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Ongoing monitoring of students’ progress 
toward annual goals and objectives is a core 
feature of special education (Individuals With 
Disabilities Education Act [IDEA], 2006). 
Curriculum-based measurement (CBM; 
Deno, 1985) is a common progress-monitor-
ing (PM) framework used for this purpose. 
CBM includes brief, general outcome mea-
sures that assess student performance on aca-
demic skills through the use of multiple, 
equated probes (Deno, 2003). To monitor 
reading progress, teachers of students who are 
reading at a first- to eighth-grade instructional 
level often use an oral reading fluency (ORF) 
CBM, given the strong relation between the 
number of words read correctly (WRC) and 
reading achievement (Reschly et al., 2009). 
CBM can be used within the process of data-
based individualization (DBI), a dynamic 
approach to intensive intervention in which 
teachers evaluate data to inform instruction 
(National Center on Intensive Intervention 
[NCII], n.d.). With DBI, teachers use data to 

determine the adequacy of student progress 
toward annual goals and objectives and sys-
tematically adapt instruction when insuffi-
cient progress is demonstrated.

The process of monitoring students’ prog-
ress toward annual goals and objectives is 
necessary and legally mandated (IDEA, 
2006). Although the What Works Clearing-
house Practice Guide for Response to Inter-
vention reported minimal evidence to support 
progress monitoring (Gersten et al., 2008), 
other reviews have provided evidence that the 
use of CBM and DBI practices positively 
impacts the academic growth of students with 
disabilities. In a narrative review, Stecker 
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et al. (2005) reported that CBM-based inter-
ventions resulted in positive effects on stu-
dents’ achievement in reading, mathematics, 
and spelling. In a more recent meta-analysis, 
Jung et al. (2018) reported significant positive 
student outcomes for interventions in which 
teachers individualized instruction based on 
CBM data alone (classified by the authors as 
“DBI Only”; g = 0.37) and CBM data com-
bined with additional information or recom-
mendations (classified as “DBI Plus”; g = 
0.38). These reviews provide support for 
using CBM data in the iterative DBI process 
to improve learning outcomes of students 
with the most persistent needs.

NCII (n.d.) recommends that teachers col-
lect PM data weekly when implementing DBI. 
However, special education teachers may con-
sider alternative PM schedules to monitor their 
students’ progress. Deciding how frequently to 
collect CBM data is a complex issue. PM 
schedules can differ in how frequently probes 
are administered and in the number of CBM 
probes administered at each data collection 
time point. Both of these factors, combined 
with the length of time across which data are 
collected, affect the accuracy with which CBM 
data represent a student’s true performance 
(Christ et al., 2013). Christ and colleagues 
(2013) suggest that a minimum of 8 to 12 
weeks of data is necessary to accurately use 
CBM for instructional decision making, 
depending on the quality of the data set (i.e., 
the size of the error residuals of the data).

Teachers must select PM schedules that are 
sufficiently accurate while considering the 
timeliness of instructional adaptations for stu-
dents who are not responding adequately 
(Jenkins et al., 2017). Teachers may be able to 
make instructional changes for students more 
rapidly if they use fewer than 8 to 12 weeks of 
CBM data; however, they will be doing so 
with less reliable information, thus increasing 
the probability of inaccurate decisions. In 
contrast, there is greater confidence that the 
data-based decisions correspond to data 
reflecting students’ true growth (TG) when 
teachers collect additional weeks of CBM 
data, but those additional weeks may extend 
the time students continue with instruction 

that may not be adequately intensified or indi-
vidualized for them. Although this trade-off 
between accuracy and timeliness is inherent 
in all CBM data collection, additional research 
is needed to examine how these factors vary 
across PM schedules.

Research in this area is especially relevant, 
given that teachers struggle to collect CBM data 
at all, let alone to engage in data-based decision 
making related to their instruction or instruc-
tional goals (Deno, 2003; Stecker et al., 2005). 
Often, teachers cite the need for dedicated time 
in their schedules to administer CBM assess-
ments and evaluate student data to create a sys-
tem in which DBI can be successful (Lemons 
et al., 2019). Without such a system, teachers 
often view time as the primary barrier to their 
use of CBM to inform instructional decisions 
(Deno, 2003). Given this reported barrier, there 
is a need to research ways to balance (a) teach-
ers’ time to administer CBM probes and use 
those data to adapt instruction with (b) selecting 
PM schedules that enhance the technical ade-
quacy of decisions related to CBM.

Considering Alternative 
PM Schedules: Jenkins et al. 
(2017)

Jenkins and colleagues (2017) hypothesized 
that intermittent PM schedules could decrease 
time commitments related to assessment 
administration and, therefore, enhance the 
feasibility of using CBM and the DBI process 
for teachers. Jenkins et al. argued that decreas-
ing the time demands related to CBM admin-
istration would provide more time for teachers 
to use the data to inform instruction, particu-
larly for students with inadequate response to 
intervention. However, the authors also real-
ized the importance of identifying PM sched-
ules that are both sufficiently accurate (i.e., 
identify the adequacy of student growth) and 
timely (i.e., in the fewest weeks). Therefore, 
Jenkins et al. investigated different PM sched-
ules for CBM in reading for students with dis-
abilities to identify schedules that may 
decrease time commitments for teachers while 
also maintaining sufficiently high accuracy 
and timeliness necessary for the DBI process.
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Jenkins et al. (2017) administered three 
ORF probes each week to 56 students (demo-
graphics in Table 1). From the total set of 42 
passages administered to each student,  
Jenkins et al. simulated six PM schedules 
(i.e., one a week, two every 2 weeks, and three 
every 3, 4, 5, and 6 weeks). They estimated 
students’ TG slope by inputting all 42 scores. 
They also estimated the slopes of the data for 
each PM schedule across weeks, using rele-
vant CBM probes up to the week to date (see 
our Method section for more detail). Jenkins 
et al. called the slopes from the PM schedules 
“weekly slopes” because the data were col-
lected on one day each week.

Jenkins et al. (2017) established a goal 
growth rate of 1.0-WRC increase each week, 
citing this goal as a reasonable rate of growth 
for second to sixth graders (Deno et al., 2001). 
For each week, Jenkins et al. assessed whether 
TG and weekly slopes indicated adequate or 
inadequate progress compared to the goal of 
1.0-WRC increase per week. They determined 
each PM schedule’s decision accuracy across 
weeks by calculating the percentage of the sam-
ple for whom the TG and weekly slope indi-
cated the same student response (i.e., adequate 
or inadequate). Jenkins et al. also reported the 
number of weeks it took PM schedules to reach 
70% and 75% accuracy as potential thresholds 
of sufficiently high decision accuracy.

Overall, Jenkins et al. (2017) reported that 
PM schedules had similar levels of decision 
accuracy and that more intermittent PM 
schedules did not undermine the timeliness of 
instructional decision making. The authors 
interpreted their results as demonstrating that 
intermittent PM schedules could potentially 
be used instead of the traditional, weekly PM 
schedule. They suggested that presenting 
these intermittent schedules as options to 
teachers could address the primary teacher-
reported barrier of lack of time to engage in 
data-based decision making.

Replication in Special Education 
Research

Replication is an important component of the 
empirical process that generates scientific 
findings and contributes to the understanding 

of broader theories (Coyne et al., 2016). How-
ever, replication studies are underrepresented 
in the literature base, constituting only 0.41% 
of articles in special education journals  
(Lemons et al., 2016). Coyne et al. (2016) clas-
sify replications as either direct or conceptual. 
Direct replications are studies in which the 
researchers replicate all aspects of the original 
study (e.g., all aspects of the methods and anal-
yses). Direct replication is challenging to con-
duct in special education, particularly because 
of the nature of applied school settings and dif-
ferences across participant samples. In con-
trast, conceptual replications are studies in 
which the researchers replicate aspects of the 
original study but accept variability in some 
aspects (e.g., altering the participant sample).

To the best of our knowledge, there are lim-
ited studies related to CBM in special education 
that have been explicitly described as replication 
studies (e.g., Conoyer et al., 2019; J. Hosp et al., 
2018). Some researchers have conducted CBM-
related research studies and have discussed the 
extent to which the results replicate or extend 
findings from previous studies with similar aims 
(e.g., Diggs & Christ, 2019; January & Ardoin, 
2015). However, in these instances, the authors 
did not frame their investigations as a specific 
replication study.

In contrast, both Conoyer et al. (2019) and 
J. Hosp et al. (2018) designed conceptual rep-
lication studies that assessed the technical 
adequacy of CBM tools with different sam-
ples of students than the respective original 
studies. In line with best practices for replica-
tion, the authors of both studies explicitly dis-
cussed the alignment of research procedures 
with the original procedures and explicitly 
compared results of the original and replica-
tion study. Given the importance of replica-
tion to the empirical process and the wide use 
of CBM for data-based decision making in 
schools, there is a need for more CBM-related 
replication research studies.

Purpose

The purpose of this study was to replicate and 
extend the work of Jenkins et al. (2017), the 
findings of which could have broad implica-
tions for schools. We attempted to replicate 
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Table 1. Student Demographics.

Variable

Current study Jenkins et al. (2017)

M SD n % M SD n %

Age 9.45 0.88 NR NR  
Grade 3.25 0.80 4.23 0.95  
 Second 11 21.57 1 1.79
 Third 16 31.37 11 19.64
 Fourth 24 47.06 24 42.86
 Fifth — — 14 25.00
 Sixth — — 6 10.71
Instructional reading level 1.90 0.77 2.80 0.90  
 First grade 13 25.49 2 1.79
 Second grade 28 54.90 21 19.64
 Third grade 8 15.69 21 42.86
 Fourth grade 2 3.92 10 25.00
 Fifth grade — — 2 10.71
Gender  
 Female 14 27.45 20 35.71
Ethnicity (N = 46)  
 Hispanic 20 43.48 NR NR
Race (N = 50)  
 White 25 50.00 NR NR
 Black 23 46.00 NR NR
 Hispanic (teacher write in) 6 12.00 NR NR
 Other 3 6.00 NR NR
EL services  
 Receives EL services 16 31.37 NR NR
Disability  
 LD 21 41.18 44 78.57
 EBD 0 0.00 0 0.00
 S/LI 7 13.73 0 0.00
 OHI 11 21.57 6 10.71
 F/DD 8 15.69 1 1.79
 I/DD 4 7.84 5 8.93
IEP goals  
 Reading 45 88.24 NR NR
 Math 29 56.86 NR NR
 Behavior or SEL 36 70.59 NR NR
 Speech/language 9 17.65 NR NR
Median WRC  
 Baseline 51.88 30.10 NR NR  
 Final (Week 13) 61.51 33.39 NR NR  

Note. Total N = 51 unless noted for current study. Original study had a final sample of 56. EBD = emotional 
and behavioral disorders; EL = English learner; FDD = functional or developmental delay; IDD = intellectual 
or developmental disability; IEP = individualized education program; LD = learning disability; SLI = speech or 
language impairment; NR = not reported; OHI = other health impairment; SEL = social and emotional learning; 
WRC = words read correctly.
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Jenkins et al.’s procedures as closely as pos-
sible; however, there were critical differences 
(see Table 2). Therefore, the current study can 
best be categorized as a closely aligned con-
ceptual replication of Jenkins et al.’s study.

Therefore, the current study can 
best be categorized as a closely 

aligned conceptual replication of 
Jenkins et al.’s study.

In October 2018, we preregistered our 
research plan (e.g., intended sample, data col-
lection procedures, and data analysis) with the 
Open Science Foundation. An anonymous 
version of the preregistration is publicly avail-
able at https://bit.ly/2O8KkKX. Throughout 
the timeline of our study, we made changes 
from the preregistered plan. We outline these 
changes in Table 3 and provide a rationale for 
each change. To enhance readability, we 
report our method and results in alignment 
with the changes that we made.

We considered Jenkins et al.’s (2017) 
research questions as the primary research 
questions for our direct replication. These 
included “Is decision-making accuracy from 
intermittent PM inferior to that from weekly 
PM, the current standard?” and “How many 
weeks of PM do these schedules require to 
reach specific levels of decision accuracy?” 
(Jenkins et al., 2017, pp. 45, 47). We acknowl-
edge that we could have omitted the term 
“inferior” from the first research question to 
highlight the goal of comparing the PM sched-
ules without implying a presumed direction; 
however, in the spirit of replication, we opted 
to keep Jenkins et al.’s original wording.

We extended the first research question by 
considering a priori accuracy thresholds (70% 
and 75% accuracy). We selected these thresh-
olds based on the two accuracy thresholds 
explored by Jenkins et al. (2017). Although 
these thresholds may be low for special edu-
cation eligibility decisions (which have higher 
stakes related to resource allocation), they are 
more acceptable thresholds for decisions 
related to students’ progress toward annual 
goals and objectives in that they strike a rea-
sonable balance between accurate yet timely 
instructional decisions. In follow-up analyses, 

we contrasted PM schedules only when at 
least one schedule met the required threshold.

We extended the second research question 
by considering whether the time it took inter-
mittent PM schedules to reach each accuracy 
threshold was within 2 weeks of the time it took 
weekly PM schedules to reach the same thresh-
old. We selected the 2-week criterion as we 
hypothesized that instructional changes made at 
any point within this brief window of time 
would not lead to differences in student out-
comes. Overall, we assessed the need to account 
for teacher-reported instructional changes in 
our analyses and compared our results to the 
original results to assess whether the findings 
and interpretations of findings were the same.

Method

Sample

After obtaining institutional review board 
approval, we recruited 12 special educators 
from six elementary schools within an urban 
district in the southeastern United States. All 
teachers worked predominantly with students 
identified with high-incidence disabilities. 
The majority of the teachers were White (n = 
9; 75%) and female (n = 11; 91.7%). These 
teachers helped recruit 64 students for this 
study. At the conclusion of the study, we pro-
vided teachers their students’ data.

Eight students moved prior to the end of 
data collection. Following Jenkins et al.’s 
(2017) data-cleaning procedures, we excluded 
students missing more than 1 week of data 
from the final data analyses. The final sample 
included 51 students (14 female; 27.45%), 
nine (17.65%) of whom missed 1 week of data 
collection. Results from a t test indicated that 
the mean difference between TG for students 
with incomplete versus complete data (0.61 
and 0.88, respectively) was not statistically 
significant, t(49) = −1.38, p = .17. The effect 
size difference between these groups, how-
ever, was d = −0.28, suggesting that students 
with missing data, on average, demonstrated 
poorer growth than students with complete 
data. See Table 1 for demographics for this 
sample and the reported data for the original 
study’s sample.

https://bit.ly/2O8KkKX
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Materials

Members of our research team administered a 
total of 42 PM probes (AIMSweb; Shinn 
et al., n.d) to each student. We used a random-
number generator to assign each student a ran-
dom sequence of passages. Because there 
were only 33 passages per grade level (23 pas-
sages for first grade), we readministered the 
randomly ordered passages after all instruc-
tional-level passages had been administered. 
We elected to readminister passages, rather 
than supplement with another vendor’s pas-
sages, because passages assigned the same 
grade-level difficulty across CBM vendors 
are not necessarily functionally equivalent 
(Ardoin & Christ, 2009; Ford et al., 2017).

Readministering passages increases the 
potential for practice effects (Jenkins et al., 
2005). However, the evidence suggests that 
practice effects are negligible after a 10-week 
interval between initial and follow-up admin-
istration (Jenkins et al., 2005). The majority of 
our sample did not begin repeating passages 
until 12 weeks had passed. For the 25.49% of 
students reading at a first-grade instructional 
level, repeated reading of passages began in 
the third passage of the 8th week. Results from 
a t test indicated that the mean difference 
between TG for students reading at a second- 
to fourth-grade level versus a first-grade level 
was not statistically significant, t(49) = 1.60,  
p = .12. The difference between TG for stu-
dents reading at a second- to fourth- versus a 
first-grade level was d = 0.28, indicating that 
students reading at a first-grade instructional 
level, on average, demonstrated poorer growth 
than students reading at higher levels. These 
data suggest minimal risk of practice effect.

Procedures

Three graduate student research assistants 
(RAs; two female) served as examiners for 
this study. We trained all RAs in administer-
ing and scoring CBM. The 1.5-hr training 
included a written and verbal overview of the 
CBM protocols, supervised practice, and an 
administration checkout. All RAs obtained 
98% accuracy or greater on scoring WRC.

Data collection began in the second week 
of January. During the first week, RAs deter-
mined students’ instructional reading level 
by administering passages at the teacher-rec-
ommended instructional level. If the stu-
dent’s median score for these three passages 
was not between the 10th and 50th percen-
tiles, the RA administered passages at the 
next lower or higher grade level until reach-
ing the 10th-to-50th-percentile criterion. 
RAs followed this procedure to place stu-
dents in an instructional level that was appro-
priate for PM. Note that we did not use a 
traditional definition of instructional level 
(i.e., 93% to 97% accuracy; Gickling & Arm-
strong, 1978; Treptow et al., 2007). Instead, 
our procedures were in line with Jenkin 
et al.’s (2017) rationale, which emphasized 
the need to ensure sensitivity to growth in 
PM data (Filderman & Toste, 2017).

The data from the passages corresponding 
to the students’ identified instructional level 
were used as the student’s first three data 
points. In subsequent weeks, RAs adminis-
tered the remaining AIMSweb passages at 
each student’s instructional level. After base-
line week, RAs administered three randomly 
ordered CBM passages a week to each student 
for 13 additional weeks of data collection 
from January to April. We assigned each stu-
dent a consistent testing day in the middle of 
each week. If a student was absent, RAs 
returned on Friday for makeup assessments 
(Mondays during weeks without school on 
Friday). There was a 1-week break from data 
collection (between Weeks 9 and 10) during 
the district’s spring break.

RAs audio recorded each test administra-
tion. Students read a student version of the 
passage, and RAs recorded student responses 
on the examiner version, which included a 
word count along the margins. Consistent 
with the original study’s procedures, RAs told 
participants the following:

It’s time for a short reading check. I’m using a 
timer to remind me how long we need to 
listen. When we say ‘please begin’ start 
reading here [pointing to the first word of the 
passage]. Your job is to do your best reading. 
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Do you have any questions? [Pause]. Okay, 
please begin. (Jenkins et al., 2017, p. 46)

RAs began the timer when the student read 
the first word of the passage. Students read for 
1 minute, and RAs recorded errors (i.e., mis-
pronunciations, skipped words, and hesita-
tions >3s). In the case of hesitations, RAs 
provided students with the word after 3 s. RAs 
did not count self-corrections or insertions as 
errors. At the end of the minute, RAs noted 
the last word students read. Then, they admin-
istered the next CBM passage. Upon adminis-
tering the three passages for the week, RAs 
thanked the student and returned them to their 
classroom. RAs recorded the total number of 
words the students read, the number of errors, 
and the WRC. They calculated the WRC by 
subtracting the number of errors from the total 
words read in the minute.

A second scorer used the paper records and 
rescored each of these passages for interscorer 
reliability of WRC scores. Interscorer reliabil-
ity was high (96.08%). RAs also blindly and 
independently double-scored a random sam-
ple of 30% of probes from audio to assess 
interobserver reliability. Following Jenkins 
et al.’s (2017) protocol, we calculated interob-
server reliability by dividing the lower by the 
higher WRC score from the lead and reliabil-
ity data. We averaged these values across all 
reliability passages. Interobserver agreement 
was high (97.18%).

Participating schools were also conduct-
ing PM of students with a variety of assess-
ments. To account for instructional changes 
that teachers may have made in relation to 
these data, teachers completed a survey of 
reading instruction three times across the 
study. On this survey, teachers provided 
information about students’ reading instruc-
tion (e.g., session length and frequency, 
grouping type, and time dedicated to each 
area of reading instruction).

Design and Analysis

Replicated Analyses. We conducted the same 
primary data analyses as those employed by 
Jenkins and colleagues (2017). Prior to 

conducting the analyses, we cleaned the 
data by excluding data of participants who 
missed more than 1 week of data collection, 
replicating the original study’s procedures. 
We conducted all analyses in Stata/SE 14.0 
(StataCorp, 2015).

Growth estimates and PM schedules. We 
conducted an ordinary least squares (OLS) 
regression using all 42 CBM data points to 
obtain a TG estimate for each student. To 
account for each data point, we followed 
Jenkins and colleagues’ (2017) procedure of 
using individual scores in all slope calcula-
tions, adding 0.003 days (5 min) to the day-
of-administration variable for each additional 
measure administered in the same day.

We also calculated weekly slopes for all 
PM schedules by running the OLS regression 
with the available data that (a) had been col-
lected up to that point in time and (b) fit the 
respective PM schedule. We included the 
three baseline probes in calculating the weekly 
slopes for all intermittent PM schedules “to 
achieve a reliable estimate of baseline perfor-
mance and ensure a common starting point” 
(Jenkins et al., 2017, p. 46). We examined the 
same intermittent PM schedules analyzed by 
Jenkins and colleagues (2017), which included 
(a) one CBM weekly, using the first passage 
administered each week; (b) two CBMs every 
2 weeks, using the first two passages adminis-
tered in Weeks 2, 4, 6, 8, 10, and 12; (c) three 
CBMs every 3 weeks, using all CBMs admin-
istered in Weeks 3, 6, 9, and 12; (d) three 
CBMs every 4 weeks, using all CBMs admin-
istered in Weeks 4, 8, and 12; (e) three CBMs 
every 5 weeks, using all CBMs administered 
in Weeks 5 and 10; and (f) three CBMs every 
6 weeks, using all CBMs administered in 
Weeks 6 and 12.

Assessing adequacy of student growth. After 
conducting all OLS regressions, we assessed 
the adequacy of student growth as determined 
by TG (the slope that took into account all 
42 CBM probes). If a student’s TG slope met 
or exceeded the goal of 1.0 WRC per week, 
that student would have been designated  
as demonstrating adequate growth. If the 
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student’s TG slope was less than 1.0-WRC 
increase per week, that student would have 
been designated as demonstrating inadequate 
growth. We created a dichotomized “adequate 
growth” variable to indicate the adequacy 
of each student’s TG (1 = adequate growth;  
0 = inadequate growth). Next, we assessed 
the adequacy of each student’s growth as 
determined by the weekly slopes from the rel-
evant PM schedules each week. We created a 
dichotomized adequate-growth variable for 
each of these weekly slopes as well.

Decision accuracy. We compared the dichot-
omized adequate-growth variable for each 
PM schedule’s weekly slope with the dichoto-
mized adequate-growth variable for TG and 
determined whether the values matched or 
not. Matched decisions indicated that both the 
weekly slope and TG determined adequate 
or inadequate growth. Mismatched decisions 
occurred when the PM schedule’s weekly 
slope indicated adequate growth but TG indi-
cated inadequate growth (a missed nonre-
sponder) or vice versa (a missed responder). 
We created a “decision match” variable. 
Finally, we determined decision accuracy by 
calculating the proportion of matched deci-
sions for each PM schedule across students.

Other Jenkins et al. (2017) data analyses.
Following Jenkins et al.’s (2017) procedure, 
we ran a binomial test for each schedule’s 
decision accuracy by week to calculate 
whether obtaining each accuracy level or 
higher was significantly above chance (i.e., 
50%). We also calculated the correlation 
between (a) TG slopes and student grade level 
and (b) TG slopes and student instructional 
level. We ran descriptive statistics to report 
the sample's average TG slopes, the standard 
deviation of those slopes, and the skewness of 
the distribution of the TG slopes across par-
ticipants. Last, we calculated the number of 
participants failing to achieve the TG goal rate 
of 1.0-WRC increase or greater per week 
across study weeks.

Supplemental Data Analyses. We extended 
Jenkins et al.’s (2017) analyses by calculating 

weekly slopes and assessing the accuracy of 
three additional PM schedules. These included 
alternative versions of the weekly PM sched-
ule (i.e., using the second or third CBM 
administered each week) and one CBM every 
2 weeks (using the first passage administered 
in Weeks 2, 4, 6, 8, 10, and 12).

We also conducted two supplemental anal-
yses that extended the work of Jenkins and 
colleagues (2017). First, we ran point biserial 
correlations to determine whether there was a 
significant correlation between teacher-
reported instructional changes and students’ 
TG slope. We ran the point biserial correla-
tions at the study’s midpoint (i.e., after Week 
6) and again at the study’s conclusion (i.e., 
after Week 13). For the final week, we calcu-
lated two point biserial correlations: (a) 
between students’ TG slope and teacher-
reported instructional changes between the 
midpoint and final survey and (b) between 
students’ TG slope and teacher-reported 
instructional changes at any time in the study. 
In the event of a significant association 
between teacher-reported instructional 
changes and TG slope, we planned to control 
for teacher-reported instructional changes in 
the primary OLS regression analyses.

Results

Over the 14-week period, the sample’s mean 
TG was 0.84 words per week (SD = 0.55). 
The distribution of TG slopes across partici-
pants was approximately symmetrical, with a 
nonsignificant skewness of 0.22. Although the 
majority (68.63%) of the current sample failed 
to achieve the goal growth rate, TG was not 
significantly correlated with grade (r = .04) 
or instructional reading level (r = .17).

Teachers reported providing reading inter-
vention to students 5 days a week (session 
length M = 45.34 min, SD = 15.34 min) in 
small groups (M = 4.14 students). Addition-
ally, teachers reported that their instruction 
focused primarily on reading comprehension 
(M = 29.75% of time), fluency (M = 26.30% 
of time), and phonics-based instruction (M = 
22.61% of time). Teachers reported changing 
the reading instruction (intervention context, 
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grouping, or reading emphasis) for 21 stu-
dents (41.18%) on at least one of their com-
pleted surveys. The results of the point biserial 
correlation tests indicated that there was not a 
significant relation between students’ TG and 
teacher-reported instructional changes 
between Weeks 1-6, between Weeks 7-12, or 
across the entire study duration. Therefore, we 

did not control for instructional changes in our 
analyses.

Decision Accuracy

Figure 1 shows the decision accuracy of PM 
schedules across the weeks of the study.  
The accuracy of the traditional weekly PM 

Figure 1. Decision accuracy across progress-monitoring (PM) schedules. The data for the weekly (first 
probe) PM schedule are on each graph for ease of comparison with other PM schedules.
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schedule (weekly [first probe]) is represented 
in each of the graphs as a comparison for each 
of the alternative PM schedules analyzed. For 
all PM schedules, decision accuracy increased 
across time, though imperfectly due to vari-
ability of accuracy across weeks for each PM 
schedule. Table 4 shows the accuracy of PM 
schedules across the weeks of the study. Each 
week, we sorted accuracy from most to least 
accurate and shaded the traditional, weekly 
PM schedule row gray. Table 4 also shows the 
percentage overlap between the 39 TG pas-
sages administered after baseline and the 
number of passages contributing to each PM 
schedule’s weekly slope calculations. Finally, 
Table 4 reports the results of the binomial 
tests.

Jenkins et al. (2017) defined a contrast as 
each comparison between the weekly PM 
schedule and any intermittent PM schedule 
assessed in the same week. The results indi-
cated that intermittent PM schedules were at 
least as accurate as the weekly PM schedule in 
12 of the 15 contrasts from Week 4 on (the 
weeks Jenkins et al. also reported). Of those 15 
contrasts, however, only seven included at least 
one of the comparison schedules reaching the 
minimum threshold of 70% accuracy. In six of 
the seven contrasts in which at least one of the 
contrasted schedules reached the 70% accuracy 
threshold, the intermittent schedules were more 
accurate than the weekly schedule. In five con-
trasts, at least one of the schedules reached the 
75% accuracy threshold. In all of these con-
trasts, the intermittent PM schedule was more 
accurate than the weekly schedule.

We descriptively examined the types of 
errors in PM schedules’ data. We tracked the 
instances in which a PM schedule misidenti-
fied a student whose TG data showed inade-
quate growth (missed nonresponder) and the 
instances in which a PM schedule misidenti-
fied a student whose TG data showed ade-
quate response (missed responder). Of the 
mismatched decisions, 63.39% were instances 
in which a PM schedule missed a nonre-
sponder. For nearly every week and PM 
schedule, there was a higher prevalence of 
missed nonresponders versus missed respond-
ers. A figure with these data is available online 
in supplemental materials.

We ran the analyses on three additional PM 
schedules (i.e., every week [second probe], 
every week [third probe], and one every 2 
weeks) not explored by Jenkins and col-
leagues (2017). The three different simulated 
“weekly” PM schedules, which accounted for 
either the first, second, or third passage 
administered each week, demonstrated simi-
lar decision accuracy relative to each other. 
Each of the weekly PM schedules demon-
strated superior accuracy compared to one 
another in four of the 12 weeks. Additionally, 
the one-every-2-weeks PM schedule, which 
was the schedule used by approximately half 
of the participating special education teachers 
for school-based PM assessments, was more 
accurate than the traditional, weekly PM 
schedule in 3 of the 6 applicable weeks, 
equally accurate in 1 week, and less accurate 
in 2 weeks.

Timeliness

Table 5 shows the number of weeks it took 
each PM schedule to reach 70% and 75% 
accuracy the first time and compares those 
results to the original study’s results. The 
every-3-weeks PM schedule reached 70% 
accuracy the earliest (Week 9) and reached 
75% the next time that schedule was assessed 
(Week 12). The majority of the PM schedules 
reached 70% and 75% accuracy between 
Weeks 10 and 12, though the weekly (first 
probe) PM schedule never reached 75% accu-
racy. Neither the every-4-weeks nor the one-
every-2-weeks schedule reached either 
accuracy threshold.

Discussion

The purpose of this study was to replicate and 
extend the work of Jenkins and colleagues 
(2017). We explored the relative accuracy and 
timeliness of PM schedules with a sample of 
51 second to fourth graders receiving special 
education services. Overall, results demon-
strated that intermittent PM schedules  
had greater accuracy and better timeliness 
compared with weekly PM schedules in 
almost all incidences, replicating the conclu-
sions asserted by Jenkins et al.
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Table 4. PM Schemes for Decision Points: Most to Least Accurate.

Decision point:  
PM schedule

Accuracy 
(%)

Jenkins et al. (2017) 
accuracy

Score 
overlap (%)

Current sample 
slope, M (SD)

True growth N/A N/A N/A 0.84 (0.55)

Deciding at Week 1  
 Weekly (second probe) 52.0 N/A 2.6 1.08 (11.37)

 Weekly (first probe) 50.0 NR 2.6 -0.78 (11.23)

 Weekly (third probe) 48.0 N/A 2.6 5.77 (15.29)
Deciding at Week 2  
 1 every 2 weeks 64.0* N/A 2.6 0.44 (5.74)

 Weekly (first probe) 62.0 NR 5.1 0.30 (5.47)

 2 every 2 weeks 62.0 NR 5.1 1.02 (4.36)
 Weekly (second probe) 56.0 N/A 5.1 1.53 (4.75)
 Weekly (third probe) 54.0 N/A 5.1 0.93 (4.85)
Deciding at Week 3  

 Weekly (first probe) 50.0 NR 7.7 1.61 (3.60)

 Weekly (third probe) 50.0 N/A 7.7 0.46 (3.59)
 3 every 3 weeks 50.0 NR 7.7 0.94 (3.30)
 Weekly (second probe) 46.0 N/A 7.7 0.63 (4.48)
Deciding at Week 4  
 3 every 4 weeks 68.6** 71.4** 7.7 0.99 (2.88)
 Weekly (second probe) 66.7* N/A 10.3 0.86 (3.42)
 1 every 2 weeks 64.7* N/A 5.1 0.69 (4.31)

 Weekly (first probe) 62.7* 64.3* 10.3 1.15 (3.18)

 Weekly (third probe) 62.7* N/A 10.3 0.79 (2.73)
 2 every 2 weeks 62.7* 66.1* 10.3 0.89 (3.30)
Deciding at Week 5  
 Weekly (second probe) 62.7* N/A 12.8 0.96 (3.11)
 3 every 5 weeks 62.7* 71.4** 7.7 0.91 (2.36)

 Weekly (first probe) 58.8 58.9 12.8 0.86 (2.54)

 Weekly (third probe) 58.8 N/A 12.8 0.88 (2.65)
Deciding at Week 6  
 Weekly (third probe) 64.0* N/A 15.4 1.03 (2.33)
 2 every 2 weeks 60.0 73.2** 15.4 0.38 (2.29)
 1 every 2 weeks 60.0 N/A 7.7 0.41 (2.90)
 3 every 3 weeks 60.0 76.8** 15.4 0.62 (2.10)
 3 every 6 weeks 60.0 78.7** 7.7 0.62 (2.11)
 Weekly (second probe) 56.0 N/A 15.4 0.62 (2.35)

 Weekly (first probe) 54.0 66.1* 15.4 0.57 (2.23)

Deciding at Week 7  
 Weekly (second probe) 71.4** N/A 17.9 0.81 (1.98)

 Weekly (first probe) 65.3* NR 17.9 0.78 (1.79)

 Weekly (third probe) 61.2 N/A 17.9 0.94 (2.36)
Deciding at Week 8  

 Weekly (first probe) 64.7* 71.4** 20.5 0.56 (1.51)

 Weekly (second probe) 62.7* N/A 20.5 0.84 (1.75)
 2 every 2 weeks 62.7* 73.2** 20.5 0.56 (1.61)
 3 every 4 weeks 62.7* 67.9* 15.4 0.82 (1.50)
 Weekly (third probe) 60.8 N/A 20.5 0.94 (1.95)
 1 every 2 weeks 58.8 N/A 10.3 0.39 (1.93)

(continued)
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Table 5. Time to Accuracy Thresholds.

PM schedule

Time to accuracy threshold in weeks

70% accuracy 75% accuracy

Current Jenkins et al. (2017) Current Jenkins et al. (2017)

Weekly (first probe) 11 8 Never 10
Weekly (second probe) 12 N/A 12 N/A
Weekly (third probe) 10 N/A 10 N/A
2 every 2 weeks 10 6 10 10
1 every 2 weeks Never N/A Never N/A
3 every 3 weeks 9 6 12 6
3 every 4 weeks Never 4 Never 12
3 every 5 weeks 10 5 10 Never
3 every 6 weeks 12 6 12 6

Decision point:  
PM schedule

Accuracy 
(%)

Jenkins et al. (2017) 
accuracy

Score 
overlap (%)

Current sample 
slope, M (SD)

True growth N/A N/A N/A 0.84 (0.55)

Deciding at Week 9  
 3 every 3 weeks 72.5** 76.8** 23.1 0.80 (1.11)
 Weekly (third probe) 66.7* N/A 23.1 0.98 (1.39)
 Weekly (second probe) 62.7* N/A 23.1 0.92 (1.24)

 Weekly (first probe) 58.8 66.1* 23.1 0.49 (1.29)

Deciding at Week 10  
 Weekly (third probe) 76.5** N/A 25.6 0.84 (1.09)
 2 every 2 weeks 76.5** 76.8** 25.6 0.63 (0.94)
 3 every 5 weeks 76.5** 73.2** 15.4 0.67 (0.89)
 Weekly (second probe) 68.6** N/A 25.6 0.90 (0.93)

 Weekly (first probe) 66.7* 75* 25.6 0.49 (1.12)

 1 every 2 weeks 66.7* N/A 12.8 0.46 (1.36)
Deciding at Week 11  

 Weekly (first probe) 72.5** NR 28.2 0.55 (0.93)

 Weekly (third probe) 72.5** N/A 28.2 0.91 (0.89)
 Weekly (second probe) 68.6** N/A 28.2 0.92 (0.84)
Deciding at Week 12  
 Weekly (third probe) 83.3** N/A 30.8 0.96 (0.82)
 3 every 3 weeks 81.3** 89.3** 30.8 1.01 (0.90)
 Weekly (second probe) 77.1** N/A 30.8 1.03 (0.82)
 3 every 6 weeks 77.1** 83.9** 15.4 1.09 (1.05)
 2 every 2 weeks 75.0** 83.9** 30.8 0.89 (0.87)

 Weekly (first probe) 70.8** 78.6** 30.8 0.66 (0.89)

 1 every 2 weeks 68.8** N/A 15.4 0.68 (1.15)
 3 every 4 weeks 68.8** 83.9** 23.1 1.00 (2.96)

Note. Shaded area indicates the results of the traditional, weekly curriculum-based measurement schedule. PM = 
progress monitoring. Score overlap = number of PM scores following baseline/true growth scores (n/39). Italicized 
PM schedules indicate additional schedules not evaluated by Jenkins et al. (2017).
*p < .05. **p < .01. Binomial test; no correction for multiple tests.

Table 4. (continued)
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Does Intermittent PM Undermine 
Decision Accuracy?

Of the schedules also evaluated by Jenkins 
et al. (2017), there was 0% to 14.5% differ-
ence between the most and least accurate 
schedule in a week. Intermittent PM sched-
ules were at least as accurate as the traditional, 
weekly PM schedule in the majority of weeks 
and in the majority of weekly versus intermit-
tent contrasts. Further, as Jenkins et al. 
reported, the every-3-weeks PM schedule 
either tied for or was the most accurate sched-
ule across all relevant weeks (see Table 4). 
These results are in line with our initial 
hypothesis that decision-making accuracy 
from intermittent PM would be indetermi-
nately different from that of weekly PM. 
These results provide preliminary evidence 
for the comparability of intermittent and 
weekly PM schedules. Note, we used all 42 
CBM probes to calculate each student’s TG 
slope. We calculated each student’s weekly 
slope by using the relevant subset of probes 
from the same pool of 42 probes. Thus, the 
overlap between data used to calculate TG 
and weekly slopes increased across time (see 
Table 4). This overlap contributed, in part, to 
the improved decision accuracy of every PM 
schedule over time.

Intermittent PM schedules were at 
least as accurate as the traditional, 
weekly PM schedule in the majority 

of weeks

We extended the first research question by 
considering whether the comparability of 
weekly versus intermittent PM schedules dif-
fered when considering only comparisons of 
schedules in which at least one schedule met 
an a priori accuracy threshold of 70% or 75%. 
Fewer than half of the weekly-versus-inter-
mittent PM schedule contrasts (n = 7) 
included at least one of the comparison sched-
ules reaching the minimum 70% accuracy 
threshold. In all but one of those contrasts, the 
intermittent schedule was more accurate than 
the weekly schedule. Even fewer contrasts 
included at least one of the comparison sched-
ules reaching the 75% accuracy threshold; 

however, in all five of those contrasts, the 
intermittent PM schedule was more accurate 
than the weekly schedule. Although these 
descriptive results do not originate from a sta-
tistical test comparing PM schedules, it pro-
vides preliminary evidence that counters our 
hypothesis that decision-making accuracy 
from intermittent PM would be indetermi-
nately different from that of weekly PM. 
Instead, these results suggest intermittent PM 
schedules may be more accurate than weekly 
PM schedules when considering a priori accu-
racy thresholds.

These results may be driven by the nature 
of the PM schedules themselves, given that 
weekly PM schedules used only a single data 
point each week. Using only a single data 
point each week makes these data more sensi-
tive to the fallibility of the assessment and 
testing context (e.g., variability in CBM pas-
sages and contextual differences between ses-
sions) compared to PM schedules that 
aggregate multiple data points within a week 
(see Yoder et al., 2018, p. 56). It is possible 
that this aggregation effect factors into the 
finding in both the current and original study 
that the every-3-weeks PM schedule—which 
accounted for the same number of passages as 
the weekly schedule—was consistently more 
accurate than the weekly schedule.

Do Students Perform More Poorly 
on Initial Passages Administered?

Jenkins et al. (2017) asserted that it is possible 
intermittent PM schedules outperformed the 
weekly PM schedule because students may 
perform more poorly on initial passages 
administered in a week compared to later pas-
sages. We examined alternative weekly PM 
schedules using the second and third probe 
given each week. The three versions of the 
weekly PM schedule had comparable accu-
racy (see Figure 1). These results suggest that 
the poorer accuracy of the weekly versus 
intermittent PM schedules may relate to pas-
sage variability, the effect of which can be 
attenuated by aggregating data at a given time 
point. This hypothesis aligns with the princi-
ple of aggregation in classical measurement 
theory in that aggregating “a set of multiple 
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measurements is a more stable estimator than 
any single measurement” (Yoder et al., 2018, 
p. 56).

How Many Weeks of PM Are 
Needed for Decision Making?

Overall, it took most PM schedules 9 to 12 
weeks to reach the 70% and 75% accuracy 
thresholds explored by Jenkins and col-
leagues (2017). This length of time was 2 to 
3 weeks longer than the amount of time we 
hypothesized it would take PM schedules to 
reach each accuracy threshold. It was also a 
longer amount of time than Jenkins and col-
leagues reported it took PM schedules to 
reach the same accuracy thresholds for their 
sample. The results of the current study are 
in line with previous research suggesting that 
longer durations of PM reduced the standard 
error of slopes and corresponding confidence 
intervals in CBM, particularly in assessment 
contexts that were less optimally controlled, 
such as classrooms with other activities hap-
pening while test administration is occurring 
(Christ, 2006).

Our results, however, should be couched 
in a broader consideration of whether these 
thresholds are the most appropriate or desir-
able thresholds to consider. For the purpose 
of replication, we used the same accuracy 
thresholds that Jenkins et al. (2017) used. 
There is a need to explore the most “reason-
able criterion” (Jenkins et al., 2017, p. 50) 
for sufficient accuracy required for data-
based decision making, such that special 
educators may be able to assess student 
response to interventions and make data-
based decisions as quickly as possible while 
remaining confident that the data reflect stu-
dents’ true performance.

We extended the second research question 
by considering whether the time it took inter-
mittent PM schedules to reach each accuracy 
threshold was within 2 weeks of the time it 
took weekly PM schedules to reach the same 
accuracy threshold. The time it took intermit-
tent PM schedules to reach the 70% accuracy 
threshold was less than or within 2 weeks of 
the time it took the weekly PM schedule to 
reach the same accuracy threshold in nearly 

every instance (see Table 5). The time it took 
intermittent PM schedules to reach the 75% 
accuracy threshold was also less than or 
within 2 weeks of the time it took the weekly 
PM schedule to reach the higher accuracy 
threshold in all instances where this compari-
son was possible to assess (see Table 5). It was 
not possible to make all higher-accuracy-
threshold comparisons, however, because the 
weekly PM schedule (and some intermittent 
PM schedules) never reached 75% accuracy.

Do the Results of This Study 
Replicate the Original Findings?

Jenkins and colleagues (2017) concluded that 
intermittent PM schedules were at least as 
accurate as weekly PM schedules across all 
weeks of the study. The results of this study 
replicated those initial findings. Jenkins et al. 
also found that it took intermittent PM sched-
ules 4 to 6 weeks to reach 70% accuracy and 6 
to 12 weeks for all intermittent PM schedules 
(except the every-5-weeks schedule) to reach 
75% accuracy. Jenkins et al. found that the 
weekly PM schedule took 8 and 10 weeks to 
reach 70% and 75% accuracy, respectively. In 
this replication study, PM schedules took lon-
ger than reported by Jenkins et al. to reach 
accuracy thresholds (by more than 2 weeks) in 
nearly all instances (see Table 5). Despite this 
difference, the results of this study similarly 
suggest little evidence of delayed decisions 
due to intermittent schedules, if timeliness is 
defined as the number of weeks it takes PM 
schedules to reach accuracy thresholds. These 
findings also do not appear to be influenced 
by teacher-reported instructional changes, as 
the results of the point biserial correlation 
tests indicated no need to account for these 
changes in our analyses.

How Does This Study Compare to 
Jenkins et al. (2017)?

There were a few differences between the cur-
rent study and Jenkins et al.’s (2017) study 
(see Table 2). First, there were dissimilarities 
in the sample that are important to note. 
Despite our recruitment efforts, our final sam-
ple was slightly smaller than Jenkins et al.’s 
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final sample (51 vs. 56 students), though we 
recruited a similar number of students initially 
(64 vs. 66). The sample of students recruited 
for this study consisted of students from tran-
sient families with histories of frequent 
moves, students who demonstrated chronic 
absenteeism, and students who experienced 
instability in home life (e.g., placement into 
foster care). As a result, there was a higher 
attrition rate in this study than in Jenkins and 
colleagues’ study (20.31% vs. 15.15% attri-
tion). These factors also potentially relate to 
the greater proportion of students who missed 
1 week of data collection in this sample com-
pared to the original study’s final sample 
(17.65% vs. 8.93%). Although the t test indi-
cated that the difference in TG for students 
with incomplete versus complete data was not 
significant, there was an effect size difference 
of d = −0.28 between the groups. With a 
larger sample size and greater power, we 
likely would have detected a significant dif-
ference between these groups of students. 
Because we targeted recruitment in local ele-
mentary schools, the current sample had a 
lower average grade level (3.25 vs. 4.23) and 
instructional reading level (1.90 vs. 2.80 grade 
equivalent) compared to the Jenkins and col-
leagues’ sample. Further, the students in our 
sample were identified with a more diverse 
range of disabilities compared with Jenkins 
and colleagues’ sample (see Table 1).

There were also differences in the results 
from both studies. First, Jenkins et al. (2017) 
reported overall higher decision accuracy for 
PM schedules than the decision accuracy of 
the PM schedules for the current sample’s 
data (see Table 4). These differences in accu-
racy contributed to the greater statistical sig-
nificance of the binomial tests Jenkins et al. 
conducted as well as the increased time it took 
each schedule to reach accuracy thresholds 
(see Table 5) for the current study. The 
increased time to reach the accuracy thresh-
olds in the current study compared to the 
reported time in Jenkins et al. is perhaps the 
most important difference between the two 
studies. For example, it took most PM sched-
ules 9 to 12 weeks to reach 70% accuracy in 
the current study, compared to 4 to 6 weeks 
for Jenkins et al. This difference has signifi-

cant practical implications regarding the num-
ber of weeks teachers need to collect CBM 
data before making instructional decisions.

it took most PM schedules 9 to 12 
weeks to reach 70% accuracy in the 

current study, compared to 4 to 6 
weeks for Jenkins et al.

It is possible that the differences in these 
results stem from the variability in the two 
study samples, particularly related to each sam-
ple’s prevalence of inadequate response. A 
larger proportion of the current sample failed to 
achieve the goal rate of growth (68.63% vs. 
45% of Jenkins et al.’s [2017] sample). This 
greater proportion of inadequate response is 
also reflected in the mean TG rate for this sam-
ple (M = 0.84, SD = 0.55) compared to the 
mean TG rate reported by Jenkins et al. (2017; 
M = 1.12, SD = 0.88). Despite the prevalence 
of inadequate response for students in the cur-
rent sample, the special educators reported rel-
atively few instructional changes for students 
(n = 21; 41.18%), with four of the reported 
changes relating to students receiving instruc-
tion from a substitute after the teacher went on 
medical leave. These results are in line with 
previous evidence that suggests teachers strug-
gle to adequately or effectively use CBM data 
to inform instruction (Stecker et al., 2005).

Limitations

Several limitations are worth considering. 
First, we readministered passages once stu-
dents read through the full set of available pas-
sages at their instructional level. Previous 
research suggests that practice effects are 
diminished after 10 weeks (Jenkins et al., 
2005). The t test results indicated that TG for 
students reading first-grade passages, who read 
repeated passages prior to the 10-week mark, 
was not significantly different than the TG for 
students reading at a higher level. Even so, the 
risk of practice effects remains a limitation.

Second, using the same assessment data to 
estimate TG and weekly slopes for each PM 
schedule led to score overlap between the data 
used for the PM schedules’ weekly slopes and 
the data used to calculate TG slopes. Score over-
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lap makes it challenging to ascertain what pro-
portion of the variance of each PM schedule’s 
accuracy should be attributed to score overlap 
and what proportion should be attributed to the 
diagnostic adequacy of the schedule itself. Using 
a completely independent set of passages to esti-
mate TG would be preferable. However, using a 
different set of passages to estimate TG intro-
duces the additional question of equivalency of 
CBM passages and the comparability of student 
growth on those passages across vendors (see 
Ardoin & Christ, 2009; Ford et al., 2017).

Third, a few factors impact the generaliz-
ability of the findings. There were recruitment, 
attrition, and student attendance issues that 
impacted the final sample size. In addition, 
Jenkins et al. (2017) did not report the same 
demographic characteristics of their sample as 
we did (see Table 1). Therefore, we are limited 
in the conclusions we can draw about our find-
ings compared to those of Jenkins and col-
leagues’ study. Generalizability is also limited 
because some of the PM schedules never 
reached the a priori accuracy thresholds in the 
weeks of data collection, due to the relatively 
lower decision accuracy of the PM schedules 
for the current sample compared to the accu-
racy of PM schedules for students in the origi-
nal study. Extending the number of weeks of 
data collection would have allowed for consid-
eration of timeliness more completely.

Next Steps

Due to the limitations, we caution against 
broad assertions that special educators should 
adopt intermittent PM schedules to ease the 
burden of assessment time. Research is needed 
to explore these research questions further. 
Additional research in the area of CBM will 
contribute to the development of specific, evi-
dence-based criteria for CBM use in schools 
that address the need for both accuracy and 
timeliness in data-based decision making.

Additional research in the area of 
CBM will contribute to the 

development of specific, evidence-
based criteria for CBM use in 

schools that address the need for 

both accuracy and timeliness in 
data-based decision making.

First, researchers should examine the 
potential relation between underlying preva-
lence of inadequate response and PM sched-
ules’ decision accuracy. Our results 
demonstrated lower accuracy rates across PM 
schedules than reported by Jenkins et al. 
(2017), but the lower accuracy may be due to 
higher rates of inadequate growth. Our sample 
had a much higher base rate, or prevalence, of 
nonresponders (i.e., students for whom inter-
vention is not adequately working). Perhaps 
related to this high base rate, the majority of 
the errors of PM schedules in this study 
involved missed nonresponders. This error is 
problematic because the primary purpose of 
monitoring students’ progress is to identify 
nonresponders and provide students with 
appropriately intensified instruction. It is pos-
sible that guidelines for PM schedules’ accu-
racy criteria may need to be calibrated 
differently for different samples. For example, 
teachers in schools with high base rates of 
inadequate response may need to consider dif-
ferent PM schedules than those in schools 
with lower base rates of inadequate response. 
Depending on the student population within a 
school, teachers may also need to supplement 
CBM with other measures to increase classifi-
cation accuracy of PM schedules in the same 
way that two-stage gated screening proce-
dures can increase classification accuracy of 
screening measures (Compton et al., 2010).

These sample-specific factors related to 
CBM could be explored through CBM demon-
stration studies that manipulate base rates 
across large samples. Exploring the effect of 
prevalence would allow for a more nuanced 
understanding of PM schedules’ adequacy in 
identifying student growth. These factors could 
also be explored through additional CBM-
related replication studies. Such research could 
explore the sensitivity, specificity, positive pre-
dictive value, and negative predictive value of 
different PM schedules, thereby deepening the 
understanding of each PM schedule’s diagnos-
tic ability. These data for our sample are avail-
able from the first author. Future studies could 
also explore the value added that supplement-
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ing CBM with other measures could have in 
identifying nonresponsive students. Additional 
research in these areas would allow for a 
nuanced look into the factors necessary to con-
tribute to increased accuracy of PM schedules, 
even for samples with high base rates of inad-
equate responses, such as the sample in the cur-
rent study.

Second, future research should consider the 
ways in which PM decisions may depend on 
student or skill-based characteristics. An over-
arching goal of 1.0-WRC increase per week 
may not be appropriate for all students, depend-
ing of instructional reading level or severity of 
disability. Applying an intra-individual frame-
work for goal setting (M. Hosp et al., 2016), 
which accounts for students’ baseline perfor-
mance levels and rates of growth in calculating 
individualized goal rates of growth, may be 
more appropriate. Future analyses could con-
sider this alternative approach to goal setting 
and examine the effect it has on the accuracy of 
PM schedules. Future research should also 
explore whether results replicate across other 
reading CBMs (e.g., phoneme-segmentation 
fluency, word-reading fluency) or other aca-
demic domains (e.g., mathematics). Future 
studies in this area would provide a comprehen-
sive view of PM schedule accuracy, indepen-
dent of the specific skill assessed, and would 
help determine whether recommendations for 
PM schedule adoption in schools should differ 
depending on the target skills assessed.

Third, future research could focus on better 
understanding the amount of data needed for 
teachers to make decisions related to student 
responsiveness. Our results indicate that it 
takes PM schedules 9 to 12 weeks to reach 
accuracy thresholds, which may lead to 
extended exposure to ineffective instruction for 
students requiring instructional adaptations. 
Previous research has found that Tier 2 PM 
data may not be necessary to accurately predict 
first graders likely to be nonresponders to Tier 
2 instruction; instead, a battery of earlier data 
(i.e., from screening, Tier 1, behavior ratings, 
and standardized measures) sufficiently pre-
dicted inadequate response (Compton et al., 
2012). These results suggest the possibility of 
using such data to fast-track potential nonre-
sponders immediately to Tier 3 instruction. It is 

possible that a similar battery of assessment 
data could be used to identify nonresponders to 
special education interventions more rapidly 
and accurately than our results indicated was 
possible for our sample across schedules.

Last, future research should consider alter-
native definitions of “timeliness.” We used Jen-
kins et al.’s (2017) definition of timeliness (i.e., 
the number of weeks it took different PM 
schedules to reach decision accuracy thresh-
olds). Timeliness could alternatively be defined 
as the amount of time it takes PM schedules to 
identify inadequately responding students, 
based on TG’s determination of inadequate 
response. This definition would serve as an 
index for the decision-making discrepancy 
between different PM schedules. This alterna-
tive timeliness index and the alternative way to 
assess PM schedules’ effectiveness may be two 
ways to capture an important aspect of CBM 
data collection: the use of available data to 
make timely instructional changes, especially 
for nonresponders. Research in these areas 
would address the core purpose of CBM and 
provide educators with accurate, actionable 
data as soon as possible for these students.

Conclusion

Given current initiatives to expand the use of 
data-based decision-making frameworks in 
schools (Lemons et al., 2019), the work of this 
replication study is important and has the 
potential to make an impact in the field of spe-
cial education. The findings of this study, in 
conjunction with the results reported by Jen-
kins et al. (2017), demonstrate the value of 
conducting replication research (i.e., docu-
menting similarities and differences in find-
ings across studies) and provide an important 
empirical rationale for future investigations 
into PM schedules. Such work could serve as 
a foundation for the future development of 
teacher-level interventions aimed at improv-
ing the inadequate prevalence of data-based 
decision making in schools today. It is only 
through addressing these issues that we may 
influence teachers’ use of CBM and DBI in 
schools and, consequently, improve outcomes 
for students with the most persistent reading 
difficulties.
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