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Professionals can learn and improve their per-
formance through their interactions with peers 
(Eraut & Hirsh, 2010; Leana & Pil, 2006; Pil & 
Leana, 2009; Supovitz, Sirinides, & May, 2010). 
Although not all such interactions enable teacher 
learning (Achinstein, 2002; Coburn & Russell, 
2008; Grossman, Wineburg, & Woolworth, 2001; 
Hargreaves, 2000), teachers’ peer interactions 
can, under the right circumstances, enable learn-
ing about teaching (Coburn & Russell, 2008; 
Horn, 2005; Little, 1990, 1993; Parise & Spillane, 
2010; Smylie, 1995). Recent research demon-
strates that lower performing teachers can benefit 
from interacting with higher performing peers in 
ways that improve their students’ performance. 
One study, for example, shows that teachers’ per-
formance increases when they work alongside 
more effective colleagues, with 20% of what is 
commonly thought of as an individual teacher’s 

“value added” attributable to that teacher’s peers 
(Jackson & Bruegmann, 2009). Another study 
demonstrates that teacher performance improves 
when a more effective teacher joins a grade- 
level team (Sun, Loeb, & Grissom, 2017). Under-
standing what might account for which peers 
teachers interact with about instruction, then, is 
important.

Recent work identifies several predictors of 
these interactions, finding that teachers’ individ-
ual characteristics such as race, gender, and 
instructional beliefs (Coburn, 2001; Spillane, 
Hopkins, & Sweet, 2015; Spillane, Kim, & Frank, 
2012), aspects of the educational infrastructure 
such as formal position and grade-level assign-
ment (Coburn & Russell, 2008; Spillane et al., 
2015; Spillane et al., 2012), and even schools’ 
physical infrastructures (Spillane, Shirrell, & 
Sweet, 2017) all predict the likelihood of teacher 
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interactions about instruction. Indeed, some 
school systems are intentionally redesigning their 
educational infrastructures to influence with 
whom and how teachers interact about instruc-
tion, focusing on aspects of the infrastructure 
such as teacher leadership and coaching posi-
tions, and creating structured time for teacher col-
laboration (Coburn, Mata, & Choi, 2013; Coburn 
& Russell, 2008; Penuel, Sun, Frank, & Gallagher, 
2012; Spillane, Shirrell, & Hopkins, 2016; Sun, 
Penuel, Frank, Gallagher, & Youngs, 2013; Sun, 
Wilhelm, Larson, & Frank, 2014; Supovitz, 
2006). Our study is based on data from one such 
district that designed and implemented an educa-
tional infrastructure to support teachers’ interac-
tions about mathematics instruction as they 
implemented a new inquiry-oriented math curric-
ulum—a core and anchoring component of the 
infrastructure.

Another predictor of workplace interactions is 
the expertise of the individuals being sought out 
for advice. Research suggests that individuals 
seek advice from those whom they perceive as 
having expertise (Adler & Kwon, 2002; Coburn, 
Choi, & Mata, 2010; Coburn et al., 2013; Coburn 
& Russell, 2008; Penuel, Riel, Korbak, & Means, 
2004; Rivera, Soderstrom, & Uzzi, 2010; 
Spillane, Hallett, & Diamond, 2003). Given that 
teachers’ interactions with higher performing 
peers lead to improvements in teachers’ own per-
formance (Jackson & Bruegmann, 2009; Sun 
et al., 2017), understanding how teachers identify 
expert peers is crucial to creating school work 
environments that enable interactions about 
teaching.

There are several plausible ways that teachers 
might identify expert teachers among their peers. 
One possibility is that teachers use their peers’ 
social status to identify expertise, assuming that 
peers who are more sought out for advice are 
experts (Bridwell-Mitchell & Cooc, 2016). 
Teachers may also use assignment to “formal” 
organizational roles such as leadership positions, 
participation in formal training such as profes-
sional development, or degree attainment as indi-
cators of expertise (Spillane et al., 2003; Spillane 
et al., 2015). A third possibility is that teachers 
rely on student performance as an indicator of 
teacher expertise; in particular, as school systems 
focus increasingly on using student test scores to 
evaluate teacher performance (Donaldson & 

Papay, 2015; Jackson, Rockoff, & Staiger, 2014; 
Steinberg & Donaldson, 2016), this test data may 
have become a more salient indicator of exper-
tise. Although research documents that percep-
tion of expertise influences with whom teachers 
interact about instruction, we found only one 
study showing that teachers are more likely to 
seek advice from colleagues based on their stu-
dents’ achievement gains (Wilhelm, Chen, Smith, 
& Frank, 2016).

In this article, we explore how teachers iden-
tify experts among their peers and whether and 
how teachers use the test performance of their 
colleagues’ students in these determinations. 
Using a longitudinal mixed methods case study 
of one local school district that was working to 
shape teachers’ interactions about instruction, we 
first analyze interviews to explore the ways that 
teachers think about the best teachers of mathe-
matics among their colleagues, paying particular 
attention to the ways teachers describe the role of 
student test data in these constructions of teach-
ing expertise. We then use social network analy-
sis to examine whether measures of the test 
performance of teachers’ students predict teach-
ers’ instructional advice and information seeking 
behavior. Our analysis explores how teachers use 
various types of information to construct their 
ideas of the most expert mathematics teachers 
among their peers; whether these constructions 
include the test performance of teachers’ stu-
dents; and whether or not student test perfor-
mance predicts teacher interactions about 
instruction. We focus on mathematics for two 
reasons: first, district reform efforts were focused 
on mathematics in the district we studied; and 
second, other work suggests that teachers’ inter-
action patterns about their teaching differ 
depending on the school subject (Spillane & 
Hopkins, 2013).

We argue that while school staff report know-
ing the best mathematics teachers among their 
peers, they generally do not rely on student test 
scores to identify those experts. Instead, in iden-
tifying experts they rely on their own direct or 
indirect knowledge of their colleagues’ teaching 
approaches; their colleagues’ excitement about, 
knowledge of, and understanding of mathemat-
ics, as demonstrated in meetings; and their col-
leagues’ subject-specific formal positions and/or 
training. Furthermore, we find that various 
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components of the school district’s educational 
infrastructure to support elementary math educa-
tion created opportunities for teachers to build 
this direct and indirect knowledge about col-
leagues’ math expertise. Consistent with our 
qualitative analysis, we find that, despite an 
extensive infrastructure focused on state and 
local tests, school staff were not more likely to 
seek out colleagues for instructional advice when 
those colleagues’ students performed better on 
tests; instead, we find that higher performing 
teachers were more likely to seek advice and 
information than were lower performing teach-
ers. We conclude by discussing the implications 
of our findings for policy, practice, and research.

Theoretical and Empirical Anchors

To ground our work, we first review the litera-
ture on the factors associated with teachers’ 
instructional advice and information seeking 
behavior. We then review work on the role of 
instructional expertise in predicting teacher peer 
interactions, as well as work on teachers’ and 
school leaders’ understandings of student test 
scores as measures of teacher performance.

Predictors of Peer Interactions in the 
Workplace

Because social interactions are neither “a nat-
ural given” nor “a social given” (Bourdieu, 1986, 
p. 249), it is essential to identify those factors 
associated with the presence (or absence) of peer 
interactions, to better understand what might 
account for teachers’ interactions with one 
another (Coburn, 2001; Small, 2009; Spillane 
et al., 2012). Prior work suggests that individuals 
tend to interact with those that are similar in 
terms of age, race, gender, education, and values, 
a finding commonly referred to as “homophily” 
(Feld, 1982; Ibarra, 1992; Leenders, 1996; 
Marsden, 1987; McPherson, Smith-Lovin, & 
Cook, 2001; Mollica, Gray, & Trevino, 2003; 
Monge & Contractor, 2003; Shrum, Cheek, & 
Hunter, 1988). Recent work on schools suggests 
that individual characteristics—in particular gen-
der, race, and age—influence interactions among 
school staff (Frank & Zhao, 2005; Moolenaar, 
Sleegers, & Daly, 2012; Spillane et al., 2015; 
Spillane et al., 2012). In one recent study, for 

example, similarity of race and gender were 
associated with instructional advice and informa-
tion interactions in schools (Spillane et al., 2012).

At the same time, organizational factors are 
also important to interpersonal interactions in the 
workplace. This is to be expected, as it has long 
been theorized that the formal organizational 
structure can enable and constrain interactions 
among its members (Blau, 1955; Blau & Scott, 
1962). In education, several recent studies sug-
gest that organizational factors do indeed matter 
to teachers’ interactions, and have a larger influ-
ence than individual factors on the likelihood of 
such interactions (Spillane et al., 2015; Spillane 
et al., 2012). Specifically, teachers in the same 
grade level are more likely to interact with one 
another about teaching (Frank & Zhao, 2005; 
Moolenaar, Karsten, Sleegers, & Daly, 2014; 
Penuel, Frank, & Krause, 2010; Spillane et al., 
2012; Sun et al., 2013; Wilhelm et al., 2016), and 
teachers that teach multiple grades are less likely 
to seek and provide advice and information 
(Spillane et al., 2016). Similarly, having a formal 
leadership position in the school positively pre-
dicts providing advice and information to col-
leagues (Moolenaar et al., 2012; Spillane et al., 
2015; Spillane et al., 2012; Wilhelm et al., 2016).

Expertise, Student Test Scores, and Peer 
Interactions

Although teachers who interact with peers 
whose students perform higher improve their 
own students’ performance (Jackson & 
Bruegmann, 2009; Sun et al., 2017), we know 
less about whether student test performance is a 
measure of expertise that teachers consider when 
determining whom among their colleagues to 
seek out for instructional advice. We found only 
one study that directly examined the role of stu-
dent test data in teachers’ instructional advice 
seeking behavior. This study, involving 109 mid-
dle school math teachers in 27 schools, examined 
whether five types or measures of expertise 
related to mathematics instruction (i.e., years of 
teaching experience, capacity to enact inquiry-
oriented instruction, mathematical knowledge 
for teaching, instructional vision, and ability to 
improve student achievement) predicted whom 
teachers sought for mathematics instructional 
advice (Wilhelm et al., 2016). The researchers 
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found that teachers were more likely to seek 
advice from colleagues whose student achieve-
ment gains were better than their own, but the 
other four forms of expertise did not predict who 
teachers sought out for advice.

Still, research does suggest that perception of 
expertise is often a reason given for seeking 
someone out for advice (Adler & Kwon, 2002; 
Rivera et al., 2010). Several studies of teacher 
interactions show that teachers reach out to peers 
when they perceive them to have expertise 
(Coburn et al., 2010; Coburn et al., 2013; Coburn 
& Russell, 2008; Penuel et al., 2004; Spillane 
et al., 2003). One study involving 84 teachers in 
eight elementary schools in a large urban district, 
for example, found that teachers construct other 
school staff as instructional leaders that influence 
their teaching based on an assessment of their 
instructional expertise, among other factors 
(Spillane et al., 2003). Specifically, in discussing 
peers who influenced their teaching, teachers 
referred to their instructional knowledge, skills, 
and expertise as the basis for their influence 
(Spillane et al., 2003). Another study, involving 
four elementary schools in a mid-sized urban 
school district, found that one reason that teach-
ers gave for reaching out to particular peers for 
instructional advice was the peers’ knowledge 
and expertise in mathematics and mathematics 
instruction (Coburn et al., 2010; Coburn et al., 
2013). Furthermore, the same studies showed 
that, over time, expertise became a more impor-
tant basis for interacting with peers, due to school 
district efforts to reform mathematics instruction 
that included the creation of formal structures 
that enabled teachers to interact with one another 
(Coburn et al., 2010; Coburn et al., 2013).

Although the above-mentioned studies docu-
ment the role of teaching expertise in shaping 
who teachers reach out to for instructional advice, 
this work (with the exception of one study) pro-
vides no evidence that student performance, as 
measured by test scores, is a means by which 
teachers assess their colleagues’ expertise. 
Instead, these studies generally find that teachers 
refer to their peers’ instructional performance 
more broadly. Work on teachers’ and school lead-
ers’ perceptions of student test data—particularly 
its use as a measure of teacher performance—
offers some explanations as to why this may be 

the case. Teachers and administrators are often 
skeptical of measuring teacher performance 
using student test scores, expressing significant 
concern, for example, about the inclusion of stu-
dent growth measures in teacher evaluation sys-
tems (Jiang, Sporte, & Luppescu, 2015). 
Principals and central office administrators in 
urban districts also express concerns about the 
timing, transparency, complexity, and perceived 
validity of teacher value-added measures of 
teacher performance, and place much greater 
weight on their formal observations of teachers 
when conducting evaluations (Goldring et al., 
2015). In evaluating teachers, principals instead 
value teacher characteristics such as effort, expe-
rience, and sociability (Harris, Ingle, & Rutledge, 
2014). This evidence suggests that teachers and 
school leaders have mixed views about using stu-
dent test scores to measure expertise, and sug-
gests one reason that teachers may not rely on 
these measures when determining whom to talk 
to about their teaching.

Research Questions

To explore the ways that teachers construct 
their colleagues’ expertise, the role of student test 
scores in these determinations, and whether or 
not student test performance predicts teacher 
interactions about instruction, we examine three 
research questions:

Research Question 1: What information do 
teachers and school leaders draw on when 
constructing their understandings of the 
most expert or “best” teachers of mathe-
matics among their colleagues?

Research Question 2: How, if at all, do the 
test scores of their colleagues’ students fig-
ure into these constructions of the “best” 
teachers of mathematics?

Research Question 3: Does teacher perfor-
mance, as measured by their students’ test 
scores, predict being sought out or seeking 
work-related advice about mathematics?

We answer the first two questions based on an 
analysis of qualitative interview data, and answer 
question three using student test score and 
teacher social network data.
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Method

Our analysis is based on data from a longitu-
dinal, mixed methods study that used a sequen-
tial explanatory mixed methods design (Creswell 
& Clark, 2011), whereby we implemented the 
quantitative portion of the study (i.e., survey), 
then selected participants for qualitative inter-
views based on their survey responses. Below, 
we first describe our case study site, then our 
research design, beginning with the qualitative 
component.

Study Site and Case Study

Auburn Park (pseudonym) is a mid-sized sub-
urban district enrolling approximately 6,000 stu-
dents in 14 elementary schools, of whom roughly 
80% were White, 5% Latino/a, and 5% African 
American at the time of our study; 25% of stu-
dents received free or reduced-price lunches. 
Auburn Park is a case of a school district work-
ing to reform mathematics instruction to support 
a more inquiry-oriented approach to elementary 
mathematics teaching. To do so, the district lead-
ership committee for mathematics, composed of 
the district curriculum director and teachers, 
selected a new inquiry-based mathematics cur-
riculum for elementary schools. Not leaving the 
implementation of the new curriculum to chance, 
the committee designed an elaborate educational 
infrastructure to support teachers in teaching the 
new curriculum.

Educational Infrastructure. This educational 
infrastructure was made up of several interre-
lated components, including revised district-
level student assessments for mathematics, 
professional development in the form of a mas-
ter’s program for teacher leaders strategically 
selected from each elementary school, new math-
ematics coach positions in some elementary 
schools, school and system level organizational 
routines including weekly team and Professional 
Learning Community (PLC) meetings to support 
mathematics instruction, and an online system 
where teachers could access the performance of 
their colleagues’ students on both state and  
district tests. District leaders designed and imple-
mented these educational infrastructure compo-
nents to work together to influence school staff 

interactions about mathematics instruction 
(Spillane, Hopkins, & Sweet, 2017).

Instructional expertise, including student tests 
and test scores, was an important component of 
the educational infrastructure. First, the district 
invested in developing the expertise of teacher 
leaders, carefully selecting expert mathematics 
teachers to participate in a master’s program in 
mathematics and mathematics instruction, and 
hiring several of these teachers as either math 
coaches or math teacher leaders in their schools. 
Second, organizational routines such as grade-
level PLCs were sites for developing expertise 
through interactions among staff with coaches 
and teacher leaders about implementing the math 
curriculum (Spillane et al., 2016).

Student mathematics assessment and related 
data featured in the educational infrastructure in 
at least two ways. First, teachers jointly scored 
district mathematics assessments and deliberated 
on the results as part of their weekly PLC and 
grade-level team meeting routines (Spillane 
et al., 2016). All interviewees, without prompt-
ing, referenced grade-level PLCs as a primary 
site for interacting with colleagues about instruc-
tion, and the vast majority of teachers we inter-
viewed talked about scoring students’ answers to 
district assessments together during these meet-
ings. Second, the district created an online sys-
tem where teachers could access their colleagues’ 
students’ performance in mathematics on both 
state and district tests, making teacher perfor-
mance as measured by student test data readily 
available to school staff. Emma, the principal at 
Chamberlain captured how the educational infra-
structure supported teachers’ use of student test 
data:

Our district has a data dashboard—and we are able to 
look at cumulative results and then we can look at 
subgroups and we can drill down to Special Education, 
male/female, free and reduced lunch, you know 
ethnicity . . . we look at program and cohort data and 
based on program and cohort data we’ll set our goals 
for the following year . . . then quarterly the SIP 
[School Improvement Planning] team, our school 
improvement team, will go through and update all of 
those factors and share that with the staff. Now, with 
assessment sharing we will do that in PLCs. We 
double score in PLCs and then we also compare—you 
know we’ll say in PLCs “why did this happen in this 
classroom but not in this classroom? Let’s talk about 
that. What are you doing? What made your kids so 
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successful here?” or “I see a pattern of success with 
data and probability but consistent lower scores in 
geometry and measurement. Why are girls doing 
better with number sense and algebra than boys?” . . . 
kind of hypothesis of why that’s happening and what 
are we going do about it: based on this data what are 
we responsible for? . . . that transparency and the 
brutal facts and looking at data and having it out in the 
open.

Emma identifies two aspects of the district’s edu-
cational infrastructure here that foregrounded stu-
dent test score data: the district’s “data dashboard” 
and the Professional Learning Communities; 
she also captures how these elements were inte-
grated into other aspects of the educational 
infrastructure.

Auburn Park as a Case of. From a research per-
spective, Auburn Park provides a case of a school 
district working to reform mathematics instruc-
tion system-wide through the development of an 
educational infrastructure that was designed to 
influence who and what teachers talked about 
with respect to mathematics. At the time of our 
study, the development of an educational infra-
structure to support math teaching and learning 
was the main policy initiative undertaken by the 
district; no other policies of similar magnitude 
took effect during the time of our study. Auburn 
Park is a relatively high-performing district, 
which did not face urgent pressures for improve-
ment or to close achievement gaps, in a state that 
was among the last in the nation to introduce state 
standards and state assessments for both English/
Language Arts and mathematics. Considering the 
prominence of student math assessments and 
assessment data in Auburn Park’s educational 
infrastructure, we next explored whether and how 
they figured in teachers’ constructions of expert 
math teachers among their peers.

Given our case study approach, we make no 
claims for statistical generalizability (Yin, 2005); 
instead, we think about external generalizability in 
two ways. First, in terms of “transferability,” we 
argue that the applicability of our findings to other 
school districts should take into account the 
similarities and differences between these con-
texts and the Auburn Park setting we examine here 
(Lincoln & Guba, 1985). Second, we argue that 
our findings have “theoretical” or “analytical” 
generalizability, as our claims pertain to a process 

(as distinct from characteristics of a site) that is 
generalizable beyond our particular study site and 
that contributes to the refinement of theory, in this 
case theory about teacher peer interactions 
(Becker, 1990; Eisenhart, 2009; Small, 2009).

Qualitative Data and Analysis

Data. In spring 2015, we conducted semistruc-
tured interviews with 32 school and district staff 
in Auburn Park. We selected five schools using a 
purposeful sampling strategy (Lincoln & Guba, 
1985; Patton, 1990) to maximize variation on 
dimensions believed important to school staff 
interactions about mathematics instruction, such 
as the presence or absence of a mathematics 
coach. Within each school, we also purposefully 
sampled staff to maximize variation in formal 
position, social network position (e.g., more or 
less central in their schools’ mathematics net-
work), and level (primary or upper grade teach-
ers). We sought to interview a broad range of 
staff, to maximize opportunities for verification 
(or contradiction) of our theorizing about school 
staff interactions about mathematics instruction.

To ensure comparable data were collected 
across sites, we used a semistructured interview 
protocol. The portions of the protocol most rele-
vant to this article asked interviewees about 
whom they went to for advice and information 
about mathematics, why they went to these indi-
viduals, and if and how they could identify the 
“best” math teachers in their schools. 
Anticipating, based on our prior work, that inter-
viewees were likely to reference their colleagues’ 
expertise in broad and general terms, and want-
ing to better understand how they understood 
expertise, we asked, “In general, do you have 
ideas about who the best math teachers are in this 
school?” If they responded that they did, we fol-
lowed up by asking, “How do you know they’re 
the best teachers?” If respondents did not men-
tion student test scores, we probed specifically 
about the role (if any) of student test scores in 
their thinking about the best teachers. Interviews 
lasted approximately 45 minutes and were 
recorded, transcribed, and imported to NVivo 10 
for analysis.

Analytical Approach. We analyzed our inter-
view data in four phases. In Phase 1, we coded all 
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the reasons interviewees gave for seeking out a 
colleague for advice about mathematics instruc-
tion. In Phase 2, researchers each coded a subset 
of the interviews for any references to teacher 
expertise and/or performance; the researchers 
then met to discuss emergent themes and to 
develop an initial coding scheme. The coding 
scheme that emerged included three broad cate-
gories: (a) references to testing or assessment 
data as a basis for determining exemplary math 
teachers; (b) references to other aspects of teach-
ers’ practices as a basis for determining exem-
plary math teachers; and (c) other references to 
teacher performance that did not fit into either of 
these emergent codes. In Phase 3, the same two 
researchers coded the entire data set, focusing 
particularly on identifying themes in teachers’ 
discussions of the role of performance in deter-
mining exemplary teachers. The fourth and final 
phase of analysis involved creating a series of 
analytic memos to explore these themes and doc-
ument their prominence.

Quantitative Data and Analysis

Survey Data. Our quantitative analysis drew on 5 
years of surveys of teachers and administrators in 

Auburn Park’s 14 elementary schools; these sur-
veys were administered in the spring of 2010, 
2011, 2012, 2013, and 2015. The surveys asked 
teachers and administrators about their teaching 
positions, backgrounds, and work experiences, 
and to list the colleagues from whom they sought 
instructional advice and information about math-
ematics. Respondents were first asked to provide a 
list of colleagues they sought out for instructional 
advice or information: “During this school year, to 
whom have you turned for advice and/or informa-
tion about curriculum, teaching, and student learn-
ing?” Respondents could list up to 12 names. 
After providing a list of names, school staff were 
asked whether or not they had received advice 
and/or information about math from each col-
league they listed. These survey items were previ-
ously validated (Pitts & Spillane, 2009) and used 
in a number of other studies of teachers’ advice 
and information networks (see, for example, Spill-
ane et al., 2015; Spillane et al., 2012; Spillane, 
Shirrell et al., 2017). In 2010 through 2015, our 
survey response rates were 81%, 95%, 94%, 94%, 
and 96%, respectively, well above the 70% 
response rate required for social network analysis 
(Kossinets, 2006; Wasserman & Faust, 1994).

Table 1 provides descriptive statistics on math 
networks in Auburn Park elementary schools. The 
density of math networks—or proportion of pos-
sible ties that were actually present—averaged 
0.07 over the 5 years of our data; as can be seen in 
the middle panel of Table 1, teachers sought out an 
average of 1.7 colleagues for advice about math. 
The bottom section of Table 1 shows the numbers 
of school staff in math networks each year. 
Schools’ math networks had about 27 teachers, on 
average, across the 5 years we examine here.

We also used responses to several other sur-
vey items as covariates in our analyses, all of 
which have been found to significantly predict 
advice and information ties in schools (Moolenaar 
et al., 2014; Spillane et al., 2015; Spillane et al., 
2012). These items included respondents’ reports 
on having a leadership position such as a princi-
pal, coach, or grade-level leader; their gender; 
and their years of experience in education. (As 
our sample was nearly entirely White, we were 
unable to include a covariate that measured 
teacher race.) Respondents’ reports of the grade 
level(s) they taught were used to create an indica-
tor for whether a respondent taught more than 

TABLE 1

Descriptive Statistics on Math Networks in Auburn 
Park Elementary Schools, 2010–2015

2010 2011 2012 2013 2015

Network density
 M 0.07 0.06 0.07 0.06 0.07
 SD 0.04 0.01 0.01 0.01 0.01
 Minimum 0.04 0.04 0.04 0.05 0.05
 Maximum 0.18 0.08 0.10 0.09 0.10
Number of ties per node
 M 1.54 1.74 1.82 1.74 1.88
 SD 0.50 0.49 0.41 0.33 0.34
 Minimum 0.55 1.08 1.17 1.18 1.30
 Maximum 2.45 2.61 2.39 2.29 2.40
Number of nodes in network
 M 23.71 28.07 26.64 27.79 29.00
 SD 7.70 4.71 5.62 4.82 5.35
 Minimum 8 18 17 18 19
 Maximum 32 35 34 35 36
n, networks 14 14 14 14 14
n, nodes 332 393 373 391 406
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one grade, which was also included as a covari-
ate. At the pair (dyad) level, we also included a 
covariate for whether two teachers taught the 
same grade level, which has been shown to 
strongly predict instructional ties between teach-
ers (Spillane et al., 2012), as well as a covariate 
for whether two teachers taught in the same 
school. In some analyses, we included a covari-
ate for whether the members of the dyad were 
both new to education (in years 1–3 years in the 
field), as well as the walking distance (in feet) 
between their workspaces, which prior work sug-
gests is also a significant predictor of ties 
(Spillane, Shirrell et al., 2017).

Student Test Score Data. To create measures of 
teacher performance based on teachers’ students’ 
test scores, we used student test score data pro-
vided by the district. Auburn Park provided stu-
dent test scores on district-mandated math exams 
for eight school years (2007–2008 through 
2014–2015), with students’ test scores linked to a 
single teacher in each year. District-mandated 
math exams were administered at several points 
during each school year, and the results were 
used for a variety of school improvement efforts; 
the district exams were “low stakes,” however, as 
test performance was not formally tied to rewards 
or sanctions for teachers or schools.

The state administered a new, “high stakes” 
math assessment for the first time during the 2010–
2011 school year. The stakes of this new state exam 
were higher than those of the district tests, as scores 
from the state test were used to create school rank-
ings which received a great deal of publicity, par-
ticularly in the test’s first years. The state math test 
was also “high stakes” because the federal govern-
ment used scores from this test to determine 
whether schools had made “Adequate Yearly 
Progress” as defined by the state under the No 
Child Left Behind Act (NCLB) (although not in 
the first year they were administered). The state 
test, however, was administered only to students in 
Grades 3 to 6, limiting the number of teachers for 
whom we could compute performance measures 
based on student scores on these state exams.1

Auburn Park created a robust infrastructure to 
allow teachers and administrators to access their 
own and their colleagues’ students’ performance 
on both district and state tests. Student perfor-
mance on both the district and state tests were 

made available to teachers through an online sys-
tem, created by the district, which allowed teach-
ers to examine the scores of their own students, as 
well as those of their colleagues.2 In addition, this 
performance data—particularly results of the dis-
trict exams—were discussed widely among teach-
ers in grade-level meetings and in other school 
routines. The district-level assessments were 
scored by teachers themselves, but were fre-
quently “double scored” during grade-level PLC 
meetings, when teachers graded the work of other 
teachers’ students and had the opportunity to learn 
about those students’ performance (Spillane et al., 
2016). The district did not compute teacher value-
added scores based on either district or state exams 
during this period, so such scores were not avail-
able to teachers during the time of our study.3 
Although principal evaluation ratings of teachers 
were also centrally collected (in a separate com-
puter system from student test scores), these 
scores were made available only to administrators 
and district human resources officials, not to 
teachers,4 so it was unlikely that such scores would 
inform teachers’ perceptions of their colleagues’ 
performance. We were not provided access to 
these data for our analysis.

Performance Measures. Using student test 
scores on both district and state mathematics 
exams, we created three test-based measures of 
teacher performance. These measures each cap-
tured a different aspect of teacher performance, 
and were included separately in our models to 
explore whether there were differences in the 
degree to which they explained advice seeking 
and giving in schools. In some cases, we included 
individual performance measures in our models; 
in other analyses, we included the difference 
between the performance of the members of each 
dyad, to determine whether that difference pre-
dicted the likelihood of a tie between them.

Proportion of proficient students. For its dis-
trict-mandated exams, Auburn Park set thresh-
olds that students had to meet to be deemed 
“proficient.” The state where Auburn Park is 
located set similar proficiency thresholds for the 
state exams. To create our first test-based teacher 
performance measure, we calculated the percent-
age of each teacher’s students that were deemed 
“proficient” on the relevant exam each year.
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Class average test score. Our second test-
based measure of teacher performance was the 
average test score of a given teacher’s students 
in math. To compute this average, we standard-
ized students’ scores on each exam by grade and 
year across the entire district, then averaged each 
student’s standardized scores on all the exams he 
or she took that year to create a yearly math score 
for each student. We computed this measure sep-
arately for district- and state-mandated exams in 
each year. We then averaged these scores by class 
in each year to create a class average, again sepa-
rately for district- and state-mandated exams.

Teacher value-added. The final performance 
measure we created was an estimate of teacher 
value-added for each teacher. These scores 
were calculated separately for district and state 
exams for each teacher, using both teacher ran-
dom effects and teacher fixed effects. We com-
puted two sets of teacher value-added estimates 
to include in our analyses: One set of estimates 
used 2 years of data (from the focal year and 
the prior year) to estimate teacher value-added 
(e.g., the 2013 value-added calculations were 
based on student test scores from 2011–2012 and 
2012–2013). A second set of value-added esti-
mates were calculated using student test scores 
from the focal year and all available prior years 
(e.g., the 2013 value-added estimates were calcu-
lated using student test scores from 2007–2008 
through 2012–2013). Appendix A (available in 
the online version of the journal) provides more 
detail on our methods of value-added estimation.

Year-by-year value-added estimates are pref-
erable for our analyses, as the yearly estimates 
are each based on the same number of years of 
data, and therefore have more consistent standard 
errors across years. Value-added scores estimated 
using the second method, in contrast, have widely 
variable standard errors because scores in later 
years are estimated using more years of student 
test scores than in earlier years. Year-by-year 
value-added scores are also preferable for our 
analyses because they are more consistent with 
our other test-based performance measures, 
which also rely on the 1-year lag of student test 
scores. As our results did not differ significantly 
depending on number of years of data used to 
calculate value-added, we report results here 
from models that use the year-by-year estimates.

As described above, teacher value-added was 
not computed by the Auburn Park district, nor 
was it computed by the state, so school staff did 
not have access to their colleagues’ value-added 
scores at the time of our study; teacher value-
added scores, therefore, could not have directly 
influenced teachers’ advice-and-information-
seeking behavior. Teacher value-added, however, 
attempts to remove the impact of student sorting 
from estimates of teacher performance (Jackson 
et al., 2014); therefore, we include value-added to 
determine whether student sorting could have 
accounted for any relationships we observe. Just 
as value-added measures control for the composi-
tion of teachers’ classes to isolate teachers’ contri-
bution to their students’ performance, it is possible 
that teachers, perhaps intuitively, took into 
account the prior achievement or other character-
istics of the students assigned to their colleagues 
when they judged their colleagues’ effectiveness. 
Value-added measures of teacher performance, 
then, can be thought of as measures of teacher 
performance that take this possibility into account.

Given that value-added estimates are best able 
to distinguish between the highest and lowest per-
formers (Jackson et al., 2014), in some analyses 
we include indicators for whether a staff member 
had very high or very low value-added (in the top 
quartile or quintile of the distribution), to exam-
ine whether such nonlinear measures of teacher 
value-added are associated with advice seeking 
and giving in schools. We divided teachers into 
these subgroups as opposed to including a squared 
form of the continuous performance measure 
because high value-added teachers are of particu-
lar interest from a policy perspective, due to their 
particularly significant impacts on student out-
comes (Chetty, Friedman, & Rockoff, 2014); 
quartiles of the value-added distribution are also 
more easily interpretable than a squared term.

As we had test scores from district exams for 
each year of our study, we were able to examine 
the influence of performance on these district 
tests for all teachers in each year (2010, 2011, 
2012, 2013, and 2015). Given that the state math-
ematics exam was introduced in 2010–2011, and 
our analyses focused on the impact of prior year 
performance on advice interactions, we were 
able to examine the associations between teacher 
performance calculated using results of state 
math exams and advice interactions in 3 years 
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(2012, 2013, and 2015), and only for teachers of 
Grades 3 to 6. Teachers included in the analyses 
of state math test performance were similar to 
teachers included in our analyses of district math 
test performance (see Table 2).

Correlations between performance mea-
sures. Correlations between the performance 

measures included in our analyses were gener-
ally moderate to small (Table 3). As might be 
expected, the highest correlations were between 
average math scores and percent proficient on 
both state and district tests.

Analytic Methods. As social ties are inherently 
interdependent and thus violate the assumption of 

TABLE 2

Descriptive Statistics on Sample, Auburn Park, 2014–2015

(A) (B)

 Teachers with state test data Teachers with district test data

Teacher characteristics
 Taught multiple grades 0.15 0.15
 Held leadership role 0.08 0.07
 Female 0.82 0.87
 Years of experience 10.42 10.00
 (8.13) (8.30)
Performance measures
 Lag percent proficient, math (state) 0.82  
 (0.01)  
 Lag math score (state) 0.59  
 (0.06)  
 Lag percent proficient, math (district) 0.90
 (0.08)
 Lag math score (district) 0.78
 (0.04)
 Math value-added (random effect) −0.045 −0.016
 (0.95) (1.00)
 Math value-added (fixed effect) 0.03 0.05
 (1.00) (0.94)
Teachers, n 88 129

TABLE 3

Correlations Among Math Performance Measures, Auburn Park, 2014–2015 (n = 88)

(1) (2) (3) (4) (5) (6)

(1) Lag percent proficient, math (district) 1.00  

(2) Lag percent proficient, math (state) .37 1.00  

(3) Lag math score (district) .80 .31 1.00  

(4) Lag math score (state) .36 .75 .39 1.00  

(5) Math value-added (random effect) .32 −.07 .56 .09 1.00  

(6) Math value-added (fixed effect) .10 −.19 .28 −.09 .25 1.00

Note. Sample limited to teachers that have all measures. Darker colors signify higher correlations.
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independence made by most regression methods, 
social network analysis requires particular meth-
ods (Borgatti, Everett, & Freeman, 2014; Wasser-
man & Faust, 1994). We use “latent space network 
models,” which “control” for dependence among 
observations by including latent space positions 
between each pair of nodes in the network (Hoff, 
Raftery, & Handcock, 2002). These latent space 
positions—which can be thought of as akin to the 
residuals in a regression model—account for 
dependence structures in the network, including 
reciprocity, transitivity, and clustering, among oth-
ers (Hoff et al., 2002; Sweet, Thomas, & Junker, 
2013). As in other social network methods, latent 
space models categorize those in the network 
(commonly referred to as “nodes”) as either “send-
ers” or “receivers,” depending on the direction of 
the ties between them. The model then estimates 
the likelihood of a tie between actors in a network 
based on covariates at the pair (dyad), sender, 
receiver, and network levels (Sweet et al., 2013).5

To take advantage of the longitudinal nature 
of our network data, we use a variation of latent 
space network models which adapt the latent 
space concept for use with longitudinal data by 
additionally controlling for the temporal correla-
tions between networks over time. The models 
we use (Temporal Latent Space models) account 
for two distinct aspects of network structure, one 
cross-sectional and the other longitudinal. Cross-
sectionally, our models control for the ways that 
network structures affect the tendencies of indi-
viduals to form ties with one another—for exam-
ple, for the tendency of school staff to seek 
advice from “friends of friends.” Longitudinally, 
these models also control for the tendencies of 
entire network structures to persist to varying 
degrees from year to year, and thus to be corre-
lated with one another over time. In contrast to 
other network models commonly used with 
cross-sectional and longitudinal network data 
(such as p-star models and simulation investiga-
tion for empirical network analysis [SIENA] 
models), the models we employ control for net-
work structures both cross-sectionally (within 
years) and across years (longitudinally), and are 
thus particularly well-suited to isolating the asso-
ciations between covariates of interest and ties.6 
By controlling for network structure via the 
latent space positions, however, the models are 
unable to estimate the impacts of network 

structure itself on ties (e.g., the degree to which 
transitivity and reciprocity predict tie formation). 
However, since the focus of our analysis was on 
examining the association between covariates of 
interest (test-based performance measures) and 
ties, latent space models were particularly well 
suited to our analysis.

In our Temporal Latent Space models, the 
dependent variable Yijt indicates the presence  
of a tie directed from staff member i to staff 
member j at time t. The models were estimated as 
follows:
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Here, the Zit and Zjt are the latent space positions 
for staff members i and j in year t, and are very 
close to the latent space positions of the corre-
sponding staff members in the previous year, 
which accounts for the temporal dependence 
over time. The Xijkt are a set of node-, edge-, and 
network-level covariates, which include a mea-
sure of teacher performance (described above) 
from the prior year. We also include several other 
covariates as controls: For tie senders and receiv-
ers, we control for whether a school staff member 
had a leadership role (such as grade-level leader, 
mentor, or coach), taught multiple grades, and 
their number of years of experience in education 
(standardized by year); and at the dyad (pair) 
level, whether two staff members taught the same 
grade level, were the same gender, or taught in 
the same school. As discussed earlier, in some 
analyses, we additionally include measures of 
the similarity of experience between the dyad, as 
well as the walking distance between their work-
spaces in the school building.

Although teacher performance could impact 
which teachers are sought out for or seek advice, 
it is also highly plausible that ties could impact 
performance, as prior work on peer learning 
among teachers suggests (Jackson & Bruegmann, 
2009; Sun et al., 2017). The general problem of 
making causal inferences about endogenous 
social effects—what Manski (1993) calls “the 
reflection problem”—is particularly acute in 
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social network settings (Shalizi & Thomas, 
2011), and a variety of methods have been pro-
posed to surmount this challenge, some focused 
on network settings, others not (see Cohen-Cole 
& Fletcher, 2008; Steglich, Snijders, & Pearson, 
2010; Steiner, Cook, Shadish, & Clark, 2010). In 
our analyses, we address this challenge by using 
teacher performance from the prior year (or prior 
years, in the case of some of our value-added 
estimates) to predict whether teachers are sought 
out for or seek advice in the year that follows. 
Given that performance is measured before ties, 
it is reasonable to believe that we capture the 
impact of performance on ties, and not vice 
versa. Still, it is possible that ties from a prior 
period, which are potentially correlated with the 
ties we measure, could have influenced perfor-
mance. Given the cross-sectional and observa-
tional nature of our data, as well as the potential 
for confounding variables that are not controlled 
for in our analyses, our estimates should not nec-
essarily be interpreted causally.

Results

Our findings are organized as follows: We 
begin by addressing our first two research ques-
tions, exploring the role of expertise in reaching 
out to peers and theorizing how school staff con-
structed expert math teachers. We then take up 
our third research question, examining whether 
teacher performance as measured by student test 
scores predicts teachers being sought out for, or 
seeking, mathematics instructional advice, while 
controlling for other factors known to influence 
who teachers seek out for advice.

Using Information to Construct Understandings 
of the “Best” Teachers

Consistent with prior work, interviewees typ-
ically offered several reasons for reaching out to 
particular colleagues for advice about mathe-
matics teaching. Along with teaching the same 
grade, these included a person’s leadership posi-
tion (e.g., math coach), formal training in math-
ematics, participation in an organizational 
routine (e.g., PLC), physical proximity, and 
friendship. Furthermore, and also consistent 
with prior work, 24 of the 32 interviewees 
offered a colleague’s expertise as one of their 

reasons for reaching out to them for instructional 
advice about mathematics. For most, their 
expertise-related responses tended to be brief 
and somewhat vague; representative examples 
included “knowledgeable” (Rachel); “she’s a 
great source of ideas” (Mary); “she’s interested 
in new ideas” (Loretta); “knowledge and passion 
for math instruction” (Emma); “she has some 
more of that background knowledge” (Becky); 
“she’s a brilliant mind to pick” (William); and 
“she just has a greater depth of math knowledge 
than I do” (Lois). In each of these cases, respon-
dents did not reference specific evidence of their 
colleagues’ expertise. To get a better sense of 
how interviewees constructed their colleagues 
as expert math teachers, then, we turned to how 
they identified the best teachers.

All school staff, when asked, reported being 
able to identify the “best” math teachers in their 
schools. When probed about how they identified 
exemplary mathematics teachers, most (29 of 32) 
referred to something other than student test 
scores. Specifically, school staff referenced one of 
three things: a teacher’s mathematics instruction; 
a teacher’s knowledge of, and disposition toward, 
mathematics; or a teacher’s leadership position or 
formal training related to mathematics. We con-
sider each of these below, and then explore how 
student test scores figured in teachers’ thinking 
about exemplary mathematics teachers.

Mathematics Instructional Practice. Twenty-
four of the 32 interviewees referred to teachers’ 
mathematics instructional practice as a means of 
identifying the “best” math teachers in their 
schools. In particular, interviewees referenced 
these exemplary teachers’ styles of questioning 
students, the organization and flow of their math-
ematics lessons, and their ability to generate stu-
dent engagement, enthusiasm, and excitement 
for mathematics. Mary Beth, the principal of 
Chavez school, explained,

My best math teachers ask the best questions and 
they’re able to follow up with those “why” [questions] 
and they’re able to, when kids respond maybe push 
their thinking even further. My best math teachers are 
able to identify what’s good math thinking, and 
maybe what isn’t, and with that information they’re 
able to give kids feedback . . . it seems natural to 
them, it’s a language that they use . . . it’s fun to be in 
any of those rooms . . . math is fun. And I walk out of 
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their classes thinking “wow, I feel like I’ve learned 
something.” . . . kids are involved, kids are engaged, 
kids are participating. There is thinking going on, 
there’s a lot of discussion.

Mary Beth’s sense of exemplary teachers of 
mathematics was grounded in how they taught 
mathematics, including their ability to ask good 
questions, probe student responses to these ques-
tions in ways that push students’ mathematical 
thinking, and engage students with mathematics 
as a language and way of thinking.

Others also pointed to being able to identify 
good mathematics teachers based on what they 
observed in classrooms and/or what they heard 
teachers say about their teaching and their stu-
dents’ learning. Emma, the principal at 
Chamberlain, noted, “I can’t really say that the 
[student test score] data really does make me 
think that that’s the best math teacher . . . It really 
is mostly me observing how they instruct more 
than the data.” Emily, a mathematics coach at 
Bryant, noted,

there’s a flow to their lesson, . . . vertically and 
horizontally they know where their kids need to be . . . 
they can diagnose situations like if one kid is using 
this strategy they can see what, where they need to go 
with that strategy, they can see maybe where they 
need some help . . . Their questioning is just off the 
charts.

Emily’s sense of who are the good mathematics 
teachers at Bryant is based on the instructional 
practices she observes in these teachers’ class-
rooms, including their ability to diagnose stu-
dents’ mathematical thinking and use that 
diagnosis to determine their next pedagogical 
move. Similarly, Katie, the media specialist at 
Kingsley, explained how she recognizes exem-
plary mathematics teachers:

a lot of it for me has to do with engagement; 
classrooms where you go into and the kids are 
engaged in what’s being taught. . . . If they can really 
get their kids to sink their teeth into information, in an 
activity in what they’re doing, that to me is a good 
teacher.

For Katie, then, student engagement with the 
mathematical content was an indicator of exper-
tise in mathematics teaching.

Some school staff relied on their colleagues’ 
accounts of how they taught mathematics rather 

than direct observation because, as several teach-
ers remarked, they had relatively few opportuni-
ties to observe their colleagues’ mathematics 
teaching. Sophia, a second-grade teacher at 
Bryant, reported identifying good mathematics 
teachers not from observing their teaching 
directly but from “listening to the way they talk 
about their students and the way they work with 
them [students].” Jessica, a Chamberlain fifth-
grade teacher, argued that she knows the best 
mathematics teachers because:

how they question the kids more to be able to get 
more reasoning out of them . . . try to get the kids to 
really write it out and think it out before just writing 
the numbers down . . . explaining how they did it. . . . 
Last year during that book review for the book study, 
for the math, I think that, it really came out then who 
really did a good job of teaching math.

Furthermore, some teachers noted how they 
know the best math teachers based on the math-
ematical abilities of the students they received 
from these teachers. Joanne, a fifth-grade teacher 
at Bryant, reported that “fourth-grade teachers do 
an excellent job of preparing kids; they come to 
fifth grade really ready for math.” In these 
instances, school staff relied on either direct or 
indirect evidence of how a colleague taught 
mathematics to identify the “best” teachers of 
mathematics.

Knowledge of, and Enthusiasm for, Mathematics.  
Eighteen of the 32 interviewees referred to teach-
ers’ knowledge of mathematical content and ped-
agogy, their enthusiasm for mathematics, as well 
as their ability to explain mathematics to their 
peers as bases for identifying expert math teach-
ers. Clarissa, a fifth-grade teacher at Kingsley, 
explained that she could identify exemplary 
mathematics teachers because they are

the ones that you hear at staff meetings or at staff 
development days bring up something that’s very 
valid that maybe “I never thought about before.” Or 
the ones who understand what the data from the 
assessment means more and they can explain it . . . 
and be able to put it in common language and I’m like 
“oh, ok. Got that.”

For Clarissa, it was not only colleagues’ knowl-
edge, but also their ability to explain something 
in everyday language, that made them experts. 
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Similarly, Becky, a Chamberlain fourth-grade 
teacher, explained that knowledge of good math-
ematics teachers

comes through in staff meetings or when we meet 
together on some of that vertical teaming . . . not just 
the way they present it but some of the different topics 
they talk about and the strategies that they have. And 
the way that they bring ideas to the table . . . the 
background knowledge that they can bring and how 
they approach it . . . “well this student needs to have 
da-da-da-da to be proficient. They’re lacking in this 
area. Make sure that you . . .”

In Becky’s view, peers’ knowledge, and in par-
ticular their pedagogical knowledge, was espe-
cially salient in identifying good mathematics 
teachers. Layla, a third-grade teacher at Ashton, 
explained that she knows the good mathematics 
teachers because, “at like staff meetings . . . 
they’re more um, passionate about it [mathemat-
ics]. You can see when they talk about math that 
they kind of know what they’re talking about; 
they’re more confident with it.” Courtney, the lit-
eracy facilitator at Chavez, explained that she 
knows the good mathematics teachers because 
“they feel comfortable about it when we talk 
about it at PLC’s. They’re not afraid of math.” In 
sum, school leaders and teachers used their first-
hand experiences of teachers’ knowledge of, 
comfort with, and enthusiasm for mathematics in 
school meetings to gauge good mathematics 
teachers.

Formal Position and Formal Training. School 
staff also referenced their peers’ formal positions 
(e.g., math coach) or their formal training (e.g., 
participation in professional development about 
mathematics) as evidence that they were good 
math teachers. In particular, several staff refer-
enced “Fundamental Math,” the master’s pro-
gram in mathematics and mathematics education 
offered by a local university in partnership with 
the school district that was designed to prepare 
mathematics teacher leaders. Laura, a third-grade 
teacher at Kingsley, explained that the good 
mathematics teachers in Auburn Park are

Fundamental Math people. I really see them as the 
experts and that’s how they’ve kind of been presented 
to us . . . by having those friends go through that 
Fundamental Math program I know . . . how intense it 
was and I know they all said it was a lot but it really 
changed their understanding and thinking about math 

. . . we don’t get a ton of time to go in and observe 
another classroom to actually see you know math in 
action to say that that’s why I think that. But I think 
overall knowing that they’ve gone through the 
program and they are advocates of math and exude a 
confidence about math, I would say that that’s why I 
think they’re the experts.

Here, Laura acknowledges that as a regular class-
room teacher that she has very limited time to 
observe her colleagues’ teaching to make a deter-
mination about exemplary mathematics teach-
ing, so she relies on their participation in a 
professional development program co-spon-
sored by the district and a local university. 
Rachel, a Kindergarten teacher at Chamberlain, 
similarly explained,

the ones that have been through the Fundamental 
Math program. It’s so extensive . . . I think they’re 
very, very knowledgeable. I definitely would go to 
any of them (chuckles) for help. Or with like our math 
coach . . . they’re the strong suits for sure.

For Rachel, formal training was also important, 
as was holding a formal leadership position—
school mathematics coach. School staff therefore 
reported identifying exemplary mathematics 
teachers based on proxies for expertise such as 
formal position and/or formal training.

Student Test Scores and Understandings of the 
“Best” Teachers

Fourteen interviewees referenced student test 
data as a basis for identifying exemplary math 
teachers, but in all but four cases, these refer-
ences emerged only when prompted directly by 
the interviewer. No one reported relying solely 
on student test data to identify a colleague as an 
expert math teacher. Eloise, the principal at 
Kingsley, noted,

we have our district assessments . . . we just got done 
doing the state testing . . . if I see that there’s pretty 
good performance on that I’d like to say that we’re 
pretty solid teachers in the area of math. But mostly 
district assessments, informal assessments that 
teachers might give; those types of things.

Emily, the math coach at Bryant, explained that 
she knows good mathematics teachers:

because data shows it . . . district [tests], state test 
scores . . . I can drill down to any teacher. If we see 
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something, if we see some data that’s out of the norm 
for that grade level then we will go to the student level 
and the teacher level and say “you know these things 
are going on in this classroom.”

Jillian, the principal at Bryant, also noted how 
she uses student test data selectively:

maybe I do check it subconsciously against with like 
“ok, so is this saying the same thing?” I would say our 
data is pretty good here so . . . it’s probably I use data 
more when I’m looking at teachers that are, and 
mediocre is a bad word, but that are average or that 
I’m concerned about. I’m using their data and looking 
at that much more closely. The rock star math 
instructors, like their data, I mean their data is going 
to show me that anyway and . . . I don’t need the data 
to back up what I know I see and I feel and I hear. But 
those that are like on that borderline where I’m like 
“ooh, how worried should I be about what’s going on 
here?” Then I probably rely on it a little bit more.

Jillian’s account suggests that while she uses stu-
dent test scores in determining teacher perfor-
mance, it is more often to identify “mediocre” or 
“average” teachers rather than to identify the 
exemplary, “rock star” math teachers. Lois, the 
math coach at Stevenson, reported identifying 
the best teachers more by how they used their 
student test data, rather than on their scores. She 
noted about the “best” math teachers:

when they get their results back they then ask “what 
could I have done differently?” or “what do I need to 
do differently for these kids?” So, they’re reflective  
. . . they’re always seeking out ways to help those 
students . . . that aren’t proficient. . . . I think that test 
scores are a part of it but how the teacher reacts to 
those test scores and uses those test scores is a big 
piece to that puzzle.

Lois contrasted these teachers who reflected on 
their students’ test scores in an effort to improve 
their practice with less-than-exemplary math 
teachers, whose response to these scores was that 
they could not have done anything differently.

School leaders’ and teachers’ weak attention 
to student test scores as an indicator of teacher 
expertise had several origins. One reason, as sug-
gested by Jillian’s response above, is that school 
staff may have seen student test scores as more 
suited to identifying weak or average teachers 
than exemplary teachers. Another reason, explic-
itly referenced by 12 interviewees, was a more 
general skepticism about using student test scores 

as a basis for determining good teachers. Some 
expressed skepticism about whether student test 
scores, especially from state assessments, were 
capturing the kinds of thinking and problem 
solving that teachers were trying to emphasize in 
their mathematics teaching. Others argued that 
teachers should not be judged on test scores 
because their students changed every year, and so 
a great deal of students’ test performance was 
beyond the control of individual teachers. 
Loretta, a second-grade teacher at Chamberlain, 
explained how she did not know her colleagues’ 
state test scores, but even if she did, she was not 
convinced that she would use these data to iden-
tify the best teachers:

I don’t think I would consider their state test scores. 
I’ve never really thought about that but, nope 
(chuckles). I mean I’m sure if they were like horrible 
I would kind of, but our school overall the state test 
scores are pretty high.

Loretta acknowledges that if test scores were 
very low, she might consider such scores in mak-
ing a determination about the quality of a teach-
er’s mathematics teaching but goes on to note 
that this is not an issue at her school. Instead, 
Loretta argues that it was more important to look 
at teachers’ “understanding of how students build 
their understanding in that subject area and the 
value of conversations and how much time they 
allot to the conversation piece and the develop-
ment of student understanding.” Similarly, 
Sophia, a second-grade teacher at Bryant, 
explained that identifying good mathematics 
teachers involves:

more than just data; I think there’s a growth to be 
looked at as well . . . I think there are too many 
variables to do that. So, if you looked at strictly data 
and said “well this student can get the right answer 
but can they explain and understand that material?” I 
think so many more pieces go into that because there’s 
that writing piece; can they write what they’re 
thinking? . . . So, I don’t think it’s set in stone that the 
higher your test scores are, the better the teacher is. . . . 
I also think that there are other factors we, we have 
mobility right here that can change things too.

These interviewees were concerned that student 
math tests did not measure the sort of mathemati-
cal learning they valued (e.g., students’ ability to 
explain their answers), and/or that scores on 
these tests could only be correctly interpreted 
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when taking into account various other factors 
that influenced student test results from 1 year to 
the next.

Overall, our analysis identified a number of 
ways in which school staff determined the best 
math teachers among their colleagues and how 
several of these ways of identifying experts 
were enabled by the district’s educational infra-
structure. For example, formal positions and 
training were important aspects of the educa-
tional infrastructure that staff took into account 
when determining the best math teachers. 
Organizational routines such as PLCs, grade-
level team meetings, and district-level math 
meetings were also important to teachers’ con-
structions of experts, as these routines gave 
teachers access to—and allowed them to iden-
tify—particular colleagues as experts based on 
their knowledge, accounts of their teaching 
practice, and passion for mathematics.

At the same time, student test data, which was 
another component of the district’s educational 
infrastructure, did not feature prominently in 
interviewees’ constructions of the best teachers 
of mathematics. Yet despite the limited attention 
to student test scores in school staff constructions 
of exemplary math teachers, it remained possible 
that these scores influenced decisions about 
whom staff sought for mathematics instructional 
advice; in other words, it was possible that school 
staff used test data, as Jillian, the principal at 
Bryant, put it, “subconsciously.” School staff 
may not have been aware of relying on student 
test scores as a metric for their colleagues’ 

expertise, for example, or may have felt it was 
not socially desirable to say so. Hence, we exam-
ined whether student test scores influenced who 
teachers actually turned to for mathematics 
instructional advice and information.

Student Test Scores as Predictors of 
Interactions About Math

District Test Scores. In Auburn Park, the educa-
tional infrastructure was designed to provide 
teachers with direct access to their colleagues’ 
students’ test scores; in addition, teachers met 
frequently to discuss test score data. Given their 
level of access to information on the test perfor-
mance of their colleagues’ students, as well as 
the general expectation that educational deci-
sion-making would be based at least in part on 
this information, it was reasonable to expect that 
teachers would use this information when deter-
mining who to seek for advice, and perhaps more 
frequently seek advice from colleagues whose 
students performed better on those tests. Our 
analyses, however, showed that teacher perfor-
mance on district tests—no matter how such per-
formance was measured—was generally not 
predictive of being sought out for advice about 
mathematics (i.e., being an advice “provider”) 
the following year (Table 4, top panel); in other 
words, higher performing teachers were no more 
likely to be sought out for advice about mathe-
matics than their lower performing peers. This 
was true whether performance was measured 
using the percentage of a teacher’s students that 

TABLE 4

Associations Between Prior Math Performance on District Tests and the Likelihood of Math Ties, Auburn Park, 
2010–2015

Covariate 2010 2011 2012 2013 2015

Provider Lag percent proficient, math −0.234 −0.086 0.356* 0.011 −0.077
Lag math score −0.182 −0.044 0.335* 0.027 −0.155
Math value-added (random effect) 0.012 −0.096 −0.095 −0.125 0.337*
Math value-added (fixed effect) 0.072 −0.240 0.033 −0.119 0.480

Seeker Lag percent proficient, math 0.373* 0.641* 0.702* 0.745* 0.526*
Lag math score 0.432* 0.663* 0.705* 0.811* 0.542*
Math value-added (random effect) −0.306 −0.057 –0.623* −0.147 0.105
Math value-added (fixed effect) −0.134 0.498* 0.311* −0.230 –0.559*

Note. Significant values are marked in bold and with asterisks; significance determined by 95% credible interval not containing 
zero.
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were deemed proficient on the district tests the 
prior year, those students’ average test scores, or 
teacher value-added to student achievement 
(Table 4, top panel).

The results of these analyses are depicted 
visually in Figure 1, where the points joined by 
the dashed lines represent each year’s estimates 
of provider effects. The 95% credible intervals 
surrounding the estimates, which are represented 
by the dashed bars extending above and below 
the points, generally overlap with the horizontal 
line at zero, indicating that teachers whose stu-
dents performed better on district math tests the 

previous year were not any more or less likely to 
be sought out for advice about math by their col-
leagues. As noted above, these analyses control 
not only for structural aspects of networks and 
the correlations between these structures over 
time but also for whether staff held a leadership 
role, taught multiple grades, and their gender and 
years of experience in education; at the dyad 
level, the analyses also control for whether the 
dyad taught the same grade level and worked in 
the same school. Although the estimates for these 
covariates are not shown here, teaching in the 
same school was the strongest positive predictor 

FIGURE 1. Associations between various measures of teacher performance (calculated using district tests) 
and advice providing and receiving in math networks, Auburn Park, 2010–2015.
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of ties in the models and, similar to the findings 
of prior work (e.g., Spillane et al., 2012), teach-
ing the same grade level was also a strong posi-
tive predictor of ties.

Although the performance of a teacher’s stu-
dents on district math tests did not predict that 
teacher being sought out for advice, the perfor-
mance of a teacher’s students on those tests—
when calculated as the percentage of proficient 
students or by students’ average test scores—
positively predicted seeking advice about math 
(Table 4, bottom panel). In other words, the bet-
ter a teacher’s students performed on these two 
measures (both based on the previous year’s dis-
trict math tests), the more likely that teacher was 
to seek advice from his or her colleagues about 
math the following year. Student performance on 
district tests, as measured using teacher value-
added to student achievement, however, was not 
predictive of seeking advice (Table 4, bottom 
panel). This suggests that teachers with higher 
value-added were not any more or less likely to 
seek advice than were teachers with lower value-
added.7 These associations are depicted by the 
solid lines in Figure 1. In Panels A and B of the 
figure, the credible intervals (solid bars) sur-
rounding the dots connected by the solid lines 
never cross the horizontal line at zero, indicating 
that across the 5 years we examine, teachers 
whose students performed better on district 
math tests the prior year were significantly more 
likely to seek advice from their colleagues. This 
association appears to climb slightly between the 

years 2010 and 2013 before declining somewhat 
in 2015; however, as the 95% credible intervals 
for each estimate overlap, it is impossible to sta-
tistically distinguish these estimates from one 
another. In Panels C and D of Figure 1, the solid 
estimates show no consistent pattern of differ-
ence from zero, indicating that teacher value-
added (computed using scores from district tests) 
did not have consistent associations with advice 
seeking in any of the years we examine. Adding 
an indicator for both members of the dyad being 
new to education, as well as a measure of the 
walking distance between workspaces, did not 
significantly alter these results.

State Test Scores. Similar to our results for dis-
trict tests, teacher performance as determined by 
students’ scores on state math tests the prior 
year—no matter how performance was mea-
sured—was not associated with the likelihood of 
providing advice (Table 5, top panel). Teacher 
performance as measured by the percentage of 
proficient students and those students’ average 
test scores on the state tests, however, was again 
associated with the likelihood of seeking advice 
(Table 5, bottom panel), similar to our findings 
for district tests, indicating that teachers whose 
students performed better on state tests were 
more likely to seek advice from their colleagues 
the following year. Teacher value-added (calcu-
lated using state tests) did not predict either being 
sought out for or seeking advice (Table 5). These 
results are depicted in Figure 2, where in the  

TABLE 5

Associations Between Prior Math Performance on State Tests and the Likelihood of Math Ties, Auburn Park, 
2010–2015

Covariate 2012 2013 2015

Provider Lag percent proficient, math 0.250 0.181 −0.291
Lag math score 0.422 0.169 −0.401
Math value-added (random effect) −0.528 −0.449 −0.328
Math value-added (fixed effect) −0.005 −0.404 −0.518

Seeker Lag percent proficient, math 0.609* 0.474* 0.368*
Lag math score 0.992* 0.621* 0.438
Math value-added (random effect) −0.273 0.399 0.119
Math value-added (fixed effect) −0.026 −0.057 0.430

Note. Significant values are marked in bold and with asterisks; significance determined by 95% credible interval not containing 
zero.
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top two panels the confidence intervals around 
the dashed estimates—which represent provider 
effects—generally overlap the horizontal line at 
zero, while the intervals around the solid esti-
mates—which represent seeker effects—gener-
ally do not, again illustrating that teacher 
performance as measured by student scores on 
state tests was associated with advice seeking, 
but not with providing advice. The bottom two 
panels of Figure 2 illustrate that teacher 

value-added, here calculated using state tests, did 
not predict providing or seeking advice. Again, 
both members of the dyad being new to educa-
tion or the walking distance between workspaces 
did not significantly alter these results.

Characteristics of Low and High Performers and 
Those They Sought for Advice. The preceding 
analyses show that the test performance of teach-
ers’ students did not predict teachers being sought 

FIGURE 2. Associations between various measures of teacher performance (calculated using state tests) and 
advice providing and receiving in math networks, Auburn Park, 2012–2015.
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out for advice about mathematics; such perfor-
mance, however, was associated with seeking 
advice from others. Table 6 compares the charac-
teristics of the lowest- and highest-performing 
teachers, using student test scores from district 
tests to compare teachers in the bottom and top 
quartiles of performance across the years 2010 
through 2015. Relative to low performers, high 
performers had more years of experience in edu-
cation and in their schools; however, high and 
low performers did not differ significantly in 
their gender or the likelihood they held an 
advanced degree, were a math coach, school 
leader, taught multiple grades, or the amount of 
math professional development they attended 
(Table 6). High and low performers, however, 
sought out quite different colleagues for advice 
about math (Table 7). For example, high per-
formers were less likely to seek out school lead-
ers for advice than were low performers; high 
performers were also significantly less likely to 
seek out female staff members, colleagues with 

advanced degrees, and math coaches for advice 
about math, compared with their low-performing 
colleagues (Table 7).

Ruling Out Endogenous Sorting of Students 
Based on Prior Performance. Teacher perfor-
mance, as measured using student test scores, 
includes not only the teacher’s contribution to 
student achievement but also those students’ 
prior achievement levels. If students were sorted 
to teachers based on their prior performance, our 
measures of performance would not only capture 
teacher performance but also the impacts of this 
sorting. To test whether students were systemati-
cally sorted to teachers in Auburn Park based on 
students’ prior performance, we conducted a 
series of F tests to test whether there were sig-
nificant differences between teachers within 
schools in the incoming math achievement of 
their students. We conducted these analyses for 
both district and state test scores, and separately 
for each school, controlling for whether a teacher 

TABLE 6

Characteristics of Low and High Performers, Auburn Park, 2010–2015

Low performers (bottom quartile) High performers (top quartile)

Female 0.91 0.89
 (0.28) (0.32)
Advanced degree 0.59 0.57
 (0.49) (0.50)
Years experience in education 10.55 14.08**
 (9.08) (9.05)
Years experience in school 6.93 9.37*
 (7.49) (7.78)
Leadership role 0.17 0.22
 (0.37) (0.42)
Multiple grades teacher 0.02 0.03
 (0.13) (0.18)
Math coach 0.00 0.01
 (0.06) (0.11)
Less than 4 hours math PD 0.46 0.45
 (0.50) (0.50)
17† hours math PD 0.10 0.10
 (0.30) (0.30)
n 253 261

Note. Analyses pool data from 2010, 2011, 2012, 2013, and 2015. High and low performers are determined separately for each 
year using the distribution of class average student math test scores on district tests. Tests of equality between columns account 
for repeated observations of some individuals. PD = professional development.
†p < .10. *p < .05. **p < .01. ***p < .001.
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was a special education teacher, as these teachers 
might be expected to receive students with differ-
ent prior achievement. We pooled together all 6 
years of data for these analyses. As we conducted 
numerous tests, we corrected the critical values 
for these F tests to account for multiple 
comparisons.

For district test scores, results of these F tests 
were significant for one of the 14 elementary 
schools in Auburn Park; for state tests, the F test 
was significant for a different single school. The 
results of our analyses remained unchanged 
when these schools were excluded, suggesting 
that in Auburn Park, students were not sorted to 
classrooms based on students’ prior achievement 
to a degree that significantly impacted our results.

Discussion and Conclusion

Our study makes several contributions to 
understanding teachers’ thinking about their 
peers’ expertise, the role of student test data in 
that thinking, and the degree to which colleagues’ 
students’ test scores predict interactions about 

instruction with peers. First, and consistent with 
prior work, our analysis suggests that percep-
tions of a peer’s expertise influences whom 
school staff seek out for advice about instruction. 
Second, and extending prior research, our analy-
sis identifies several ways in which school staff 
construct colleagues as expert math teachers, 
including direct and indirect knowledge of their 
mathematics instruction; their knowledge of, and 
disposition toward, mathematics; and holding a 
leadership position or formal training related to 
mathematics. Furthermore, our account captures 
how the school district’s educational infrastruc-
ture enabled teachers to “see” and engage with 
these indicators of their peers’ expertise.

A third and related contribution is our finding 
that, from the perspective of school staff, student 
test data is generally not regarded as a trustwor-
thy measure of their peers’ expertise. Our inter-
views showed that, despite the educational 
infrastructure that the district built to make stu-
dent test scores available to staff, they did not 
rely on student test scores to a significant degree 
to identify the best mathematics teachers among 

TABLE 7

Characteristics of Staff Sought Out for Math Advice by Low and High Performers, Auburn Park, 2010–2015

Low performers (bottom quartile) High Performers (top quartile)

Principal 0.27 0.13**
 (0.44) (0.34)
Leadership role 0.77 0.56***
 (0.42) (0.50)
Female 0.94 0.90*
 (0.23) (0.31)
Advanced degree 0.67 0.59*
 (0.47) (0.49)
Years experience in education 11.57 13.10†
 (12.60) (11.07)
Years experience in school 7.08 7.54
 (12.74) (9.89)
Multiple grades teacher 0.23 0.13***
 (0.42) (0.34)
Math coach 0.07 0.03**
 (0.26) (0.17)
n 571 516

Note. Analyses pool data from 2010, 2011, 2012, 2013, and 2015. High and low performers are determined separately for each 
year using the distribution of class average student math test scores on district tests. Tests of equality between columns account 
for repeated observations of some individuals.
†p < .10. *p < .05. **p < .01. ***p < .001.
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their peers; instead, other indicators of perfor-
mance took precedence. Furthermore, while 
some school staff (less than half), when probed, 
did acknowledge using student test data as an 
indicator of teacher expertise, most reported 
doing so selectively, particularly to identify the 
weakest math teachers rather than the best. 
School staff had no difficulty in naming who 
they thought were the “best” mathematics teach-
ers in their buildings, but felt that relying on stu-
dent test data was not a good means of identifying 
these teachers, despite the significant supports 
that the district created that encouraged them to 
do so.

A fourth contribution is that teacher perfor-
mance, as measured by their students’ perfor-
mance on state and district tests, does not predict 
being sought out for advice about mathematics 
teaching. Our finding here is inconsistent with 
findings from the sole prior study we found on 
the role of student test data in predicting teach-
ers’ instructional interactions (Wilhelm et al., 
2016). There are several possible explanations 
for this, all relevant to interpreting and general-
izing our findings. One is that our study focused 
on elementary schools rather than middle 
schools; another is that, unlike Wilhelm and col-
leagues’ (2016) study, our study was undertaken 
in a district that was not under the pressure of 
high stakes accountability associated with 
NCLB. District and school leaders in our study, 
in contrast to the schools in Wilhelm et al.’s 
(2016) study, did not mention high stakes 
accountability in their discussions of the factors 
that influenced their interactions with colleagues 
about math. Several studies show that the pres-
sure of high stakes accountability and related 
tests may influence interactions among school 
staff (Daly & Finnigan, 2011; Valli & Buese, 
2007). Furthermore, the Wilhelm et al. (2016) 
study focuses solely on new, unreciprocated ties, 
while our study focuses on both new and existing 
ties. Another important difference is that in 
Auburn Park, the elaborated educational infra-
structure—especially school organizational rou-
tines such as the grade-level PLC and team 
meeting routine, but also coaches and teacher 
leader positions—may have ensured that teach-
ers not only interacted with teachers whose stu-
dents performed at different levels but also 
provided opportunities for teachers to access and 

observe their colleagues’ expertise in a variety of 
ways that went beyond student performance. 
Auburn Park teachers, for example, were required 
to interact with their grade-level peers weekly as 
part of the PLC and grade-level team meeting 
routines, regardless of their peers’ performance 
levels. In this way, the district’s educational 
infrastructure opened up opportunities for teach-
ers to not only seek advice from peers whose stu-
dents performed at varying levels, but also to 
observe firsthand other potential measures of 
their colleagues’ instructional expertise, such as 
their passion for mathematics instruction and 
their accounts of their mathematics teaching. Our 
qualitative interview data offers evidence in sup-
port of this interpretation, showing how the 
school district’s educational infrastructure influ-
enced teachers’ notions about the best math 
teachers in their school. A key takeaway from 
this finding, then, is that a school system’s educa-
tional infrastructure, including its organizational 
routines and formal positions and training, do not 
just create venues in which teachers can learn 
from their peers, but also create venues in which 
they can identify expert teachers in a particular 
curricular domain.

Although some work suggests that higher 
performers are sought out less because they are 
less available to their colleagues as they are 
working on improving their own performance 
(see Baker-Doyle & Yoon, 2010), we found no 
evidence of this in our qualitative interview 
data, nor did our network data show that high 
performers gave less advice to colleagues than 
other teachers. To the contrary, in identifying 
the best mathematics teachers, school staff often 
referenced these teachers’ availability and their 
willingness to give their time. Again, we sus-
pect that the district’s educational infrastruc-
ture, which created structured opportunities for 
staff to interact with one another through regu-
lar organizational routines, may have contrib-
uted to this availability. Furthermore, the fact 
that Auburn Park schools did not face intense 
high stakes accountability pressure tied to stu-
dent test scores may have also contributed to the 
relative availability of high performers to their 
colleagues.

There are several possible reasons why 
teacher performance, as measured by student 
test scores, did not predict being sought out for 
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advice in Auburn Park. One reason, suggested 
by our interviews, is that teachers do not trust 
student test scores as valid measures of teacher 
performance in general and of the sort of math-
ematical learning pressed by Auburn Park’s edu-
cational infrastructure in particular. Another 
possibility is that, compared with other ways of 
identifying teacher expertise, student test scores 
may not be as easily remembered or accessed as 
teachers make decisions about whom to seek for 
advice, especially if such decisions are made 
quickly during the work day. As suggested by 
our analysis of interview data, this is in part a 
function of an elaborated educational infrastruc-
ture that supported regular interactions among 
teachers about mathematics instruction. Yet 
another possibility is that knowledge of col-
leagues’ test scores only impacts teachers’ think-
ing about their colleagues’ expertise over longer 
periods of time than captured in our study; as we 
generally use the 1-year lag of test scores to pre-
dict interactions, we may be missing these lon-
ger term impacts. These possible explanations 
are not mutually exclusive and potentially work 
together to account for why student performance 
did not predict being sought out for advice about 
instruction.

A fifth contribution of our work stems from 
our finding that teachers whose students per-
formed better on state and district mathematics 
tests were more likely to seek out colleagues for 
advice and information about mathematics. This 
finding contradicts some prior work which sug-
gests that more expert teachers seek less advice 
from colleagues, compared with less expert 
teachers (Bridwell-Mitchell & Cooc, 2016; 
Coburn et al., 2010). Our findings, in contrast, 
suggest that Auburn Park teachers whose stu-
dents perform better, as calculated as the percent-
age of proficient students or by students’ average 
test scores, positively predicted seeking advice 
about math in the following year. The better a 
teacher’s students performed, the more likely she 
or he was to seek advice from colleagues the fol-
lowing year. One possible explanation for this is 
that high performers in general, and as measured 
in terms of their students’ achievement in partic-
ular, represent a group of teachers who are con-
stantly striving to improve by seeking out advice 
and information from others. Another possible 

explanation is that teachers whose students do 
well on district and state assessments assign their 
students more challenging work that may con-
tribute to students’ reacting less positively in 
class. Noticing students’ less than positive reac-
tions may prompt these teachers to seek out 
advice and information in an effort to “improve” 
their teaching. Although speculative, there is 
some evidence from university teaching to sup-
port this interpretation (Carrell & West, 2010).

In contrast to our other two test-based mea-
sures of teacher performance, teacher value-
added did not predict advice seeking in Auburn 
Park. Because, as discussed earlier, value-added 
implicitly controls for student sorting to teachers, 
one possible explanation for this finding is that it 
was teachers who were assigned higher perform-
ing students, as opposed to those whose students 
performed better, who sought more advice. Our 
results, however, also show that there was not 
significant within-school sorting of students to 
teachers in Auburn Park based on students’ prior 
achievement, suggesting that student sorting is 
unlikely to be an explanation of the differences 
between value-added and our other performance 
measures. Of course, it is also possible that our 
value-added measures were simply too noisy to 
capture any underlying differences in perfor-
mance that were captured by our other perfor-
mance measures.

Our account suggests that district policymakers 
can influence teachers’ access to their expert peers, 
but relying solely on making student test data 
widely available to teachers is likely to be insuffi-
cient, due in part to the skepticism among school 
staff about test data as a metric for expertise. 
Instead, policymakers should attend carefully to 
the various ways that school staff use different 
sorts of information, including student test scores, 
to figure out instructional expertise among their 
peers, and design educational infrastructures that 
maximize opportunities for teachers to see and 
engage with these experts. As captured in the case 
of the district we studied, various components of a 
district’s educational infrastructure—from organi-
zational routines to formal leadership positions—
can work together to create opportunities for 
school staff to see their peers’ expertise and 
thereby influence who they seek out for instruc-
tional advice.
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Notes

1. As we only had student test scores for teachers of 
tested grades, we were unable to compare the associa-
tions between advice interactions and test scores for 
teachers of tested and nontested grades.

2. Personal communication with district official 
(M. M.), May 23, 2016.

3. Personal communication with district official 
(M. M.), January 15, 2015.

4. Personal communication with district official 
(D. R.), November 18, 2017.

5. A detailed discussion of these models is beyond 
the scope of this article; see Hoff et al. (2002) and 
Sweet et al. (2013) for further details.

6. Estimates from these models are also known to 
be relatively stable (up to certain identifiable class) 
and have desirable statistical properties based on the 
assumption of conditionally independent ties given 
latent positions.

7. In separate analyses not presented here, we 
divided the value-added distribution into quartiles 
and quintiles, and examined whether teacher value-
added in the highest quartile (or quintile) was predic-
tive of providing or seeking advice. We also examined 
whether the difference in performance between advice 
provider and seeker was predictive of a tie. In neither 
case did we find a pattern of significant associations. 
Results are available from the authors upon request.
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