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1. Introduction
Substantial research literature indicates that positive teacher-student relationships (TSRs)
promote students’ academic achievement. One explanation is that students are more motivated to
learn when they have positive relationships with teachers (Urdan & Schoenfelder, 2006).
However, another plausible explanation is that teachers engage in higher quality teaching
practices when they have positive relationships with students. This is important because research
on school effectiveness consistently identifies high-quality instruction as one of the largest
school-based contributors to students’ academic achievement (Scheerens, 2001; Thoonen et al.,
2011). In the current study, we explored this alternative explanation. Figure 1 depicts the
relationship among TSRs, teaching practices, and student outcomes. There is extant research
evidence to support the bold arrows, which we briefly review next. Our study investigated the
dashed arrow representing the bidirectionality between positive TSRs and high-quality teaching
practices which, to our knowledge, no study has investigated. We used archival data from an
authentic teacher evaluation system in the U.S.
Figure 1
Relationships Among Teacher-Student Relationships, Student Outcomes, and Teaching Quality

Xintong Li, Christi Bergin & Amanda A. Olsen (2022)
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1.1 Positive Teacher-Student Relationships (TSRs) and Student Outcomes
TSRs can be characterized on multiple dimensions such as conflict, closeness,
dependency, circularity, communication, or involvement (Pianta, 2001; Roorda et al., 2011;
Wubbels et al., 2006). In this study we focused on positive affect, specifically caring and mutual
enjoyment. When students feel teachers care about them, they work harder, engage in more
challenging academic activities, behave more appropriately for the school environment, are
genuinely happy to see their teacher, and meet or exceed their teacher’s expectations (Allen et
al., 2011; Bergin & Bergin, 2009; Hughes et al., 2008; Prewett et al., 2018; Quinn, 2017;
Wentzel, 2009). As positive Teacher-Student Relationships motivate students to become more
engaged in the classroom, learning should improve. Indeed, research confirms that positive TSRs
are associated with higher grade point averages and test scores from kindergarten through high
school (e.g., Baker, 2006; Cornelius-White, 2007; Curby et al., 2009; Hughes, 2011; Jia et al.,
2009; McCormick et al., 2013; O’Connor & McCartney, 2007). A meta-analysis found that
TSRs characterized by positive affect were strongly linked to student engagement and modestly
linked to achievement (Roorda et al., 2011). Importantly, the effect size may be larger for at-risk
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students, suggesting that positive TSRs may help narrow the achievement gap (Gehlbach et al.,
2016).
Self-determination Theory (SDT) has been used to explain a potential mechanism for the
effect of positive TSRs on students’ engagement and achievement (Kincade et al., 2020; Roorda
et al., 2011). According to SDT, caring relationships meet a basic, innate need for relatedness or
feeling connected to others (Jang et al., 2010; Ryan & Deci, 2017). When relatedness needs are
met in a specific context, such as the classroom, individuals are more motivated behave in
adaptive ways, engage with tasks, persist in the face of failure, and respond creatively to
challenges in that context (Deci & Ryan, 2000).
1.2 Positive Teacher-Student Relationships (TSRs) and Teacher Outcomes
Just as positive TSRs may increase students’ motivation, positive TSRs may also increase
teachers’ motivation, effort, engagement, happiness, and confidence, which in turn, may result in
greater use of complex, high-impact teaching practices (van der Lans et al., 2020). Despite
teachers’ presumed basic need for relatedness with students in their classroom as predicted by
SDT, there is a paucity of research on the effect of TSRs on teachers. Spilt and colleagues state,
“there is little recognition of the internal needs that teachers themselves may have for positive,
personal relationships with individual students” (Spilt et al., 2011, p. 458). Studies have found
that positive TSRs may promote teachers’ self-efficacy (Mashburn et al., 2006), emotional wellbeing (Milatz et al., 2015), and job satisfaction (Admiraal et al., 2019; Veldman et al., 2016), but
they do not address how positive TSRs may be associated with quality of teaching practices.
Although research is limited in the field of education, the field of organizational
psychology has addressed how positive relationships may drive adult performance. The LeaderMember Exchange (LMX) theory that is commonly applied to adult workplaces is related to
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SDT (Graves & Luciano, 2013). LMX theory asserts that the quality of a relationship between a
leader and a follower (akin to the relationship between a teacher and a student) predicts
performance (Gerstner & Day, 1997). A meta-analysis found that in adults, the link between
relationship quality and performance is likely mediated by motivation (Martin et al., 2016). The
development of deep connections at work results in higher quality work, increased effort, and
decreased attrition among adults (Manning, 2016). It is plausible that a similar effect occurs in
schools such that positive TSRs results in teachers’ increased teaching effort and performance.

1.3 Teaching Practices and Student Outcomes
Our study uses archival data from an authentic teacher growth and evaluation system
called the Network for Educator Effectiveness (NEE). In this evaluation system, teachers are
rated on four effortful, complex, high-impact teaching practices that are known to promote
student achievement (Hattie, 2009; van de Grift et al., 2014; van der Lans et al., 2017). The
association between positive TSRs and quality of teaching practices may depend on the specific
teaching practices under consideration. Other related lines of research have found that teachers’
self-efficacy (Burić & Kim, 2020; Holzberger et al., 2013), job satisfaction, and motivation
(Klusmann et al., 2008) were associated differently with specific teaching practices. Therefore,
our study examined how positive TSRs are associated with the quality of each of the four
different teaching practices. We use the definition of each teaching practice as operationalized by
NEE which are described next.
1.3.1 Cognitive Engagement (CE) in the Content
In the NEE system, Cognitive Engagement refers to active mental involvement by
students in learning activities, such as meaningful processing, strategy use, concentration, and
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metacognition (Fredricks et al., 2004; Wang & Degol, 2014; Wang et al., 2014). Teachers
engage students cognitively in the content when they use strategies such as advanced organizers,
K-W-L charts, share-out, and shoulder-partner to connect instruction/activities with students’
lives. This allows teachers to show relevance, use authentic examples, present a puzzling
problem, and invite responses from all students.
1.3.2 Problem-Solving and Critical Thinking (PCT)
In the NEE system, Problem-Solving and Critical Thinking refers to skillfully applying,
analyzing, synthesizing, and evaluating information to reach a conclusion or solve a problem
(McCormick et al., 2015). Teachers promote their students’ critical thinking by requiring
students to explain or justify their thinking, evaluate others’ thinking, formulate challenging
questions, predict, determine what makes an argument valid, assess possible solutions, categorize
problems, or create map concepts (Wirkala & Kuhn, 2011). Teachers can also give students
challenging tasks that require persistent effort and various cognitive or metacognitive strategies.
In typical classrooms, the promotion of critical thinking is not always appropriate because there
are times when students should be practicing and over-learning skills that are foundational to
higher-level processing. Yet, this complex teaching practice may be too rare in typical
classrooms (Willingham, 2008).
1.3.3 Affective Engagement (AE) in the Content
In the NEE system, Affective Engagement in the Content refers to experiencing positive
emotion during the lesson. Teachers engage students affectively in the content with strategies
such as using materials and activities that students find interesting, using authentic examples,
pointing out progress, communicating enthusiasm for the content, helping students set achievable
but challenging goals, promoting self-efficacy, and giving students choices for classwork
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(Bergin, 1999; Hidi & Renninger, 2006). As they use such strategies, teachers make lessons
more enjoyable, fun, and interesting (Archambault et al., 2017). AE refers to positive emotions
toward the content or lesson activities, not toward the teacher.
1.3.4 Instructional Monitoring (IM) During the Flow of the Lesson
In the NEE system, Instructional Monitoring refers to the teacher engaging in formative
assessment for the whole class and/or individuals and taking corrective action when needed. This
particular kind of formative assessment involves quick checks for understanding as the lesson is
progressing (Reddy et al., 2017). The purpose is to inform the modification of teaching and
learning activities in real-time to guide instruction. Strategies teachers may use include
questioning, asking students to solve problems on a whiteboard, or answering spot quizzes with
fist-to-five, thumbs up, or clicker techniques (Chien et al., 2016). IM has been associated with
student motivation, engagement, and achievement (Simons & Klein, 2007; Zhang & Hyland,
2018).
1.4 Research Questions
Teaching is a relentless and demanding job. It is particularly demanding when teachers
are expected to consistently implement effortful, complex, high-impact teaching practices. Given
that both SDT and LMX theory predict that positive TSRs should contribute to increased
motivation and performance among teachers, we hypothesize that variation in the quality of
complex teaching practices will result from variation in TSRs. Thus, our main research question
is “Do positive teacher-student relationships promote high-quality teaching practices?” In
addition, we have two ancillary research questions: “Does the effect vary by teaching practice?”
and “Does the effect vary by grade level?” We are interested in grade level variation because
studies find that close, positive teacher-student relationships often decrease steadily from 1 st
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grade to the end of primary school, and across middle school, before possibly stabilizing in high
school (Gillen-O'Neel & Fuligni, 2013; Hughes et al., 2012). The change in TSRs across grades
may alter the relationship between TSRs and the quality of instruction.
2. Methods
We addressed our research questions using archival data from a state-wide teacher
growth and evaluation system, the Network for Educator Effectiveness (NEE). This system is
used by 285 preK-12 school districts across the state of Missouri in the United States. NEE’s
teaching effectiveness measures are aligned with the Interstate Teacher Assessment and Support
Consortium (InTASC) teaching standards (Council of Chief State School Officers, 2011), which
apply to all subject areas and grade levels.
2.1 Participants
NEE member school districts select three to six teaching practices to focus on from a
pool of 26 teaching practices based on district priorities. Thus, data for this study comes from a
subset of member districts that decided to focus on the four target teaching practices of interest.
As a result, our analysis of each teaching practice involves overlapping but different samples
(see Table 1). The data used in the current study are based on the means of student reports
aggregated at the teacher level and are nested in schools. These data include two waves of
student surveys in the 2017-2018 and 2018-2019 academic years. Only teachers of regular
education classrooms from 4th to 10th grade were included (i.e., no students in our sample
indicated teacher subject areas as either English language learning or special education).
The 2019 Missouri average proficiency rate on the state test was 49% for English
language arts and 42% for mathematics. In comparison, the averages of our total sample were
also 49% for English language arts, but 31% for mathematics. In Missouri, 73% of k-12 students
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were White, non-Hispanic and 50% were eligible for free or reduced-price meals. Our total
sample was 80% White and 26% eligible for free or reduced-price meals.

Table 1
Number of Teachers in Each Sample with Sample Overlap
AE sample
140
181
180
217
Overlap of four
Total: 844
AE sample
CE sample
PCT sample
samples: 88
Note. The main diagonal shows the sample sizes of the four samples for separate analyses. The upper-right panel
CE sample
PCT sample
IM sample
AE sample

CE sample
566
118
110
-

PCT sample
448
672
383
-

IM sample
405
564
733
144

above the main diagonal shows the number of cases in the overlap of two teaching-practice samples. The lower
left panel below the main diagonal shows the number of cases in the overlap of three teaching-practice samples.
CE means cognitive engagement, PCT means problem solving and critical thinking, IM means instructional
monitoring, and AE means affective engagement in the content.

2.2 Measures
2.2.1 Teaching Effectiveness & Teacher-Student Relationships
Data are based on the student survey of teaching effectiveness in the NEE database, called
the Teacher Effectiveness Student Survey (TESS; see https://neeadvantage.com). TESS is
modular, meaning member districts can survey students only on the teaching practices of interest
to the district. When a district selects a specific teaching practice, all items associated with that
teaching practice (3 to 5 items) automatically populates an online student survey.
1. Cognitive Engagement (CE). Four items addressed students’ perception of the degree to
which a teacher used strategies that cognitively engaged students in the content (α = .89).
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2. Problem-Solving and Critical Thinking (PCT). Four items addressed students’ perception
of the degree to which a teacher used strategies that promote PCT (α = .91).
3. Affective Engagement in the Content (AE). Five items addressed students’ perception of
the degree to which a teacher used strategies that affectively engaged students in the
content (α = .92).
4. Instructional Monitoring (IM). Four items addressed students’ perception of the degree to
which a teacher monitored learning at the individual and whole-class level as the lesson
was progressing, and adjusted teaching as needed (α = .96).
On the same survey, students responded to five items that asked about their perspective on their
teacher-student relationship (α = .96). Asking for student perceptions is noteworthy because a
recent meta-analysis found that most studies measured TSRs from the teachers’ perspective
(Kincade et al., 2020). See Table 2 for a list of the items.
Table 2
Items Comprising Teaching Practices and Teacher-student Relationship Variables
Variable
Cognitive
Engagement
(CE)

Problem-Solving
and Critical
Thinking
(PCT)

Affective
Engagement in
the Content
(AE)

Items





This teacher expects us to think a lot and concentrate in this class.
This teacher’s lessons make us think deeply.
This teacher's lessons make us think the whole class time.
This teacher wants us to ask questions during lessons.






This teacher asks “how?” and “why?” questions to make us think more.
This teacher waits a while before letting us answer questions, so we have time to
think.
This teacher makes us compare different ideas or things.
This teacher makes us use what we learn to come up with ways to solve problems.







This teacher makes lessons interesting.
This teacher points out how this topic is important to our lives.
This teacher gives us choices in our classwork.
This teacher tells us that we can all be successful if we try hard.
This teacher gets us excited about the subject.
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Instructional
Monitoring
(IM)






This teacher checks often to make sure we understand the lesson as we go along.
This teacher explains the lesson in different ways if we don’t get it at first.
This teacher knows when we understand the lesson.
This teacher has a way to make sure everyone is learning.

Teacher-student
Relationships
(TSRs)







This teacher knows me and cares about me.
Students enjoy being with this teacher.
This teacher enjoys working with students.
This teacher is friendly.
Students can talk to this teacher if they have a problem.
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TESS uses a 4-point Likert scale (0 = Not true; 1 = Sort of true; 2 = True; 3 = Very true).
TESS has shown good factor structure and the subscales comprising each teaching practice have
a Cronbach’s Alpha ranging from .77 to .90 (Grajeda et al., 2017). Latent factor scores were
generated for the five measures based on the mean item scores from student ratings of their
teachers, and teachers were rated by at least 5 students (very few exceptions were rated by 4). In
addition, multidimensionality of teaching was distinguishable by 4 th – 12th grade students. That
is, students might rate the same teacher as better at one teaching practice than another (Grajeda et
al., 2017).
2.2.2 Other Variables
We included the following variables as covariates because they may affect teaching
practices and teacher-student relationships.
Years of Experience. Teachers reported their years of teaching experience. More years
of experience predicts better student behavior and achievement (Ladd & Sorensen, 2017; Nye et
al., 2004). Furthermore, one meta-analysis found that the effect of TSRs on achievement was
larger in studies with teachers who had more years of teaching experience (Roorda et al., 2011).
Core Subject Area. Students reported whether or not a teacher primarily taught a core
subject (e.g., mathematics, English language arts, science or social studies). We tested whether
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results were similar between core and other courses. Cohen et al. (2018) found that teaching
quality is not a uniform construct across varying subjects. Compared with teachers in core
subjects, teachers in non-tested subjects may use different instructional practices and are often
evaluated differently (Goe & Holdheide, 2011).
Grade Level. Teacher grade level was computed as a continuous variable based on the
mean grade level identified by student responses. Previous research has demonstrated that
teachers at varying grade levels had different levels of self-efficacy for implementing different
teaching practices (Klassen & Chiu, 2010). Student engagement, teacher behavior, and teacherstudent interactions are often different across subject areas and grade levels (den Brok et al.,
2004; Marks, 2000).
Demographics. Student responses on the TESS were strictly anonymous. Thus, studentlevel demographic data were not available. School-level demographic data were obtained from
the Missouri Department of Elementary & Secondary Education (DESE). This included the
percentage of students receiving free or reduced-price lunch, total student enrollment, and the
percentage of White students. School level demographics predict teacher job satisfaction, stress,
and burnout, which may be associated with the quality of teaching practices used (Hamre et al.,
2008; Johnson et al., 2012; Kyriacou, 2001; Olsen & Huang, 2019; Perry & McConney, 2010).
Achievement. Due to students’ anonymity, student-level achievement data was not
available. School-level data on the state proficiency test –Missouri Assessment Program (MAP)
– was obtained from the state department of education. We retrieved the percentage of students
at or above the proficiency level for mathematics and English language arts and computed the
mean percentage as a school-level achievement variable. See http://dese.mo.gov for more details.
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2.3 Procedures
TESS was delivered online during a window of time specified by the school. An access
code unique to each teacher needed to be entered to ensure students evaluated the correct teacher
and each access to the survey was authorized. A proctor other than the evaluated teacher
administered the survey using standard administration scripts provided by NEE. The proctor read
the instructions to the students, informed them of the purpose of the survey, ensured the
anonymity of their responses, emphasized the voluntary nature of the survey, and its importance
for school improvement. Students were encouraged to ask questions, but the proctors were
instructed not to interpret any survey items to avoid influencing student responses.
Three screening items were distributed across the survey (e.g., “I am being totally honest
on this survey”), which help improve survey validity and identify inattentive responses (Cornell
et al., 2012). Surveys that failed two of the three screening items were flagged for manual
review. Students who indicated in a fourth screening item that they were new to the class (less
than a month) were also excluded. Data use was approved by the university’s Institutional
Review Board. All member districts consented to using their data for research purposes.
2.4 Statistical Analysis
We hypothesized that positive teacher-student relationships (TSRs) would promote
higher-quality teaching practices (TPs). To test this, we conducted four regression models with
TPs as the outcomes, and TSRs, grade level, and other variables as predictors, including an
interaction term between TSRs and grade level. Teachers’ TPs and TSRs scores in the models
and following analyses all have controlled for prior scores (see the Appendix for more method
details). However, it is also possible that the direction of the effect is reversed. That is, TPs may
predict TSRs, or that both are due to an unspecified confounding variable. Since an experimental
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design is not an option for the current inquiry due to ethical concerns, we have to rely on archival
data to examine the hypothesized direction of effect, and at the same time address the consequent
methodological challenges, including an alternative direction of effect (i.e., TP → TSR),
potential confounding variables, an illusory halo effect, and common method variance.
To examine the direction of the effect, we employed direction dependence analysis
(DDA; Li & Wiedermann, 2020b; Wiedermann et al., 2020; Wiedermann & Li, 2018), an
innovative causal model selection method, as a supplementary procedure to regression analysis.
DDA is a framework that consists of various statistical tests that can generate different result
patterns to differentiate competing models with different directions of effect (i.e., TP  TSR or
TSR  TP) and to detect potential confounding (i.e., TP  confounder  TSR). When none of
the models are selected, the results are inconclusive, which may be due to the lack of sample
size. This framework was proposed to bridge the recent advancements in data science and
common modeling practices among educational researchers. Compared to other methods widely
used by educational researchers to make causal claims with non-experimental data, DDA has
minimal theoretical assumptions; instead, it primarily holds testable distributional assumptions
and requires a large sample size to achieve desirable statistical power (Li & Wiedermann, 2020b;
Wiedermann & Li, 2018). Specifically, for the current study, we applied Conditional Direction
Dependence Analysis (CDDA; Li & Wiedermann, 2020b) as a supplementary procedure to
examine the hypothesized direction of the effect. CDDA is an extension of standard DDA and is
capable of examining the direction of effect when there is an interaction between the effect of
interest. This extension can also achieve more statistical power and avoid some bias in
moderation models. The DDA framework has been used effectively in prevention science (Musci
& Stuart, 2019; Wiedermann et al., 2020), psychology (Wendt & Bartoli, 2019), public health
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(Chew et al., 2020; Pérez-Mengual et al., 2021), and education (Sebastian et al., 2018;
Wiedermann et al., 2020). We conducted direction dependence analysis using the SPSS add-ons
that are publicly available at https://www.ddaproject.com and followed the guidelines for the
analysis and interpretation (Li et al., 2022; Li & Wiedermann, 2020a, 2020b). To control for
time-invariant confounding, teachers’ TP and TSR ratings in the models and following analyses
all have controlled for prior scores in advance, meaning the student ratings in the following
analyses were residualized variables, and therefore, prior scores are not displayed in the results.
Other potential confounding can be detected by DDA procedures (Wiedermann & Li, 2019;
Wiedermann & Sebastian, 2019). See the Appendix for more details about the method and its
implementation.
Any halo effect should be minimal as the aggregation of student ratings were used for
teacher scores (Feeley, 2006; Feldman, 1986). Moreover, various types of common method
variance should also be minimal as a result of strict student anonymity, the use of mean
aggregation, and districts’ changing of prioritized teaching practices across the years of
implementation. See the Appendix for more details about how challenges regarding the halo
effect and common method variance were addressed.
Though multilevel modeling (MLM) is a preferred method as teachers were nested within
schools, we used ordinary least squares (OLS) regression because DDA does not apply to MLM.
When a clustering effect is present, standard errors may be biased and erroneous conclusions
may be made when using OLS instead of MLM (Guo & Zhao, 2000; Hox, 1998). Therefore, we
used cluster robust standard errors for parameter testing, which is considered to be a valid
alternative to MLM (Berger et al., 2017; Cameron et al., 2011; Huang, 2016; Huang & Li, in
press; Kauermann & Carroll, 2001).
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3. Results
Table 3 shows the directional conclusions across teaching practices and grade levels. The
hypothesized TSR → TP models were supported across all grade levels in the Cognitive
Engagement in the Content (CE), Problem-Solving and Critical Thinking (PCT), and
Instructional Monitoring (IM) samples, except that a confounder effect was detected between
TSR and IM scores in middle schools. However, contrary to our hypothesis, TSRs appeared to be
an outcome, rather than antecedent, of teachers’ Affective Engagement (AE) in the Content
teaching practice in secondary schools.
Table 4 shows the regression results of the supported models. TSRs and grade level were
statistically significant predictors of CE, PCT, and IM across all grade levels after controlling for
the covariates. The local effect sizes (Cohen's 𝑓 ; Cohen, 2013) were small (𝑓
𝑓

→

= .093) to medium (𝑓

→

= .179, 𝑓

→

→

= .037,

= .316) in the four supported

models. There was a grade-level main effect on teachers’ CE, PCT, and IM scores. After
controlling for TSRs and other covariates, teachers in higher grades tended to receive better
ratings in the three teaching practices from students. Grade level did not affect TSRs after
controlling for teachers’ Affective Engagement in the Content practices and other covariates.
Furthermore, the interaction term was statistically significant for Cognitive Engagement and
Instructional Monitoring. That is, for students in higher grades, TSRs had a greater effect on
student ratings of teachers’ CE and IM practices. There was no statistically significant interaction
for Problem-Solving and Critical Thinking and Affective Engagement in the Content. Figure 2
provides the interaction plots illustrating the difference in effects among 4 th, 7th, and 10th grades.
Due to the smaller AE sample size, statistical power may be inadequate to detect the interaction
(Shieh, 2008), but this should not be the case for PCT.

HIGH QUALITY TSR LEADS TO BETTER TEACHING PRACTICES

17

Table 3
Data Supported Models across Samples and Grade Levels
Grade Levels

Direction of Effect
CE Sample

PCT Sample

IM Sample

AE Sample

4th

TSR→CE

TSR→PCT

TSR→IM

Inconclusive

th

TSR→CE

TSR→PCT

TSR→IM

Inconclusive

6th

TSR→CE

TSR→PCT

TSR→IM

Inconclusive

7th

TSR→CE

TSR→PCT

Confounder

AE→TSR

8

th

TSR→CE

TSR→PCT

Confounder

AE→TSR

9

th

TSR→CE

TSR→PCT

TSR→IM

AE→TSR

TSR→CE

TSR→PCT

TSR→IM

AE→TSR

5

10th

Note. The grade levels represent the mean of student reported grade levels. Conditional Directional
Dependence Analysis (CDDA; Li & Wiedermann, 2020b) was used to examine the direction of effect
between TSRs and TPs at particular mean grade levels, and for the current analysis, Hilbert Schmidt
Independence Criterion (HSIC; based on 200 bootstrap resamples) and the cube-based Higher Order
Correlation Difference test (ΔHOCc; based on 1000 bootstrap resamples and 95% bootstrap confidence
interval) are used. See the Appendix for more details.
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Table 4
Regression Results of the Supported Models
B(SE)
Problem-solving and
Teacher Student
Cognitive Engagement
Instructional Monitoring
Outcomes
Critical
Thinking
Relationships
(R2 = .384,
(R2 = .629,
2
Predictors
(R = .476,
(R2 = .625,
n = 566)
n = 733)
n = 672)
n = 217)
Intercept
-.091(.367)
.530(.285)
.414(.267)
.436(.258)
Affective Engagement
−
−
−
.871(.071)***
TSR
.425(.086)***
.639(.082)***
.662(.058)***
−
Grade level
.069(.030)***
.092(.019)***
.043(.016)**
-.023(.021)
Teacher years of experience
.002(.003)
-.001(.002)
-.001(.003)
-.004(.004)
Free/Reduced lunch (%)
-.001(.002)
-.001(.002)
.002(.001)
.003(.003)
Enrollment (100ct)
-.002(.007)
-.010(.006)
-.008(.005)
.024(.009)*
White enrollment (%)
-.002(.004)
-.007(.002)***
-.005(.002)*
-.007(.003)*
MAP proficiency rate (%)
-.002(.006)
-.005(.004)
-.002(.004)
.001(.004)
Core subject
.203(.051)***
.160(.040)***
.033(.030)
.117(.047)*
TSR × Mean Grade levels
.058(.020)*
.022(.022)
.047(.016)**
−
AE × Mean Grade levels
−
−
−
-.005(.034)
Note. Both TSRs and TPs are residualized scores for 2018-2019 school year controlling both prior TSR and TP scores. Therefore, prior scores are not listed here
as predictors. See Table A3 in the Appendix for the results of prior-score-only models. The parameter tests are based on adjusted cluster-robust standard errors
(Cameron et al., 2011).
*** p < .001, ** p < .01, * p < .05
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Predicted Outcome Scores Across Selected Mean Grade Levels

Note. Shading represents the 95% confidence intervals.
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Core subject teachers, compared to teachers in other subject areas (e.g., physical and
health education, fine arts, foreign languages), were rated higher in Cognitive Engagement and
Problem-Solving and Critical Thinking, but similar in Instructional Monitoring. In the AE
sample, core subject teachers tended to have better relationships with students, when controlling
for other variables. Other control variables – teacher years of experience, school free or reduced
lunch percentage, or school-level MAP proficiency rate – did not show any significant influence
on student ratings of either TSR or teaching practices. Thus, these variables do not have a
detectable effect within the scope of one school year, after controlling for the previous year’s
survey ratings, in this sample.
4. Discussion
Substantial research indicates that positive teacher-student relationships (TSRs) are
linked to increased motivation and achievement in students. We hypothesize the same effect for
teachers, although this has not been a focus of the research literature. Our hypothesis is
supported by both Self-Determination Theory and Leader-Member Exchange Theory which
predicts that adults increase effort and performance in work contexts where they have positive
relationships. That is, positive TSRs should lead to teacher’s greater use of high-impact teaching
practices that are complex and effortful to implement. We explored our hypothesis using archival
data from a state-wide authentic teacher growth and evaluation system, the Network for Educator
Effectiveness (NEE), in Missouri, USA. Our analysis revealed three key results: (1) positive
TSRs predict higher-quality instruction and this effect varies by (2) teaching practice and (3)
grade level.

HIGH QUALITY TSR LEADS TO BETTER TEACHING PRACTICES

21

4.1 Positive Teacher-Student Relationships Lead to Higher-Quality Teaching
Our results, using student ratings, confirm our hypothesis that positive TSRs lead primary
and secondary teachers to more effectively enact three complex teaching practices examined in
this study – Cognitive Engagement (CE) in the Content, Problem-Solving and Critical Thinking
(PCT), and Instructional Monitoring (IM). Our study supports previous studies that found
classrooms with more positive TSRs, have teachers who are more likely to check-in, monitor,
scaffold, and/or provide constructive feedback to students (Reddy & Dudek, 2014; van de Pol et
al., 2010), have greater confidence in their students’ abilities (Summers et al., 2017), and use
better scaffolding strategies for critical thinking (Daws, 2005). We extended these studies by
testing the direction of effect between positive TSRs and high-quality teaching practices.
Furthermore, our results extend research using LMX theory (Gerstner & Day, 1997) from the
field of organizational psychology to the field of education by demonstrating that positive
relationships may lead to improved performance among adult workers.
4.2 The Effect Varies by Teaching Practice
An exception to our results discussed above was use of teaching strategies to promote
Affective Engagement in the Content. Contrary to our hypothesis, our results indicate that AE is
more likely to lead to, rather than result from, positive TSRs in secondary schools. That is, when
teachers put effort into making lessons interesting and enjoyable for students, and provide
opportunities for autonomy in choosing learning tasks, secondary students view their teacher as
more caring. This study supports previous literature indicating that making lessons interesting is
perceived by students as an act of caring (Jeffrey et al., 2013; Wentzel, 1997, 2009). We extend
these studies by using quantitative data to test the direction of the effect.

HIGH QUALITY TSR LEADS TO BETTER TEACHING PRACTICES

22

Our results support the logic model in Figure 3 for secondary grades. That is, teachers’
use of strategies that affectively engage students in the content leads to positive TSRs. Recall
that Affective Engagement in the Content refers to positive emotions toward the content or lesson
activities, not toward the teacher. Other factors may be involved in promoting positive TSRs as
well, such as being sensitive and warm, using non-coercive discipline, and behaving prosocially
toward students (Bergin & Bergin, 2009; Prewett et al., 2019). When positive TSRs are
established, they may motivate teachers to engage in more complex teaching practices (CE, IM,
PCT) with greater frequency and higher quality.
Figure 3
Association between Teaching Practices and Teacher-Student Relationships

Affective
Engagement in
the Content
+ Other Factors

Positive
TeacherStudent
Relationships

Increased Use of
Complex
Teaching Practices
(Cognitive engagement, Critical
Thinking, Instruction Monitoring)

Given that our hypothesized TSR → AE model was rejected, we are more confident that
a halo effect was not strongly present. That is, the mean aggregated student ratings of the other
teaching practices were not a biased result of the halo effect from student relationships with their
teachers, after prior teachers’ scores were controlled. Our reasoning is that neither a consistent
confounding effect nor a consistent driving force of all four teaching practices were identified.
That is, neither the general impression halo model nor the salient dimension halo model was
supported. See the Appendix for more details.
4.3 The Effect Varies by Grade Level
4.3.1. Main Effect
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There was a statistically significant positive main effect for grade level on teaching
practices while controlling for other covariates. That is, older students reported teachers more
frequently used the effortful, complex, high-impact teaching practices we studied. One possible
explanation is that it is easier for teachers to use Cognitive Engagement, Problem-Solving and
Critical Thinking, and Instruction Monitoring strategies with older students because of their
increased cognitive abilities. In adolescence, information processing speed, complex working
memory, executive functioning (Coyle et al., 2011; Kail & Ferrer, 2007; Luciana et al., 2005;
Steinberg, 2009), use of memory strategies, and vivid recall (Brainerd et al., 2004) increase.
These cognitive developments allow adolescents to reason abstractly, incorporate new
information, and monitor learning progress faster and easier. In addition, as course content
becomes more challenging in higher grades, teachers may tend to use these complex strategies
more often. Furthermore, teacher certification requires teachers in secondary grades to have
deeper content expertise. As content specialists, rather than generalists, secondary teachers may
engage in more complex teaching practices regarding their subject of expertise. However, there
is mixed evidence on whether teacher certifications are actually associated with student
outcomes (Goldhaber & Brewer, 2000; Kusumawardhani, 2017). These explanations are
speculative and need to be confirmed by further research.
4.3.2 Interaction Effect
There was also a statistically significant interaction effect between TSRs and grade level
for CE and IM (see Figure 2). As we mentioned above, positive teacher-student relationships
tended to decrease steadily from 1st grade to the end of middle school, before stabilizing in high
school (Gillen-O'Neel & Fuligni, 2012; Hughes et al., 2012). Because TSRs are lowest for
teachers in higher grades, the effect of positive relationships on teaching practices may be
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stronger for teachers who manage to have positive relationships despite the developmental trend.
Supporting this logic, a meta-analysis found a stronger effect between TSRs and achievement in
secondary schools compared to primary schools, with student engagement as a mediator (Roorda
et al., 2017).
In contrast, there was not a statistically significant interaction effect between TSRs and
grade level for PCT and AE. This suggests that TSRs have an equal effect on Problem-Solving
and Critical Thinking across all grade levels. A possible explanation is that PCT is a challenging
and rare teaching practice (Willingham, 2008), therefore, teachers may not use it frequently
during class even though they have good relationships with the students. As for Affective
Engagement in the Content, the effect may simply be undetectable due to the small sample size.
4.4 Implications for Practice
Our results suggest that when teacher-student relationships (TSRs) are positive, teachers
are more likely to engage in effortful, complex, high-impact teaching practices that are
associated with student learning. Our results suggest that when schools aim to improve quality of
teaching practices, they would do well to attend to improving the quality of TSRs first. One way
to improve TSRs may be to use teaching strategies that affectively engage students in the
content. Effects are likely to occur for all students but may be strongest for secondary students.
4.5 Limitations
A major limitation of the current study is the small size of the AE sample for primary
grades, which reduced the interpretability of results. We cannot rule out a confounding variable
in the relationship between Affective Engagement in the Content and TSRs in lower grade levels.
Another limitation is that, since our archival data were collected from an authentic teacher
evaluation system where student-level information was strictly anonymous, student-level
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measurement error cannot be fully taken into consideration, although it was attenuated by using
mean aggregation (Dunn et al., 2015; Richter & Brorsen, 2006). Further, schools in the samples
have somewhat lower math proficiency rates than the state average, which may be a result of
selection bias into the teacher evaluation system. Therefore, the samples of the study are
representative of schools with somewhat lower student performance in math
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Appendix
Supplementary Statistical Analysis and Results
We hypothesized that positive teacher-student relationships would predict higher-quality
teaching practices. To test this, we conducted four regression models. The outcome variables
were high-quality teacher practices (Cognitive Engagement, Problem-Solving and Critical
Thinking, Instruction Monitoring, and Affective Engagement in the Content). The predictor
variables included TSR, teacher-level variables (taught a core subject, grade level, years of
experience), and school-level variables (total enrollment, White enrollment, free lunch, MAP
proficiency rate). In addition, an interaction between TSRs and grade level was included.
Contrary to our hypothesis, it is also possible that the direction of the effect is reversed.
That is, Teaching practices (TPs) may predict TSRs, or that both are due to an unspecified
confounding variable. Since an experimental design is not an option for the current inquiry due
to ethical concerns, we have to rely on observational data to examine the hypothesized direction
of effect, and at the same time address the consequential methodological challenges, including an
alternative direction of effect (i.e., TPs → TSR), potential confounder, illusory halo, and
common method variance.
Alternative Direction of Effect
Establishing cause-effect relationships between variables is one of the focal interests of
educational researchers. Though conventionally causal direction or the direction of effect is
examined with experimental or quasi-experimental studies in the educational context, we used an
innovative method, Direction Dependence Analysis (DDA; Li & Wiedermann, 2020b;
Wiedermann & Li, 2018; Wiedermann & von Eye, 2015) to validate the hypothesized models
(TSR → TP) against models with the alternative direction of effect (TP → TSR).
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In the current study, we investigated whether our hypothesized direction of effect – that
positive TSRs cause higher-quality teaching practices – was supported across grade levels. That
is, CDDA was used to validate the hypothesized explanatory model (i.e., TSR → TP) against the
plausible alternative model (i.e., TP → TSR), with a reversed flow of causality between the two
variables across grade levels.
Potential Confounder
Although we have included variables that may affect both TSRs and TP, to minimize
potential confounding, we also adjusted both the TP and TSR scores for the 2018-2019 school
year using the prior scores. Specifically, as CDDA requires the same set of covariates in the
competing models (Li et al., 2020; Li & Wiedermann, 2020b), we use both prior scores to obtain
the adjusted scores (i.e. 𝒆𝑻𝑷 and 𝒆𝑻𝑺𝑹 ) shown in Eq. (A.1) and Eq. (A.2),
𝑇𝑃
𝑇𝑆𝑅

= 𝑏 𝑇𝑃
= 𝑏 𝑇𝑃

+ 𝑏 𝑇𝑆𝑅
+ 𝑏 𝑇𝑆𝑅

+ 𝒆𝑻𝑷
+ 𝒆𝑻𝑺𝑹

𝐸𝑞. (𝐴. 1)
𝐸𝑞. (𝐴. 2)

where the subscripts of TP and TSR indicate the school year; 𝑏 , 𝑏 , 𝑏 and 𝑏 are the
coefficients (𝑏 𝑎𝑛𝑑 𝑏 are not statistically significant); and 𝒆𝑻𝑷 and 𝒆𝑻𝑺𝑹 are the residuals
representing the teacher-level variance unexplained by the prior scores, and are the focal
variables we used for the analysis. Using the residualized variables, the models we build are to
examine the synchronous effect between TSR and TP controlling their prior scores and crosslagged effects (Li et al., 2020). That is to say, the scope of the analysis will be narrowed within
the 2018-2019 school year and potential time-invariant confounders can be greatly reduced
(VanderWeele, 2019). Besides the efforts to minimize potential confounding, we also used the
DDA framework to test confounding effects (Wiedermann & Li, 2019; Wiedermann &
Sebastian, 2019).
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Assumption Check and Implementation
Table A1
The List of Outliers Excluded from Conditional Direction Dependence Analysis
Mahalanobis' Distance
Outliers

#1
#2
#3
#4
#5
#6
#7
#8
#9
#10
#11

DFBETA

CE
Sample

PCT
Sample

IM
Sample

CE
Sample

PCT
Sample

IM
Sample

36.87
33.17
29.59
27.68

61.84
61.15
60.74
58.46
58.30
58.23
57.97
57.06
28.90
26.76
26.71

48.20
47.53
46.57
44.45
44.24
44.20
44.09
44.05
43.06
30.28

-0.000
-0.002
0.002
0.000

.000
-.002
.000
.000
.000
.001
.000
.000
-.001
.001
.001

.000
.001
.000
.001
.000
.000
.000
.000
.000
-.001

Mean Grade Level | Years of
Experience | Core subject (T/F)
CE
PCT
IM
Sample
Sample
Sample
8 |14| F
5|0|F
6|9|F
6 |14| F

5| 22| T
6|2|T
4|1|F
6|7|F
4|4|T
6|3|T
4|9|T
5|5|T
5|0|F
4|3|F
4 |15| F

5 |22| T
6|2|T
4|1|F
6|3|T
5|0|T
4|4|T
6|7|F
4|9|T
5|5|T
4|0|F

Note. Mahalanobis' Distance is used to detect multivariate outliers (𝜒 ≥ 26.13, 𝑑𝑓 = 8, 𝑝 < .001), and no outliers
were identified in the AE sample. DFBETA indicates the influence of individual cases on the main effect of Teacherstudent relationships on respective teaching practices.

Following Wiedermann and Li (2018), the distribution assumptions of the adjusted focal
variables were examined, and multivariate outliers were excluded from CDDA but not from the
multiple regression analysis, as these cases may bias the directional conclusion but are not
influential on the main effect (see Table A1 for a list of the excluded cases). Two CDDA tests
were used, including the Hilbert Schmidt Independence Criterion (HSIC; Gretton et al., 2005)
and the cube-based Higher-Order Correlation Difference test (ΔHOC c; Wiedermann & Li, 2018)
after we built the conventional multiple regression models and their alternative models with
reversed causal directions. That is, our focal variables, adjusted TSRs and TP, served in turns as
the dependent and the independent variables in pairs of competing models across each sample.
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HSIC was used to examine residual-predictor independence in the regression models. A HSIC
value not significantly different from zero indicates the model is more likely to have the “true”
direction of effect when its directionally competing model shows a non-zero HSIC value. When
HSIC values in both competing models are significantly larger than zero (i.e., a predictorresidual dependence was observed in both models) an unconsidered confounder may exist
(Wiedermann & Li, 2020). The ΔHOCc test was used to examine the distributional properties of
our hypothesized dependent and independent variables after controlling other covariates. A
positive value indicates a model is more likely to be directionally “true” when its competing
model is not shown positive. Both tests are based on bootstrap procedures.
The Halo Effect
Halo effect (Thorndike, 1920), or illusory halo (Cooper, 1981), is a pervasive challenge
when teachers are evaluated by students (Wolfe & Song, 2015). It represents the added constant
(positive or negative) to all of a given rater’s true scores (Feeley, 2006; Feldman, 1986). The
halo effect is likely to be minimal in the current study because it can be reduced by a factor equal
to the number of raters per teacher when mean aggregation is used and when raters have
adequate experience with the ratees (Feeley, 2006; Feldman, 1986). However, since CDDA is
capable of evaluating causal models, to probe the potential role of any remaining halo, we
examined how our data may fit the three causal models (Fisicaro & Lance, 1990; Solomonson &
Lance, 1997) that are often used to explain halo effect: 1) the general impression model, which
suggests that a separate general impression affects the observed scores; 2) the salient dimension
model, which indicates that one salient trait influences the evaluations of other traits; and 3) the
inadequate discrimination model, which attributes the halo to the raters’ failure to discriminate
among conceptually distinct aspects of a ratee’s behavior. Previous analysis of TESS indicated
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that both upper primary and secondary students do distinguish the dimensionality of teacher
effectiveness (Grajeda et al., 2017), so the first and the second models are our models of interest.
A confounding effect is detectible with CDDA when the general impression model better
explains the halo, and the halo effect is big enough to bias our model estimates. Otherwise, the
salient dimension model may be a better model to explain the data when TSRs is shown to be a
driving force for all four teaching practices, though it is equally possible that the TSR→TPs
hypothesis may reflect the true direction of effects.
Common Method Variance (CMV)
As both the dependence and independent variables were from the same survey by the
same group of students through the same platform, common method variance (CMV) may exist
and bias the variance between the constructs of TSRs and TP. CMV is the spurious variance
between dependent and independent variables due to shared method and/or source (Podsakoff et
al., 2003). Since we have controlled teachers’ prior scores measured with the same items through
the same platform, CMV due to item characteristic effects and measurement context effects were
controlled. In addition, item context effects were also addressed as different districts prioritized
different teaching practices over years, and therefore, the context of the item was not the same
across districts and years. Moreover, mean aggregation of student ratings and strict student
anonymity also helped minimize common rater effects and other measurement errors (Feeley,
2002; Podsakoff et al., 2003; Richter & Brorsen, 2006).
Results
Before addressing our research questions, we investigated the association between
variables without regard to causal direction by examining the eight regression models. That is,
four multiple regression models as our hypothesized models with the interaction terms between
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grade level and TSRs (i.e., TSR | Grade Level → TP) and four corresponding alternative models
with the interaction terms between grade level and TPs(i.e., TSR | Grade Level → TP). There
was a statistically significant relationship between TSRs and teaching practices in all of the eight
models. Therefore, before interpreting the results of the multiple regression analyses, it is
necessary to select the models with the direction of effect better supported by the data. The
CDDA results are displayed in Table A2.
Cognitive Engagement (CE)
To interpret Table 4 and Table 5, look at the column for CE first. For all grades
𝑝

(

→

)

> .05 and 𝑝

(

→

)

< .05. This means that the hypothesized model (TSR → CE) is

more likely to be the “true” model. Moreover ∆𝐻𝑂𝐶 supports the same conclusion for all grade
levels as ∆𝐻𝑂𝐶

(

→

)

> 0 (the zero point is below the 95% bootstrap confidence interval

(BCI) in the target model), and ∆𝐻𝑂𝐶

(

→

)

≯ 0 (the zero point is within or above the 95%

BCI).
Problem-Solving and Critical Thinking (PCT)
Similarly, the hypothesized TSR → PCT model was also supported by both HSIC and
∆𝐻𝑂𝐶 tests across grade levels, except for 5th and 6th grades. As HSIC remains powerful across
all the grades for the PCT sample, it is less likely that it consists of cases with different directions
of effect (Li & Wiedermann, 2020b). That is to say, Problem-Solving and Critical Thinking is
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Table A2
Conditional Direction Dependence Analysis Results across Grades
Hypothesized Models
Grade
Levels
th

4
5th
6th
7th
8th
9th
10th

TSR → CE

TSR → PCT

HSIC

ΔHOCc

HSIC

ΔHOCc

HSIC

.033
.004
.007
.016
.050
.033
.015

.51~17.24
3.23~28.15
7.73~31.70
2.22~ 9.18
1.16~7.76
1.68~12.72
.92~ 6.58

.003
.005
.009
.016
.037
.034
.014

3.87~14.72
7.54~23.49
11.26~27.65
1.77~7.91
1.71~7.25
2.81~11.13
1.48~6.54

.004
.008
.022
.075**
.046*
.017
.008

Alternative Models
PCT→ TSR

CE→ TSR
HSIC
th

TSR → IM

**

ΔHOCc

HSIC

ΔHOCc

***

ΔHOCc
4.70~16.68
8.10~22.87
7.39~21.90
-.88~3.10
-.00~7.96
1.63~16.77
.83~13.00

TSR → AE
HSIC
.002
.005
.012
.073***
.027*
.009*
.004*

IM→ TSR
HSIC

ΔHOCc

ΔHOCc
2.61~23.49
3.78~34.61
-7.11~7.85
-.82~ 3.77
.74~9.28
-1.3~5.84
-.99~ 2.71

AE→ TSR
HSIC

ΔHOCc

*

4
.074
-.83~ 7.24
.029
-.52~13.40
.012
5.89~38.08
.001
3.69~38.45
th
***
***
***
5
.027
-.50~9.21
.049
.90~18.05
.025
8.55~51.97
.002
7.32~55.53
6th
.058**
-.18~1.36
.084***
2.43~17.77
.057**
7.54~39.35
.004
3.14~26.73
th
***
***
***
7
.149
-3.06~ 1.88
.170
-2.28~1.88
.121
-.88~3.10
.011
-2.04~ 1.98
8th
.174***
-2.38~1.18
.137***
-2.24~.87
.112***
-.11~5.24
.006
-.76~5.15
th
**
*
***
9
.074
-1.31~5.75
.049
-1.71~1.65
.045
3.00~13.83
.002
-1.28~3.89
th
***
*
*
10
.032
-1.63~ 3.89
.021
-2.29~1.25
.015
2.78~12.25
.001
-1.05~ 2.48
Note. Both focal variables in each model, are for 2018-2019 school year while adjusting the prior year scores; Hilbert Schmidt Independence Criterion
(HSIC; based on 200 bootstrap resamples) and the cube-based Higher Order Correlation Difference test (ΔHOC; based on 1000 bootstrap resamples and
95% bootstrap confidence interval) are used in CDDA (Li & Wiedermann, 2020b)
*** p < .001, ** p < .01, * p < .05
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less likely to be a mixture sample with some grades supporting the TSR→PCT model and the
others supporting the PCT→TSR model. In addition, the interaction term in neither the
hypothesized model nor the alternative model is significant. As neither scenario of moderation
was the case, we can exclude the possibility of grade-level being a moderator. Therefore, as
ΔHOCc seemed not powerful enough to identify the direction of effect for 5 th and 6th grades, i.e.,
the test returned positive ranges for both competing models, it makes more sense to use standard
Direction Dependence Analysis instead. The results support our hypothesized model,
𝐻𝑆𝐼𝐶 (

→

.001; ∆𝐻𝑂𝐶

)

(

= .022, 𝑝
→

)

(

→

)

> .05; 𝐻𝑆𝐼𝐶 (

→

)

= .022, 𝑝

(

→

)

<

= 1.691, 95%BCI [.29, 2.86].

Instructional Monitoring (IM)
The hypothesized TSR → IM model was supported by HSIC across grades except for the
7th, and 8th grades, where both 𝑝

(

→

)

and 𝑝

(

→

)

were smaller than .05. Therefore, an

unconsidered confounder may exist between the two variables in middle schools. ∆𝐻𝑂𝐶 does
not differentiate the competing models for the IM sample, as shown in Table 4 and Table 5,
because ∆𝐻𝑂𝐶 results would be biased when a confounder exists (Li & Wiedermann, 2020b), as
indicated by HSIC results here.
Affective Engagement in the Content (AE).
Finally, the hypothesized TSR → AE model was not supported as 𝑝
𝑝

(

→

)

(

→

)

< .05 and

> .05 for 7th to 10th grades but the p-value of both models was greater than .05 for

lower grades. This means that for teachers at or above 7th grade, the alternative model was
supported instead. That is, teachers’ use of high-quality practices to affectively engage students
may result in better TSRs in secondary schools but not in upper primary schools. The inclusive
results were probably due to the smaller sample size. It is less likely that the hypothesized
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TSR → AE model would be supported for teachers in lower grade levels (41.5% of cases)
because HSIC is capable of identifying mixture samples consisting of two subsamples of similar
sizes but reversed causal direction such that some cases in a sample support the X→Y model
while the others support the Y→X model (Li & Wiedermann, 2020b). As the AE sample is
smaller than suggested by Wiedermann and Li (2020) to detect a potential confounder, we
cannot rule out the possibility that there was an unconsidered variable associated with both TSRs
and AE for lower grade teachers. In addition, the smaller sample size contributes to unreliable
∆𝐻𝑂𝐶 test results for CDDA, because it does not have consistent performance when the sample
size is smaller than 400 (Li & Wiedermann, 2020b). Similar to the PCT sample, as grade levels
may not serve as a moderator, we also used standard DDA as a supplementary analysis for the
AE sample. The alternative model was also favored by both tests, 𝐻𝑆𝐼𝐶 (
𝑝

(

→

)

< .05; 𝐻𝑆𝐼𝐶 (

→

)

= .010, 𝑝

(

→

)

> .05; ∆𝐻𝑂𝐶

(

→
→

)

)

= .031,

=

−.463, 95%BCI [−2.59, −.22]. Therefore, we can conclude with caution that the alternative
hypothesis is more likely to be “true” for Affective Engagement across secondary grade levels but
not necessarily for lower grade levels.
Since the prior scores were partitioned out before we build models for direction
dependence analysis and cluster-robust regression analysis, we examined the prior-score only
models that are supported by direction dependence analysis. The results are shown in Table A3.
All prior scores are significant predictors
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Table A3
Results of Prior-Score Models Supported by CDDA
B(SE)
Outcomes
Predictors

Cognitive Engagement
(R2 = .433,
n = 566)

Problem-solving and
Critical Thinking
(R2 = .399,
n = 672)

Instructional Monitoring
(R2 = .461,
n = 733)

Teacher Student
Relationships
(R2 = .610,
n = 217)

Intercept

.014(.029)

.065(.027)*

.049(.024)*

.019 (.039)

Prior Scores

.664(.032)***

.606(.029)***

.633 (.025)***

.702 (.038)***

Note. Outcome variables in the models are the scores for the 2018-2019 school year. Prior Scores in the models are those for the 2017-2018 school year.
*** p < .001, ** p < .01, * p < .05
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