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Teacher Content Knowledge, Research Question 1 

In this section we address the first research question of the EMAT project: Do teachers 

demonstrate improved content knowledge about energy concepts after participating in the EMAT 

course? If so, is the difference statistically and practically significant? 

To assess changes in teacher content knowledge, the teacher participants completed a pretest 

before and a posttest following each unit. Each test consisted of approximately 20–25 questions. 

Most questions were multiple choice, but each test also included several open-ended response 

items. Regardless of item type, each item was worth 1 point and was scored as either correct (1 

point) or incorrect (0 points). At the start, 35 teachers took the course. We collected data from 

the 28 teachers who finished at least one unit pretest and one unit posttest. Each unit test 

included items directly related to each of the three key energy concepts as well as unit-specific 

items. For example, all units included items assessing the idea that energy always leaves a 

system in a nonuseful form as heat, but only the Solar unit included items related to the 

photovoltaic effect.  

A summary of the changes in teacher content knowledge for all six of the units is seen in 

Table 1. Teachers displayed significant gains (p < .001) in content knowledge for the Coal, 

Nuclear, Biofuels, and Solar units. The effect sizes are in the range of 1.09 for Nuclear to 1.82 

for Coal. Gains also were seen for the Wind and Geothermal units but they were not statistically 

significant.  

 



Table 1  

Teacher Content Pretest and Posttest Scores 

Assessment N Pre mean 

(SD) 

Post mean 

(SD) 

t-

statistic 

p-value Pre-post 

effect size 

(d) 

Confidence 

interval 

around effect size 

Lower       Upper   
Unit 1: Coal 28 14.3 (3.2) 20.4 (3.2) 10.81 < .001 1.82 1.28 2.36 

Unit 2: Nuclear 26 16.6 (4.8) 22.2 (4.5) 5.52 < .001 1.09 0.60 1.58 

Unit 3: Wind 24 13.7 (3.3) 14.9 (3.2) 1.27 .216 0.23 -0.13 0.60 

Unit 4: Geothermal 25 14.9 (4.1) 16.0 (2.0) 1.65 .111 0.30 -0.06 0.67 

Unit 5: Biofuels 25 19.0 (2.9) 23.3 (2.2) 9.54 < .001 1.56 1.08 2.03 

Unit 6: Solar 24 17.1 (4.1) 21.9 (3.6) 8.43 < .001 1.23 0.85 1.61 

Total across units 

(Rasch person 

measures) 

28 0.20 (0.5) 1.1 (0.6) 16.48 < .001 1.71 1.39 2.03 

 

We carried out a separate analysis to assess changes in teacher content knowledge regarding the 

three energy-related themes. For each unit test, selected questions that aligned with an energy-

related theme were included in the analysis. The results in Table 2 show significant gains (p < 

.001) in knowledge about each of the three energy-related themes. The effect sizes are 0.94 for 

conservation of energy, 0.81 for energy efficiency, and 0.81 for systems thinking.  

Table 2 

Energy Themes Pretest and Posttest Scores 

Assessment N Pre mean 

(SD) 

Post 

mean 

(SD) 

t-

statistic 

p-value Pre-post 

effect size 

(d) 

Confidence 

interval 

around effect size 

Lower     Upper 

Conservation 

of energy 

20 6.8 (2.5) 9.0 (2.0) 5.99 < .001 0.94 0.63 1.25 

Efficiency 17 15.1 (1.4) 18.4 (3.4) 4.71 < .001 0.81 0.51 1.11 

Systems 22 21.4 (0.5) 25.0 (4.4) 4.67 < .001 0.81 0.46 1.16 

 

For the total score across units we used Rasch person measures (scale scores). This approach 

allowed us to use data from all teachers to create a single person measure, provided the teacher 

had completed at least one pretest and one posttest. It also allowed us to use the teachers’ content 



scale scores in multilevel modeling to predict student achievement (also measured in scale 

scores). The unit of measurement for the Rasch scale scores is in logits. The mean person 

measure of 0.2 logits on the pretest corresponds with a total score of approximately 75 points on 

the combined measure. The mean person measure of 1.13 logits on the posttest corresponds with 

a total score of approximately 110 on the combined measure. Thus, the change from pretest to 

posttest that is just under 1 logit corresponds to a change from pretest to posttest of about 35 

points (out of 154 possible). 

Feedback from teacher participants gave some indications as to why significant 

knowledge gains were not seen with the Wind and Geothermal units. The content of the Wind 

unit used more mathematics relative to other units. Several teachers remarked that the math made 

the Wind content challenging to master. Many of the teachers expected the content of the 

Geothermal unit to focus on power generation from thermal vents. Although this idea was 

included, teachers were surprised that most of the content focused on geothermal heat exchange 

in the context of heating and cooling individual buildings. The assessments for both the Wind 

and Geothermal units were relatively difficult and not as well aligned with the three energy-

related themes as compared to the other units. 

We wanted to determine whether teacher characteristics such as highest degree or years 

of science teaching experience were influential in predicting teacher posttest scores (adjusting for 

pretest score).  We found that teacher pretest score was strongly predictive of teacher posttest 

score but that teacher years of science experience and highest degree did not significantly predict 

posttest score. In general, all teachers gained just under one logit from pretest to posttest, and 

that gain was independent of pretest score, years of teaching experience, or highest degree. Table 

3 provides the results from the regression analysis.  



Table 3 

Predicting teacher content posttest score as a function of pretest score, years of science teaching (YrsSci), 

and highest degree (HighDeg). 

 B  SE β t-statistic p-value Confidence Interval 

around B 

Lower Upper 

Intercept 0.998 0.128  7.813 < .001 0.734 1.262 

Pretest 0.859 0.119 0.837 7.186 < .001 0.612 1.105 

YrsSci -0.004 0.011 -0.046 -0.410 .685 -0.027 0.018 

HighDeg 0.012 0.126 0.011 0.091 .928 -0.249 0.273 

 

Taken together, the study data demonstrate that the EMAT course was associated with 

enhancement of teacher content knowledge about key energy and matter concepts. Teachers 

displayed significant gains in their knowledge of the three energy-related themes that are 

essential organizing core concepts. This study provides preliminary evidence that an online 

course that integrates constructivism (using the BSCS 5Es) and lesson analysis can serve as a 

useful resource for teachers needing to enhance their knowledge of challenging energy- and 

matter-related content. Due to the pre-post design on teacher outcomes (with no comparison 

group), we cannot make causal inferences. Rather, these data suggest that the PD model has 

strong potential for supporting the enhancement of teachers’ content knowledge. 

Teacher Ability to Analyze Video, Research Question 2 

Teachers’ ability to analyze classroom videos and reflect on the use of key teaching 

strategies is emerging as an important skill—one that has shown promise in leading to the 

transformation of teacher practice and enhancing student learning (Roth et al., 2011; Kersting, 

Givvin, Thompson, Santagata, & Stigler, 2012). In the STeLLA PD program, Roth and 

colleagues (2011) and Taylor and colleagues (2016) found that the PD enhanced teachers’ ability 

to reflect deeply on teaching and learning through video using two lenses: the Science Content 



Storyline Lens and the Student Thinking Lens. We have built upon the success of the STeLLA 

PD model by implementing STeLLA strategies and video analysis as part of the EMAT course. 

In this section we examine the extent to which an online PD course can support teachers 

in learning to analyze classroom video to recognize the use of strategies (1) to reveal, support, 

and challenge student thinking and (2) to construct a coherent science content storyline for 

students. As teachers analyze video for the use of effective practice, they access knowledge that 

helps them determine how to further learning in the classroom (Kersting et al., 2012; Roth et al., 

2011; Taylor et al., 2016). Also in this section we address the following research question from 

the larger project: Do teachers demonstrate improved ability to analyze lessons for evidence of 

student thinking and coherence of science content after participating in the EMAT course? If so, 

is the difference statistically and practically significant? 

Design and Procedure  

Throughout the course, teachers learned about the strategies as they watched video 

examples of the strategies in use, analyzed videos on their own, and participated in facilitated, 

online synchronous discussions about the videos.  

We measured teachers’ ability to analyze videos through their written reflections as they watched 

video clips. Teachers completed a pretest prior to taking the course and a posttest at the end of 

the course. The identical pretest and posttest asked teachers to analyze four video clips. Each clip 

was between five and nine minutes long and involved upper elementary science instruction in 

authentic classrooms. EMAT teachers also had access to the transcripts from each video clip. We 

made the strategic decision to select clips used by the face-to-face elementary STeLLA PD 

project (Taylor et al., 2016) in order to facilitate cross-project comparisons. The clips included 

use of the strategies that participants would learn during EMAT and included energy concepts 



(e.g., energy concepts in the context of the water cycle). However, the video clips were not 

specifically about the three key energy concepts of focus in EMAT; nor were they in a high 

school setting. We determined that the teaching practices shown would be apparent despite the 

age and content differences. We checked our assumptions with pilot teachers prior to the EMAT 

field tests, and pilot teachers confirmed that the use of upper elementary classrooms did not 

inhibit one’s ability to comment on the teaching strategies in the lesson. 

Each of the four clips included a brief description of the classroom context to read before 

starting the clip. In video clip 1, students shared posters (created in an earlier lesson) illustrating 

the water cycle. Student groups obtained feedback and fielded questions from the teacher and 

other students about their posters. In clip 2, student groups received a scenario that focused on 

the water cycle and each group worked to explain how water molecules were moving in relation 

to temperature changes, condensation, and evaporation. The teacher questioned groups of 

students about their thinking while they worked. Clip 3 exhibited a discussion of students 

evaluating latitude and temperature data at different times of the year in different locations. The 

clip included a teacher presentation, student group work, and students sharing ideas after their 

group discussions. Clip 4 showcased a lesson about the relative importance of the angle of the 

Sun hitting Earth and the distance from the equator on the temperature in different locations of 

Earth. It included a teacher presentation about the prior day’s activity and students’ conclusions 

about what they learned in that activity. For each of the four clips, EMAT teachers provided 

open-ended comments responding to the following prompt: 

For each video clip, spend about 5–10 minutes describing and analyzing anything 

you notice about the teaching, the science content, the students, and/or the classroom 

environment. Explain/analyze the issues and/or questions that the video raised for you. 



Feel free to comment about things that are missing from the lesson, as well as things you 

observe. Your explanations and analyses should be in the form of complete sentences or 

questions. Do not use phrases or bulleted lists. Watch and analyze all four video clips.  

Teachers had the opportunity to comment on the full range of strategies included in the EMAT 

course. Three out of four of the video clips included opportunities to comment on all 12 of the 

strategies participants were learning in EMAT. The remaining clip exhibited all but one strategy 

that participants were learning. 

Roth, Askinas, and Gardner (2013) developed a rubric to score teachers’ written video 

analysis responses as part of the recently completed STeLLA PD efficacy trial (National Science 

Foundation [NSF] award# 0918277; Taylor et al., 2016). The rubric includes definitions of each 

strategy and guidelines for scoring teachers’ comments on each strategy. Using the STeLLA 

rubric, we scored teachers’ comments by strategy, assigning 0, 1, or 2 points depending on the 

teacher’s apparent depth of understanding about the strategy. Generally, comments that showed 

correct understanding of strategies and more analytical use of the strategies generated higher 

scores while a lack of comments about a strategy or incorrect use of a strategy generated lower 

scores. For example, some comments written on the pretest included statements about classroom 

management or the size of groups seen in activities. Pretest comments such as these often 

attended to neither the coherence of the science content storyline nor to reflections on student 

thinking apparent in the video. These types of comments generated a score of 0. On the posttest, 

teachers’ comments tended to extend beyond classroom management issues. Comments related 

to lost opportunities or that suggested alternative methods of instruction within the contexts of 

lesson coherence and student thinking were often scored a 2 as they showed more in-depth 

analysis and understanding of specific strategy uses.  



Two coders initially jointly coded and discussed their scores on 20 responses. Coders 

then divided and scored the remaining responses, including an additional 20 overlapping 

responses to measure interrater agreement. The final interrater reliability statistics reveal that the 

coders remained well calibrated throughout coding. However, there were two items on which 

coders could not achieve agreement in spite of extensive negotiation and discussion. Dropping 

the two items made the most sense given these limitations. We used two measures of interrater 

agreement: the intraclass correlation coefficient (ICC; two-way mixed effects, absolute 

agreement) was 0.898, and Cohen’s kappa was 0.738. Both measures show highly satisfactory 

levels of interrater agreement. 

Analyses and Findings. We scored both pre and post responses upon completion of the 

course to blind the coders to time point. We examined changes in teachers’ ability to analyze 

classroom video and also used Ordinary Least Squares (OLS) regression to examine teacher 

characteristics that predicted post video analysis scores. We used Rasch person measures in our 

analyses. Rasch person measures are true scale scores (whereas raw point totals on an assessment 

are not) and allow us to place person ability and item difficulty on the same logit scale. A 

negative person score indicates that an individual’s ability to analyze video was below the mean 

item difficulty. All average Rasch person measures for the EMAT teachers (both pre and post) 

were negative, indicating that the average EMAT teacher’s ability to analyze video was below 

the average item difficulty. The assessment was extremely difficult for the teachers, even at 

posttest, with an average score per item of just 0.65 out of 2 points. Nevertheless, we found 

significant improvement from pretest to posttest for the overall measure (p < .001; d = 1.38) as 

well as for the student thinking (p < .001; d = 1.13) and science content storyline (p< .001, d = 

1.23) subscales. Effect sizes make sense only in context (Hill, Bloom, Black, & Lipsey, 2008). 



For context, we can compare the pre-post effect sizes on the video analysis task for the EMAT 

teachers to the pre-post effect size for the STeLLA PD teachers (Taylor et al., 2016). We 

selected a subset of treatment STeLLA teachers who completed identical pre-post video analysis 

tasks as the EMAT teachers. The STeLLA pre-post pedagogical content knowledge (PCK) effect 

size was d = 2.607 (p < .001) with an effect size confidence interval of [1.940, 3.274]. In other 

words, the STeLLA pre-post video analysis effect size was more than twice as large as the 

EMAT video analysis effect size. Table 4 highlights the video analysis findings.  

Table 4   

Video analysis scores, Rasch person measures. N (EMAT) = 23; N (STeLLA) = 44 

Video 

analysis 

measure 

Pre mean 

(SD) 

Post mean 

(SD) 

t  

diff 

score 

SD 

diff 

score 

p-

value 

 

Pre-

post 

effect 

size (d) 

Confidence interval 

around effect size 

Lower Upper 

EMAT 

overall 

-1.82 (0.64) -0.89 (0.70) 6.90 0.59 < .001 1.38 0.85 1.92 

Student 

thinking 

score 

-2.03 (0.92) -0.92 (1.03) 5.31 0.91 < .001 1.13 0.61 1.66 

Science 

content 

storyline 

score 

-1.75 (0.62) -0.95 (0.65) 5.71 0.58 < .001 1.23 0.68 1.78 

STeLLA 

overall 

-1.72 (0.30) -0.75 (0.42) 16.06 0.41 < .001 2.61 1.94 3.27 

 

There are several important similarities and differences between the STeLLA and EMAT video 

analysis data. First, the EMAT and STeLLA teachers started with similar video analysis ability, 

but the STeLLA teachers finished with higher mean scores. Second, both EMAT and STeLLA 

teachers had negative mean Rasch posttest scores (indicating that the assessment was difficult for 

both groups). We have considered the open-ended nature of the prompt as a possible source of 

the difficulty of the assessment.  Addressing all strategies in a response (without any explicit 



prompt to address the use of strategies emphasized in the course) likely placed a fairly high 

cognitive demand on teachers.   

Third, the difference in effect size between the EMAT teachers and STeLLA teachers is 

only partly accounted for by larger gains by the STeLLA teachers. Another important factor is 

that the standard deviation of the difference score for the EMAT teachers was larger than that for 

the STeLLA teachers by almost 50% (0.586 vs 0.405). That is, the changes for the EMAT 

teachers were more variable than the changes for the STeLLA teachers. Although participation in 

EMAT was associated with enhanced ability to analyze videos for the student thinking and 

science content storyline strategies that are part of the STeLLA framework, the changes 

associated with the EMAT online PD model for high school teachers were lower and more 

variable than the changes associated with the STeLLA face-to-face model for elementary 

teachers.  

Factors influencing teachers’ post video analysis scores 

We considered each teacher participant’s highest degree (HighDeg), years of science 

teaching experience (YrsSci), pretest video analysis person measure (PreVA), and post content 

person measure (PostCont) as predictors of post video analysis scores (Yi). We used the 

following ordinary least squares regression model to examine the relationships: 

iiY   PostContHighDegYrsSciPreVA 43210  

We grand mean centered all predictors. Thus, we interpret the intercept to be the average video 

analysis posttest score for the entire sample. 

In our analysis, the pre video analysis scores (p = .010) and the post content scores (p = 

.021) were significant predictors of post video analysis scores. A teacher’s highest degree and 



years of science teaching experience were not predictive of their post video analysis scores (see 

Table 5). 

Table 5 

Predicting post video analysis person measures (N = 23). 

Predictor  B  β SE t-statistic p-value Confidence 

interval for B 

Lower Upper 

Intercept -0.996  0.111 -8.946 < .001 -1.230 -0.762 

YrsSci 0.003 0.029 0.019 0.170 .867 -0.037 0.043 

HighDeg 0.262 0.193 0.227 1.155 .263 -0.215 0.739 

PreVA 0.730 0.474 0.255 2.858 .010 0.193 1.267 

PostCont 0.591 0.444 0.233 2.532 .021 0.100 1.081 

 

 In addition to predicting the overall post video analysis person measure, we examined 

each subscale (student thinking and science content storyline) separately. The student thinking 

component included one case that met several criteria to be categorized as an outlier. The 

teacher’s Rasch person measure score on the post video analysis student thinking subscale was 

3.85 standard deviations below the mean of his colleagues on this subscale. The unstandardized 

residual value (-2.64), the studentized residual value (-3.56), and the unstandardized change in 

the HighDeg and PreVA_ST coefficients (0.36 and 0.44) all support the case that this teacher is 

unduly biasing the regression coefficients. The results of the regression excluding this case are 

shown in Table 6. 

 

 

 

 

 

 

 

 

 

 



Table 6 
Post Video Analysis Student Thinking (ST) outcome (N = 22; omitting one outlier). 
Predictor B β SE t- 

statistic 

p-value Confidence interval 

for B 

Lower Upper 

Intercept -0.756  0.108 -6.991 < .001 -0.984 -0.528 

YrsSci 0.027 0.295 0.019 1.449 .165 -0.012 0.067 

HighDeg 0.076 0.068 0.226 0.339 .739 -0.399 0.552 

PreVA_ST 0.204 0.229 0.178 1.140 .270 -0.173 0.580 

PostCont 0.561 0.505 0.228 2.464 .025 0.081 1.042 

 

Within the student thinking component of the video analysis score, content learning was 

significant (p = .025) in predicting post video analysis scores, but the pre video analysis score 

was not (p = .270).  

Table 7 

SCS Lens Component; PostVA_SCS outcome (N = 23). 

Predictor B β SE t-statistic p-value Confidence 

interval for B 

Lower Upper 

Intercept -1.067  0.111 -9.577 < .001 -1.301 -0.833 

YrsSci 0.004 0.041 0.019 0.232 .820 -0.035 0.043 

HighDeg 0.205 0.161 0.161 0.929 .365 -0.259 0.669 

PreVA_SCS 0.670 0.423 0.423 2.475 .023 0.101 1.239 

PostCont 0.612 0.491 0.491 2.730 .014 0.141 1.083 

 

 When analyzing teachers’ comments about the coherence of the instruction, the post 

content test score (p = .014) and the pre video analysis score (p = .023) were both predictive of 

the science content storyline component of the post video analysis.  Thus, their years of science 

teaching and highest degree were not predictive of the science content storyline component of 

the video analysis task. 



Teacher Practice, Research Question 3 

 Transformation of science teaching and learning involves transforming teaching practice. 

Although teacher content knowledge and pedagogical content knowledge (Kersting et al., 2012) 

have both been shown to predict student achievement, teacher practice is almost certainly an 

important mediator. In their cluster randomized trial of the STeLLA PD program, Roth and her 

colleagues found that teacher practice does, in fact, mediate the relationship between the 

professional development intervention and student achievement (manuscript in preparation). In 

anticipation of scoring teachers’ classroom practice, we asked teachers to record their teaching in 

the year prior to participation in EMAT and record their teaching once again following their 

participation in EMAT. We transcribed the videos prior to coding. 

 As part of the STeLLA efficacy study, Roth and principal investigator for the EMAT 

project (Kowalski) developed a video analysis coding protocol to score individual classroom 

sessions (approximately one hour in length) for the teacher’s use of the STeLLA strategies (Roth 

& Kowalski, 2015). Language for the protocol and scoring rubric emerged from the STeLLA 

conceptual framework. The coding protocol was extensive, requiring six to eight hours to code 

one hour of recorded classroom instruction. Roth and Kowalski initially used and refined the 

rubric to jointly score six master videos that showcased a wide array of teaching practices, and 

using discussion to come to consensus on all scores across the six videos. Kowalski later coded a 

seventh master video. We used two master videos for training purposes and the remaining five 

for calibration. We developed a team of six coders for the STeLLA efficacy project, and three of 

those coders went on to code EMAT videos. Coders identified information from watching the 

videos and reading transcripts and pulled segments of transcript into predefined nodes using 

NVivo software (v. 10.0). The nodes corresponded to evidence of strategy use. Using evidence 



from transcript elements collected into nodes, coders scored the videos. Each strategy was 

associated with three items: The first was a dichotomous item indicating presence or absence of 

the strategy; the remaining two items were scored from 0 to 3 and reflected the quality of 

strategy use.  

 We coded 30 pre videos and 20 post videos of the EMAT teachers (reflecting attrition we 

experienced over the two-year participation expectation). We created overall Rasch person 

measures as well as Rasch person measures for each of the two STeLLA lenses (ST and SCS). 

We anchored all pretest scores to posttest.  

 Our initial analyses examine the changes in teacher practice from pretest to posttest that 

were associated with teacher completion of the EMAT course (Table 8).  

Table 8 

Teacher Classroom Practice Measure. N (EMAT) = 20; N (STeLLA) = 51. 

Classroom 

practice 

measure 

Pre mean 

(SD) 

Post mean  

(SD) 

SD of 

diff 

score 

t-

statistic 

for diff 

score 

p-value Pre-post 

effect 

size (d) 

Confidence 

interval around 

effect size  

Lower Upper 

Total score -1.06 (0.69) -0.64 (0.81) 0.96 1.98 .063 0.57 -0.04 1.17 

Student 

Thinking 

Lens 

-1.61 (1.06) -0.95(1.00) 1.57 1.88 .076 0.64 -0.09 1.38 

Science 

Content 

Storyline 

Lens 

-0.91 (0.92) -0.46 (1.12) 1.18 1.72 .102 0.44 -0.09 0.97 

STeLLA 

(total) 

-0.71 (0.80) 1.05 (1.13) 1.76 10.00 < .001 2.09 1.36 2.82 

 

Once again, the Rasch person measures for EMAT are negative, even for the post practice 

measure, indicating that the measure was difficult for EMAT teachers. This is not the case for the 

STeLLA teachers. The STeLLA teachers’ post score was 1 logit above the mean item difficulty. 

In addition, although EMAT mean post practice scores are all higher than mean pre practice 



scores, the changes from pre to post only approach significance (p = .063 for the total score). The 

effect size for change in practice associated with the EMAT course is about one-quarter that of 

the STeLLA PD program (d = 0.57 for EMAT; d = 2.09 for STeLLA). In this case, the 

difference in effect sizes rests almost entirely with the difference in means. EMAT has a smaller 

standard deviation of the difference score than STeLLA, but STeLLA has the larger mean 

difference and the larger effect. Finally, it is interesting to note that the elementary STeLLA 

teachers had higher mean pre practice scores than EMAT teachers.  

 To better understand which strategies teachers tended to adopt and which were most 

challenging for EMAT teachers, we examined the effect sizes for changes in teacher practice at 

the strategy level. As with the teacher content knowledge and video analysis outcomes, we 

wanted to examine how teacher characteristics predicted teacher post practice score. We initially 

used the following model but found that there were multicollinearity issues, particularly for the 

highest degree variable. 

iiY   PostVAPostContHighDegYrsSciePrePractic 543210  

We revised the model to exclude highest degree. We were comfortable with this decision 

because we felt that the post content score and the post video analysis score were capturing 

information that was redundant with highest degree (with post content picking up the overlap 

with science degrees, and post video analysis picking up the overlap with education degrees).  

Post content and post video analysis were also highly correlated with each other (bivariate 

correlation r = 0.681). Following Cohen, Cohen, West, and Aiken (2003), we computed z-scores 

for both the post content measure and the post video analysis measure, then averaged and grand 

mean centered the result (PostCont/VA_z). Thus, we are predicting teachers’ post practice scores 

using an amalgam measure that is indicative of both their content knowledge and their ability to 



analyze classroom practice video for key strategies. We decided that using the amalgam measure 

was potentially more appropriate than arbitrarily dropping either the content measure or the 

video analysis measure. 

iiY   A_zPostCont/VYrsSciePrePractic 3210  

Table 9 

Predicting teachers’ post practice scores (N = 17) 

Predictor  B  β SE t-statistic p-

value 

Confidence 

interval for B 

Lower Upper 

Intercept -0.06  0.40 -0.15 .883 -0.92 0.80 

YrsSci -0.04 -0.32 0.03 -1.27 .226 -0.11 0.03 

PrePractice 0.03 0.03 0.26 0.12 .906 -0.53 0.60 

PostCont/VA_z 0.41 0.49 0.19 2.23 .044 0.01 0.81 

 

 Here we find that, once again, years of science teaching experience is not a significant 

predictor of teacher practice. In addition, it is surprising to note that the pre practice measure is 

not at all predictive of the post practice measure. This replicates the work that Roth and her 

colleagues found in the STeLLA efficacy trial (manuscript under development). The STeLLA 

strategies that form the STeLLA conceptual framework are new to teachers. Although in many 

ways they reflect what is known about “good science teaching,” teachers historically have not 

had the necessary scaffolds to think about using a complex set of strategies. The STeLLA 

strategies create a structure for teachers to really learn to do good science teaching. As a result, 

pre videos have almost no relationship to post videos—teachers’ initial practice is uniformly 

lacking in use of the STeLLA strategies for both elementary and high school teachers and for 

teachers with both high and low post practice scores.  



 Our amalgam measure (the average of content knowledge with ability to analyze classroom 

video) is a significant predictor of teachers’ post practice video scores. The amalgam measure 

may be capturing the construct that others have called pedagogical content knowledge (PCK) 

(Shulman, 1986; Kersting et al., 2012). In that work researchers have found that knowledge of 

the content and how to teach that specific content is a key attribute of effective teachers. Our 

exploratory work shown here supports that prior work. This amalgam measure has elements of a 

PCK measure in that we are assessing not only what content teachers know but the extent to 

which they can apply that content to classroom situations.  

It should be noted that in all of these analyses we have very few degrees of freedom. As a result, 

the parameter estimates may be unstable. These findings are exploratory and are of interest 

chiefly as they relate to what others have found (Kersting et al., 2012; Roth et al., 2011; Taylor et 

al., 2016).  

Student Achievement 

 All teacher results are based on a pre-post design, and we provided some context for 

interpreting those findings by comparing the EMAT results with the STeLLA results. We now 

turn to the quasi-experimental study of the impact of EMAT on student achievement. We 

initially planned to use only teachers and students from the second field test in our analyses. We 

had the content scores, video analysis scores, and practices scores for teachers in the second field 

test but lacked practice measures in the first field test due to limited resources for coding. 

However, the significant attrition of EMAT teachers across the two years of the program left us 

with far too few degrees of freedom for our hierarchical regression. Students in the first field test 

had completed a pretest and posttest with items that overlapped to a great extent with the student 

assessment for the second field test. We selected items in common across both test 



administrations and pooled the students in the analysis. Our inability to use the teacher outcome 

measures in the model and the added power of pooling students and their teachers across two 

field tests convinced us of the merits of the pooled analysis. 

 The student assessment consisted of 35 multiple choice questions related to the same 

three key energy concepts that teachers were learning. The items were situated within the same 

unit contexts that the teachers were learning, but we were careful to provide enough information 

that the students did not need to know anything about the energy generation system (e.g., 

generating electricity from coal) in order to answer the energy concept questions.  

 By comparing unconditional models to full models we were able to estimate the variance 

explained by class and by teacher in our analytic model. We found the percent of variance on the 

intercept at the teacher level to be nearly 56%,  

on intercept: 
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= (0.0428)/(0.0428 + 0.03427) = 0.555 

and the percent of variance on the slope between teachers was 42%.  

on slope: 
1111
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= (0.0138)/(0.0138 + 0.0188) = 0.42 

That is, a very large proportion of our variance is accounted for by knowing which teacher 

students had. Multisite cluster trials and analyses are appropriate when there is reason to believe 

that the treatment effect may vary in important ways across the sites of the experiment (in this 

case, each teacher is a site of a mini-experiment with one treatment and one control class). The 

high variance on the slope and intercept for the teacher level validate our use of a multisite 

cluster analysis with students at level 1, class at level 2, and teachers (the site of each mini-

experiment) at level 3. Our complete analytic model is shown below. 



Complete Analytic Model 
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Table 10 

Test of Main Effect of Treatment on Student Achievement. Data combined across first and second field 

tests.  

Variable Coefficient Standard 

error 

t-ratio d.f. p-value 

Level 3 (teacher)      

Intercept -0.330 0.028 -11.717 60 < .001 

MnPre 0.512 0.071 7.201 60 < .001 

Level 2 (class)      

010  (avg. Trt 

effect) 

0.080 0.054 1.479 61 .144 

Level 1 (student)      

Gender -0.136 0.026 -5.338 2,451 < .001 

Grade10 -0.052 0.049 -1.067 2,451 .287 

Grade11 -0.106 0.052 -2.049 2,451 .040 

Grade12 -0.119 0.054 -2.204 2,451 .027 

ELL01 -0.098 0.034 -2.896 2,451 .004 

Race01 -0.117 0.030 -3.955 2,451 < .001 

FRL -0.009 0.033 -0.287 2,451 .774 

Pre 0.628 0.023 27.754 2,451 < .001 

 

Table 10 showcases our findings from the quasi-experiment. These data show that although the 

treatment group of students outperformed the comparison group of students. We interpret the 

treatment coefficient (0.08) as follows: on average, the mean class student posttest score for the 

treatment group was 0.08 logits higher than for the comparison group, controlling for pretest and 

other demographic factors. The difference was not significant at the alpha = 0.05 level (p = 

.144). Across the two treatment groups, we see that girls, English language learners, and students 



from racial/ethnic groups traditionally underrepresented in the sciences had lower achievement 

scores, but this is a measure across both groups and not particular to the EMAT group. The effect 

size for the intervention was d = 0.13, variance of effect size = 0.20, SEd = 0.452, and the lower 

and upper confidence interval values for the effect size were [-0.757, 1.016]. The fact that the 

effect size had such a large variance and we see a confidence interval for the effect size with 

such a wide range of values is an indication that effects of participating in EMAT varied 

drastically from teacher to teacher. This finding is consistent with elements of the analysis we 

have seen earlier (e.g., the high standard deviation on teachers’ video analysis scores and the 

high amount of variation in intercept and slope at the teacher level in the hierarchical linear 

model).  Examination of individual teachers’ practice scores also supports the finding: Three 

teachers had lower post practice scores compared with their pre practice scores, while the 

remaining teachers had higher post practice scores. This finding means that for some students, 

their teacher’s participation in EMAT coincided with increased student achievement; for others, 

their teacher’s participation seems to have coincided with reduced student achievement. The 

overall positive average effect of 0.13 masks these important distinctions.  

Elements of EMAT that Support Achievement, Research Question 5 

At this point, the million-dollar question is why is participation in EMAT associated with 

such varied effects? Is the variation truly a result of EMAT, or did we have a sample that 

included teachers who simply had a bad second year? Is there something about a teacher’s 

personality or beliefs that would allow us to predict which teachers might do well with EMAT 

and which might not?  

We included computer-mediated discourse analysis statements made by select teachers 

during the course to try to answer this million-dollar question. We identified six teachers as case 



study teachers for the computer-mediated discourse analysis. To select these teachers, we first 

used a graph of teachers’ posttest person measure content scores plotted against their pretest 

person measure scores for the total EMAT content test. Next, we identified a teacher with a low 

pretest and a low posttest (low-low), a teacher with a low pretest and a relatively high posttest 

(low-high), a teacher with a high pretest and a relatively low posttest (high-low), and a teacher 

with a high pretest and a high posttest (high-high). Finally, we identified two additional teachers 

based on student outcomes. The first teacher’s treatment students greatly outscored the 

comparison students after controlling for pretest (large positive effect); the second teacher’s 

comparison students outscored the treatment students after controlling for pretest (negative 

effect). It is interesting to note that the case study teacher with the large positive treatment effect 

is also the teacher with uncharacteristically uniform student responses on the treatment posttest. 

Under consultation from our external evaluator, we decided to drop this teacher from our 

analyses as this teacher’s student data are not meaningful. Unfortunately, we discovered the 

anomaly only after we had undertaken the effort to code the teacher’s comments. 



 

Figure 1. Case study teachers total content pretest and posttest scores. 

After identifying our six case study teachers, we examined all of their comments throughout the 

entire EMAT course, including their comments in their online notebooks, survey comments, 

course assignments including end-of-unit reflections, and any discussion board comments. We 

coded the statements by course element and by teacher as transformative, positive, neutral, or 

negative. We ended with frequency counts for each teacher, each course element, and each type 

of statement. To understand the relationships between teachers better, we calculated a value to 

reflect the overall positive or negative nature of the comments as a percentage of the total 

number of comments: 



statements # total

statements negative #  )statements positive#  ative transform(#
comments %net 


  

Based on this equation, a positive percent indicates that the teacher made more positive 

statements than negative. A negative percent indicates that the teacher made more negative 

statements than positive.  We divided by the total number of comments because some teachers 

made many more comments and statements than others. A net percent of 0 indicates that the 

teacher made the same number of positive comments as negative comments. 

Table 11 

Net percent comments on each type of course element (net negative comments in grey). 

Case Animation Interactive Reading Content 
Classroom 

video 

Lesson 

analysis 

Synch. 

disc. 

Net % 

content 

Net % 

pedagogy 

negative 

treatment 

effect 

40% 0% 0% 0% 17% 6% 0% 7% 5% 

high-high 60% 24% 0% 29% 33% 68% none 29% 46% 

high-low none none none 67% none 89% 100% 67% 81% 

low-high 69% 38% 50% 11% 36% 50% 62% 31% 35% 

low-low 52% 24% 57% 30% -29% -33% 33% 34% -5% 

 

It is difficult to identify any patterns in these data. The teacher with the negative treatment effect 

and the teacher categorized as low-low had the least positive opinions of the pedagogy portions 

of the course (including watching classroom videos, participating in lesson analysis, and 

participating in synchronous discussions). By comparison, the teacher with the most positive 

treatment effect had moderately positive comments about the pedagogy portion, and the high-

high, high-low, and low-high teachers all had very positive comments about the pedagogy 

portion. It is unfortunate that our case study teachers did not all have complete student data as 

there are a variety of reasons that some of our teachers did not complete data collection.   



The short answer to our million-dollar question is, we don’t know. Further analyses of teacher 

comments, selection of a different group of teachers, or conducting additional data collection and 

research in the future may shed more light on the issue. For now, all we can say is that teachers 

had generally favorable opinions of the course with a small number of exceptions. The elements 

of the course that teachers tended to either love or distinctly NOT enjoy were the lesson analysis 

elements. Further study is needed. 

 


