testing window and those who tested 
in the second half. All chi-square tests were statistically significant, indicating non-random associations 
between testing-window timing and proficiency rates; however, the direction of these associations varied 
systematically by grade level. 

For students in Grades 4 and 5, proficiency rates were slightly but significantly higher among those who 
tested in the first half of the window. In Grade 4, 51.3% of first-half testers achieved Level 3 or above 
compared with 48.7% of second-half testers, χ²(1, N = 12,558) = 11.30, p < .001. A similar pattern 
emerged in Grade 5, where 51.0% of students tested earlier reached proficiency compared to 49.0% of 
those tested later, χ²(1, N = 12,934) = 7.30, p = .004. These results suggest that in upper elementary 
grades, earlier test administration was associated with modestly higher proficiency rates. 

In contrast, beginning in Grade 6 and continuing through Grade 8, the direction of the association 
reversed, with substantially higher proficiency rates among students who tested in the second half of the 
window. For Grade 6, 57.1% of second-half testers achieved proficiency compared with 42.9% of first-
half testers, χ²(1, N = 3,936) = 95.30, p < .001. This pattern intensified in Grades 7 and 8, where later 
testers consistently outperformed earlier testers by wide margins (Grade 7: 57.7% vs. 42.3%, χ² = 134.00, 
p < .001; Grade 8: 59.7% vs. 40.3%, χ² = 205.90, p < .001). These results reflect a strong and consistent 
advantage for later testing in middle school. 

A similar, though more moderate, pattern was observed in Grades 9 and 10. Students who tested in the 
second half of the window demonstrated higher proficiency rates than those who tested earlier (Grade 9: 
53.5% vs. 46.5%, χ² = 42.30, p < .001; Grade 10: 52.0% vs. 48.0%, χ² = 52.00, p < .001). Although the 
magnitude of these differences was smaller than that observed in middle school, the results nonetheless 
indicate a consistent association between later testing and higher proficiency at the high school level. 

Taken together, these findings reveal a distinct grade-level shift in the relationship between testing-
window timing and performance. Whereas earlier testing was associated with slightly higher proficiency 
in the upper elementary grades, later testing was associated with notably higher proficiency beginning in 
Grade 6 and continuing through high school. This pattern suggests that developmental, instructional, or 
contextual factors may interact with testing-window placement in ways that influence student 
performance differently across grade spans. Further research is warranted to explore the mechanisms 
underlying this reversal and to determine whether instructional pacing, assessment readiness, or other 
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school-level dynamics contribute to the observed differences. A summary of chi-square results in ELA by 
grade level is provided in Table 5. 

Table 5. Frequencies and Chi-Square Results for Achievement Level 3 and Up in ELA by PM2 Testing 
Window Group, 2023–2024 

Grade N 1st half of window 2nd half of window df χ2 p 

  n % n %    

4 12,558 3,722 51.3 3,536 48.7 1 11.3 < .001 
5 12,934 3,876 51.0 3,730 49.0 1 7.3 .004 
6 3,936 918 42.9 1,223 57.1 1 95.3 < .001 
7 5,152 1,141 42.3 1,556 57.7 1 134.0 < .001 
8 5,774 1,137 40.3 1,682 59.7 1 205.9 < .001 
9 6,894 1,797 46.5 2,065 53.5 1 42.3 < .001 

10 7,234 1,932 48.0 2,096 52.0 1 52.0 < .001 

         
Independent-samples t-tests were conducted to evaluate whether PM3 mathematics scale scores differed 
between students who completed PM2 during the first half of the testing window and those who tested in 
the second half. Although all comparisons reached statistical significance (all p < .05), the magnitude and 
direction of the differences varied across grade levels, and effect sizes were generally small. 

In Grades 4 and 5, students who completed PM2 in the first half of the testing window scored higher on 
PM3 mathematics than those who tested later. In Grade 4, first-half testers outscored second-half testers 
by 4.4 points on average, t(7,260) = 9.00, p < .05, Cohen’s d = 0.21, representing a small effect. Grade 5 
demonstrated a similar pattern, with a mean difference of 2.5 points favoring first-half testers, t(7,198) = 
4.80, p < .05, d = 0.11. These results indicate that earlier PM2 testing was associated with slightly higher 
PM3 mathematics performance in the upper elementary grades, though practical significance was limited. 

Beginning in Grade 6, the direction of the effect reversed, with students who completed PM2 in the 
second half of the window scoring slightly higher on PM3 mathematics. Grade 6 second-half testers 
scored an average of 2.0 points higher than first-half testers, t(11,416) = –5.00, p < .05, d = –0.09, 
reflecting a very small effect size. A similar pattern was observed in Grade 7, where later testers scored 
1.1 points higher, t(9,154) = –2.40, p < .05, d = –0.05. In Grade 8, the mean difference was only 0.5 
points, t(5,196) = –0.80, p < .05, d = –0.02, indicating a negligible effect. 

Taken together, the mathematics results reveal a more muted relationship between PM2 testing-window 
placement and PM3 outcomes than that observed in ELA. In Grades 4 and 5, earlier testing is associated 
with modestly higher mathematics performance, but by Grade 6, the direction shifts toward a slight 
advantage for later testing, though effect sizes from Grades 6–8 remain extremely small. Across all 
middle school grades, the influence of testing-window timing on PM3 mathematics performance is 
statistically detectable but practically trivial. 

Overall, these findings suggest that the timing of PM2 has limited practical impact on PM3 mathematics 
outcomes, with only small advantages observable in either direction depending on grade level. Unlike 
ELA, where effect sizes increased substantially in the middle grades, mathematics performance appears 
comparatively stable across the testing window, with only minimal variation attributable to when students 
completed PM2. A summary of t-test results in mathematics by grade level is provided in Table 6. 
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Table 6. T-Test Results of PM3 Mathematics Scale Score by Testing Window Group, 2023–2024 
Grade 1st half of window 2nd half of window t p M-Diff Cohen’s d 

 n M SD n M SD     

4 3,631 218 21.0 3,631 214 20.8 9.0 < .05 4.4 .21 

5 3,600 230 21.4 3,600 228 23.1 4.8 < .05 2.5 .11 

6 5,709 230 21.0 5,709 232 21.6 –5.0 < .05 –2.0 –.09 

7 4,578 233 22.4 4,578 234 22.2 –2.4 < .05 –1.1 –.05 

8 2,599 232 22.9 2,599 237 23.7 –.8 < .05 –0.5 –.02 

 
Chi-square tests of independence were conducted to determine whether the proportion of students scoring 
at Achievement Level 3 or above in mathematics differed between students who tested during the first 
versus second half of the PM2 testing window. Results indicated significant associations for Grades 4 
through 6, though the magnitude and direction of these differences varied across grade levels. No 
significant differences were observed in Grades 7 and 8. 

In Grade 4, students who tested in the first half of the window demonstrated higher proficiency rates than 
those who tested in the second half. Specifically, 53.1% of first-half testers achieved Level 3 or above 
compared with 46.9% of second-half testers, χ²(1, N = 7,262) = 47.30, p < .001. A similar pattern 
emerged in Grade 5, with 51.5% of earlier testers reaching proficiency compared with 48.5% of later 
testers, χ²(1, N = 7,200) = 11.40, p < .001. These findings indicate that in upper elementary mathematics, 
testing earlier in the window was associated with modestly but consistently higher proficiency rates. 

In Grade 6, the direction of the association shifted slightly. Students who tested in the second half of the 
window had a marginally higher proficiency rate (50.8%) than those who tested earlier (49.2%), χ²(1, N = 
11,418) = 4.10, p = .023. Although statistically significant, the difference was minimal, suggesting only a 
weak relationship between testing-window timing and mathematics performance at this grade level. 

For Grades 7 and 8, proficiency rates did not differ significantly between the two testing-window groups. 
In Grade 7, 49.8% of first-half testers achieved proficiency compared with 50.2% of second-half testers, 
χ²(1, N = 9,156) = 0.10, p = .361. Similarly, in Grade 8, proficiency rates were nearly identical across 
groups (49.2% vs. 50.8%), χ²(1, N = 5,198) = 0.70, p = .209. These nonsignificant results indicate that by 
middle school, the timing of PM2 test administration was not meaningfully related to student mathematics 
performance. 

Taken together, the results for mathematics suggest a more muted relationship between testing-window 
timing and performance compared with the pattern observed in ELA. While upper elementary grades (4–
5) demonstrated higher proficiency rates among early testers—and Grade 6 showed a statistically 
significant but negligible advantage for later testers—there was no evidence of meaningful performance 
differences across testing windows in Grades 7 and 8. The absence of a consistent directional pattern 
across grades contrasts with the clearer grade-span effects observed in ELA and may indicate that 
mathematics proficiency is less sensitive to testing-window placement in the PM2 administration. Further 
research may clarify whether instructional pacing, curriculum alignment, or test design factors contribute 
to these subject-specific differences. A summary of chi-square results in ELA by grade level is provided 
in Table 7. 
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Table 7. Frequencies and Chi-Square Results for Achievement Level 3 and Up in Mathematics by PM2 
Testing Window Group, 2023–2024 

Grade N 1st half of window 2nd half of window df χ2 p 

  n % n %    

4 7,262 2,405 53.1 2,121 46.9 1 47.3 < .001 
5 7,200 2,384 51.5 2,247 48.5 1 11.4 < .001 
6 11,418 3,097 49.2 3,204 50.8 1 4.1 .023 
7 9,156 2,358 49.8 2,376 50.2 1 0.1 .361 
8 5,198 919 49.2 948 50.8 1 0.7 .209 

 

RQ2 Results—Predictive Validity of PM2 Timing Across Subjects and 
Grade Levels  

Regression Model Performance 
The proportion of variance explained by the models (R²) ranged from .643 to .731 in ELA and from .483 
to .826 in mathematics, with incremental increases (ΔR²) observed when interaction terms were added. 
Although most ΔR² values were small (typically < .01), all models but one (Grade 10 ELA) showed 
statistically significant F-change values, suggesting that the inclusion of timing interactions marginally 
improved model fit in most instances. See Table 8 for a summary of the regression results across grades 
and subjects.  

Interaction Effects of Timing 
Notably, significant interactions emerged between PM2 scores and testing group membership, 
particularly in ELA. For example, in Grade 9 ELA, the interaction between PM2 and EndGrp was 
significant (R2 = 0.69, SE = 0.37, β = –0.029, p < .05), indicating that the predictive strength of PM2 
scores for PM3 performance was greater when students completed PM2 at the end of the testing window. 
Similarly, a significant PM2 and MidGrp interaction was observed in Grade 8 mathematics (β = 0.64, SE 
= 0.64, β = [0.010], p < .05), suggesting nuanced differences in predictive accuracy across timing groups. 

Taken together, these findings provide partial support for the hypothesis that the timing of the PM2 
assessment influences its utility as a predictor of subsequent performance on the PM3 summative 
assessment. 

Residual Analysis 
To further evaluate model fit and predictive error, residuals were examined from the test set comprising 
30% of the data. This process was conducted for each model by grade and subject area. The residuals for 
the grade level and subject regression models remained low. The mean standardized residuals were near 
0.0 for each grade level and subject regression, and the standard deviation of the standardized residuals 
was near 1.0. The results of the residual analysis indicate that while the model performs reasonably well, 
for most students, prediction errors tend to be larger for certain individuals, potentially due to unmeasured 
variables or instructional disruptions not captured in the current model. 
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Table 8. Regression Modeling Results Across Grades and Subjects, PM2 to PM3, 2023–2024 
Grade Model  R2         ΔR²    F Change df1 df2        p 

ELA 
4 Block 1 .680 .680 2,114.665 12 11,932 .000 

 Block 2 .681 .001 2.240 20 11,912 .001 

5 Block 1 .730 .730 2,555.777 12 11,337 .000 

 Block 2 .731 .001 1.914 20 11,317 .008 

6 Block 1 .726 .726 2,389.379 12 10,803 .000 

 Block 2 .727 .001 1.992 20 10,783 .005 

7 Block 1 .727 .727 2,525.733 12 11,398 .000 

 Block 2 .727 .001 1.635 20 11,378 .037 

8 Block 1 .715 .715 2,391.267 12 11,410 .000 

 Block 2 .716 .001 1.605 20 11,390 .042 

9 Block 1 .691 .691 1,742.500 12 9,336 .000 

 Block 2 .694 .003 4.096 20 9,316 <.001 

10 Block 1 .643 .643 1,407.635 12 9,381 .000 

 Block 2 .644 .001 1.548 20 9,361 .056 

Mathematics 
4 Block 1 .764 .764 3,198.848 12 11,866 .000 

 Block 2 .765 .001 3.022 20 11,846 <.001 

5 Block 1 .798 .798 3,708.485 12 11,256 .000 

 Block 2 .799 .001 2.741 20 11,236 <.001 

6 Block 1 .824 .824 4,198.132 12 10,736 .000 

 Block 2 .826 .001 4.257 20 10,716 <.001 

7 Block 1 .676 .676 1,617.941 12 9,322 .000 

 Block 2 .677 .001 1.887 20 9,302 .010 

8 Block 1 .483 .483 435.260 12 5,595 .000 

 Block 2 .487 .004 2.093 20 5,575 .003 
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Discussion 
The purpose of this study was to examine whether the timing of PM2 assessments within the district’s 
testing window was associated with differences in PM3 ELA and mathematics performance, and whether 
PM2 timing influenced the predictive accuracy of PM3 scores. Two research questions guided the 
investigation, with results offering insights into assessment scheduling and the interpretation of interim 
assessment data. 

Performance Differences Across the Testing Window (RQ1) 
The first research question explored whether PM3 outcomes differed for students tested in the first versus 
second half of the PM2 testing window. While statistically significant differences emerged across all 
grades and subjects, the practical magnitude of these differences varied considerably but was quite small 
in many cases. 

For ELA, elementary students who tested earlier in the window performed slightly better, though the 
associated effect sizes were trivial (Cohen’s d ≈ 0.06–0.07). In contrast, students in Grades 6–10 
generally performed better when assessed later in the window, with effect sizes peaking in Grades 7 and 8 
with small-to-moderate values (d ≈ –0.41 to –0.45). Even in these grades, however, the effect sizes did 
not exceed moderate thresholds, suggesting that although testing-window timing may have some 
influence on ELA performance in early adolescence, the magnitude of this influence remains limited. 

For mathematics, the differences were smaller and more stable. Elementary students performed modestly 
better when testing earlier, while Grades 6–8 showed slight advantages for later testing—yet across this 
subject, effect sizes were consistently small (d ≈ 0.02–0.21). These results indicate that the timing of PM2 
has relatively minimal practical impact on PM3 mathematics performance. 

Taken together, the results support rejection of the null hypothesis for RQ1; however, the small effect 
sizes suggest that the real-world impact of PM2 timing on PM3 outcomes is modest. The statistical 
significance observed in many comparisons is likely attributable in part to the large sample sizes typical 
of districtwide assessments rather than to substantial underlying differences. 

Predictive Accuracy of PM2 for PM3 (RQ2) 
The second research question examined whether PM2 testing-window timing affected the predictive 
validity of PM2 scores for PM3 outcomes. Regression analyses indicated that testing-window timing 
contributed statistically significant changes to model accuracy; however, the R² changes were small 
across all grade levels, indicating that the practical influence of timing on predictive accuracy was 
minimal. 

In ELA, early PM2 testing provided the strongest prediction for PM3 performance in elementary grades, 
while early-to-mid testing was more predictive in middle school. In high school, PM2 assessments 
administered later in the window produced slightly more accurate predictions. Although these patterns 
were statistically reliable, the incremental explanatory power added by testing-time variables was small, 
suggesting that PM2 timing should be viewed as a secondary, not primary, factor affecting predictive 
accuracy. 

In mathematics, early PM2 testing modestly improved prediction accuracy in elementary grades, and 
early or mid-window testing produced comparable results in middle school. Yet again, these timing-
related differences explained only a minimal proportion of variance in PM3 outcomes. 

The results support the rejection of the null hypothesis for RQ2; however, as with RQ1, the practical 
implications should be interpreted with caution, given the small effect sizes and limited changes in 
predictive accuracy. 
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Practical Implications 
Although the analysis revealed statistically significant relationships between PM2 timing and both PM3 
performance and prediction accuracy, the modest effect sizes and minimal R² gains call for restraint when 
considering practical applications. 

First, while elementary students often performed better with earlier testing, the benefit was small and 
unlikely to meaningfully alter instructional decisions on their own. Similarly, the advantage for later 
testing in middle school ELA, though larger, still reflects only moderate differences and should not be 
interpreted as evidence that shifting testing windows will substantially improve outcomes. 

Second, although some mismatches were observed between current scheduling patterns and the timing 
associated with slightly stronger performance (e.g., Grades 4–5), the small effect sizes suggest that 
wholesale scheduling changes may not yield sizable benefits. Adjustments may be considered, but should 
be weighed alongside logistical constraints, instructional pacing, and school-level contexts. 

Finally, given the minimal improvements in predictive accuracy associated with PM2 timing, 
practitioners should avoid overinterpreting timing as a major factor in data-driven decision-making. PM2 
remains a useful predictive tool regardless of when students test within the window, and timing should be 
viewed as a minor contextual variable rather than a primary determinant of accuracy. 

Conclusion 
This study examined the impact of scheduling standardized assessments within a testing window on 
student performance and the predictive strength of PM2 assessments for end-of-year outcomes. The 
findings contribute valuable insights into optimizing testing schedules to enhance student outcomes while 
also highlighting areas requiring further investigation. 

Key results demonstrated that the timing of FAST PM3 assessments within the testing window 
significantly affected student performance, with optimal timing varying by grade level and subject. 
Elementary students performed better when assessed earlier in the window, while middle and high school 
students benefited from testing later. These findings suggest that developmental and contextual factors, 
such as preparedness and curriculum pacing, play a critical role in shaping performance outcomes. 
However, the small effect sizes associated with these differences emphasize the need for nuanced 
decision-making in revising testing schedules. The analysis of PM2’s predictive accuracy for PM3 
outcomes revealed additional complexities in scheduling. Optimal prediction timing varied across grade 
levels, with early testing proving more beneficial for elementary grades and later testing more accurate for 
high school predictions. These findings align with the hypothesis that the alignment of testing schedules 
with curriculum pacing significantly influences prediction accuracy. 

This study highlights the potential of data-informed scheduling to improve both student outcomes and the 
utility of assessment data for instructional planning (Darling-Hammond, 2007). By adjusting testing 
schedules based on these findings, schools may better align testing practices with student needs and 
curricular goals. However, it is important to recognize that changes to testing schedules should account 
for logistical constraints, such as resource availability, and the diverse needs of students and educators.  

The findings of this study underscore the importance of thoughtful assessment scheduling as a critical 
component of data-driven educational decision-making. By leveraging insights from research and 
aligning practices with student needs, schools and districts can better utilize assessment data to enhance 
teaching, learning, and overall student success. 

Limitations 
The results of this study are limited to the degree to which they can inform actionable decisions. Although 
the results of group comparisons were significant, the small effect sizes show that the overall effect of 
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when tests are scheduled during the testing window is minimal. In a practical sense, most group mean 
differences were within a few points of one another, demonstrating that while one group did perform 
better, it was only marginally better.  

Additionally, multiple comparisons across grades and subjects introduce a heightened risk of Type I error. 
Although effect sizes and R² changes were small—suggesting limited practical impact—it is important to 
interpret statistically significant findings cautiously.  

Another limitation is the differences in group sizes. While PSM was used to match students, depending 
on the subject, one group was always much larger. This influences the PSM algorithm by changing how 
matches are made and their quantity. Although PM2 significantly predicted performance, regression 
models always leave some variance unexplained, which might be due to variables not included in the 
model, the error term, and other factors. Caution should be exercised if using PM2 predictions at the 
school or student level since individual differences may affect the accuracy of their predicted score. 

Last, this study would benefit from a longitudinal design with data from multiple years. This would allow 
for trends to be tracked over time rather than for one academic year.  

Recommendations 
These results underscore the need for further research. The observed differences in optimal testing times 
across grade levels may be explained by variations in curriculum pacing, student developmental needs, or 
instructional practices, but these hypotheses require additional investigation. Moreover, the potential 
stress or anticipation associated with delayed testing for younger students and the benefit of additional 
preparation time for older students should be examined in future studies to better understand their impact 
on performance (Stiggins, 2002). 

Future Research Directions 
Future research should further investigate the underlying factors that may contribute to the grade-level 
patterns observed in this study. Although the present analysis did not include measures of developmental 
readiness, curricular pacing, instructional time, or student motivation, these represent plausible areas for 
deeper examination in subsequent studies. Incorporating such variables would allow researchers to more 
directly assess whether these mechanisms influence how students respond to testing windows across 
grade levels. 

Additionally, future work could explore how assessment schedules interact with subgroup performance, 
particularly for historically underserved student populations (Guisbond, 2010). By expanding the scope of 
available data and examining these potential drivers, researchers and practitioners can better understand 
the conditions under which testing practices promote equitable and effective educational outcomes.  
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