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Abstract

In this chapter, we discuss over a decade of research to establish the Baker Rodrigo Ocumpaugh
Monitoring Protocol (BROMP) as a method for conducting rapid, highly-quality, and time-
synchronized quantitative field observations. We discuss work to establish standards and scalable
training methods for the protocol in four countries, as well as work to develop and refine a
handheld app that sped and facilitated uptake and use of the method. We then discuss the use of
BROMP in research at scale: from its use in developing automated detectors of student
engagement and affect, to use to study classroom pedagogy in settings from Pittsburgh to

Chennai, to use in the iterative refinement of blended learning software.

Introduction
The systematic observation of classroom behavior is one of the most commonly-used
methodologies in education research (Wilson & Reschly, 1996; Shapiro & Heick, 2004), and a
variety of tools have been created to accommodate a range of research questions (see reviews in,
for example, Adamson & Wachsmuth, 2014; Anderson, 1981; Fredericks et al., 2012; Hintz et
al., 2002; Hops et al., 1995; Nock & Kurtz, 2005; Riley-Tillman et al., 2005; Skinner et al.,
2000; Volpe et al., 2005). Like other systematic observation methods used in psychology (e.g.,

Furr & Funder, 2007), the direct observation of a classroom enables rigorous quantitative



analysis, as well-designed observation protocols (e.g., Hintz, 2005) reduce rater bias (Kent,
O'Leary, Diament, & Dietz, 1974) and standardize data collection (Volpe and McConaughty,
2005) in studies of student and teacher behavior.

Classroom evaluation of teachers via observation protocols is used to assess instruction
(Danielson, 2011; Junker et al., 2005; Walkington & Marder, 2013; PACT Consortium, 2012;
Pianta, La Paro, & Hamre, 2008), with observation protocols addressing a range of research
questions, including those which evaluate the content of instruction as well as those that evaluate
pedagogical activities (Institute for Research on Policy Education and Practice, 2011) and their
effect on student’s learning and social outcomes (Grossman, Loeb, Cohen, & Wyckoff, 2013;
Hill et al., 2012; Hamre, Goffin, Kraft-Sayre, 2009).

Many protocols attempt to capture large numbers of constructs across samples of
students, focusing on overall aggregate frequencies or degrees of variables of interest. For
example, the Reformed Teacher Observation Protocol (RTOP; Piburn et al. 2000, Sawada et al.,
2002) uses Likert scales to evaluate the degree to which the teacher is encouraging certain kinds
of student behaviors (e.g., communicative practices), and the Classroom Observation Scale
(COS; Waxman & Padron, 2004) records student behaviors (e.g., on task, waiting for teacher,
distracted, disruptive, or other) at a classroom level, along with teacher activities. Similarly, the
Classroom Observation Protocol for Undergraduate STEM (COPUS; Smith, Jones, Gilbert, &
Wieman, 2013) records a set of 12 instructor behaviors and 13 student behaviors, looking at the
frequency of each behavior across 2-minute intervals, and the Code for Instructional Structure
and Student Academic Response (CISSAR; Stanley and Greenwood, 1981; Carta et al., 1988)
collects classroom observational data related to the classroom ecology, teacher behavior, and

student behavior, sorted and categorized according to 105 individual codes in 13 categories of



variables (Lee, Wehmeyer, Palmer, Soukup, & Little, 2008; Soukup, Wehmeyer, Bashinski, &
Bovaird, 2007). These tools measure a variety of variables at different grain-sizes and in
different ways, but each is designed to collect data that can be used in both formative and
summative analyses on the effect of different teacher practices on student engagement measures.

Observational protocols that focus on instructional practice generally do not log the
frequency of student behavior for individual students, often for very practical reasons. It would
not be feasible, for example, for a single observer to accurately report Likert scales on each
student in a large classroom (e.g., the RTOP system) on an array of different measures, and
introducing extra observers could quickly become a distraction that would invalidate any
observations obtained. Frequency scores of very specific student behaviors (e.g., students raising
their hands, a category included in COPUS), might be more manageable for a single observer,
but could become unwieldy when trying to score each student for a large variety of codes,
especially since there is documented bias toward identifying more extreme behaviors in
aggregate classroom behavior rating scales (e.g., Christ et al., 2011).

Observations that focus on the behavioral patterns of individual students tend to be
structurally and thematically different, both because of the challenges of observing multiple
students and because many of them were developed for the screening and diagnosis of potential
emotional and behavioral problems (Abikoft, Gittelman-Klein, & Klein, 1977; Gadow, Sprafkin,
& Nolan, 1996; Walker & Severson, 1990). These protocols tend to focus on very small numbers
of students at a time. For instance, the Classroom Observation Code (COC; Abikoff et al., 1977,
Abikoff et al., 1980) and the Student Observation System (SOS; Reynolds & Kamphus, 2004)
assess the classroom behaviors of students with ADHD in order to evaluate therapeutic

interventions and the typicality of behavior of the diagnosed student. These studies often



evaluate only a small number of students at a time (e.g., two students in COC and one individual
student in SOS.) The Individualized Classroom Assessment Scoring System (inCLASS; Downer
et al., 2010) uses two observers to evaluate an individual pre-school student’s self-regulatory
skills.

Other observation systems for student behavior use a scan method for sampling, where
the observer watches either a student or a group of students (sometimes the whole class) and
talleys the presence of behaviors of interest as they occur. Richards et al. (2010) used a scan
method to study the effect of interventions designed to to increase on-task behaviors. Harrison et
al., (2014), however, argue that while observers using scanning methods are quite able to
accurately rate broad categories on the more extreme ends of engagement (e.g., disruptive or
compliant behaviors), they are less likely to achieve interrater reliability on less extreme
behaviors. This finding reflects a general consensus among methodologists that scan-based
observational methods are efficient but only appropriate for “overt, readily observable
behaviors” (Ostrav and Heart, 2014).

While interrater reliability has been established for many observation systems, it has been
insufficiently studied for many other methods (i.e., the discussion in Volpe et al., 2005). Some
observation systems also require a considerable amount of training. While only a few hours is
required for COS training (Waxman & Padron, 2004), 10-15 hours is required for the BOSS
protocol (Shapiro, 2004; 2011; Volpe, DiPerna, Hintze, & Shapiro, 2005) and over 50 hours
(across a three-week period) is reported to be required for COC training, which also has a high
failure rate for coder certification (Abikoff et al., 1977; Abikoff et al., 1980). The time and
resources consumed by longer training periods potentially limit the degree of applicability and

scale which can be achieved for a method



The robust literature on classroom observations has provided us with considerable
information that can be used to guide teacher training (Waxman & Padron, 1994) and diagnose
student problems (Volpe et al., 2005), but for some time, there have been concerns that many of
the observation systems have focused on categories that are convenient to code rather than those
that are more connected to theoretical concerns (Ornstein, 1991; Lewis et al., 2014). While
concrete categories like on/off-task behaviors can be quite important to learning (e.g., Karweit &
Slavin, 1982), the need to explore student emotion and emotional supports, for example, has led
to observation systems like the Classroom Assessment Scoring System (CLASS; Pianta, La Paro,
& Hamre, 2008), which have expanded coding beyond more basic classifications of on/off task
or compliance/disruption.

One area of particular recent interest has been affect related to student learning outcomes
(Baker et al., 2010). Prior to the work described in this chapter and related work on video coding
(e.g., Graesser et al., 2006), most of the quantitative research in affective learning employed
some form of retrospective survey scales, either self-report (e.g., McCroskey’s (1994) Affective
Learning Scale, or ALS) or from an observer (e.g., Pianta et al.’s CLASS). Work around a
decade ago began to instead follow Schutz and Pekrun’s (2007) call for more observational
measures of affective states to be developed, as these may capture more fluid and dynamic
characteristics of affect than can be adequately described in post-hoc retrospective analyses.
Systematic, direct observation of students’ affective states may also provide opportunities to
focus the grain size of the research to capture things that survey items may miss. For example,
observational methods may help to contextualize the emotional experience (Fredericks et al.,
2004), rather than ascribing it as a property of the individual, as some survey question formats

may lend themselves to. (This criticism of surveys is given, for instance, in Wigfield and



Cambria, 2010). What’s more, observations of emotion may serve to contextualize more
traditional observational measures of behavior, as they may reveal the extent to which a student’s
active or passive compliance with an activity reveals their engagement with the material.

Early approaches to studying affect through video coding and observation often relied
upon Ekman’s Facial Action Coding System (FACS; Ekman & Friesen, 1978). Researchers
using FACS code a set of six basic emotions, argued to be the only emotions seen universally
across human cultures (Ekman & Friesen, 1971). However, more recent research suggests that
many of these basic emotions are uncommon during learning, and that other, less universal,
“academic” emotions are considerably more common in this context (D’Mello, Lehman, &
Person, 2010). FACS has some key limitations; it requires hundreds of hours to learn (Ekman et
al., 2002) and, as Furr & Funder (2007) note, even documenting the presence of a smile (a
composite of several muscle units coded for in FACS) requires further interpretation, since a
person may smile as the result of a variety of different emotional experiences. As such,
interpreting emotions within this paradigm requires the use of a constellation of features (Planalp
et al., 1998), a complex and time-consuming process that yields only a small number of
emotions, many of which do not seem to be highly relevant to educational contexts.

The development of classroom observation systems that include codes for theoretically-
grounded affective categories could help to expand the research community’s understanding of
the role of emotions in learning. However, these observation systems must be carefully
constructed; in addition to considering the theoretical literature on emotions in learning and
engagement (e.g., Csikszentmihali, 1990; D’Mello, Graesser, & Picard, 2007), they must also be
sensitive to social and cultural differences between groups of students (e.g., Fischer et al., 2004;

Krumhuber, Kappas, & Manstead, 2013). And, like more traditional behavioral observation



systems, observers of affective states must be aware of potential self-presentation effects and
other observer effects (Wragg, 2002), particularly in cases where a student becomes sensitized to
the observer’s presence.

This chapter describes the development and use of a system that attempts to address these
challenges, the Baker Rodrigo Ocumpaugh Monitoring Protocol (BROMP). It includes a
description of BROMP’s general practices and its adaptation for use in several different

countries through the use of culturally sensitive training practices.

BROMP Overview and Theoretical Foundations

The Baker Rodrigo Ocumpaugh Monitoring Protocol (BROMP) was developed to
address some of the limitations in prior classroom observation protocols, while also facilitating
second-by-second synchronization between classroom observations and other data sources.
BROMP is a method for conducting Quantitative Field Observations (QFOs) of student behavior
and affect. BROMP is mostly used in classroom settings, but has been used in other settings as
well (e.g. Baker et al., 2014). It was initially designed for observing students using educational
software, however, BROMP has been adapted and used to study student engagement in other
educational environments, such as research on elementary school students in classrooms with
non-technological pedagogy (e.g. Hymavathy et al., 2014; Godwin et al., 2016).

Within BROMP, students are observed using a momentary time sampling method
(Meany-Daboul, Roscoe, Bourret, & Ahearn, 2007), where students are repeatedly coded
individually, in in a predetermined order. This sampling method is designed to achieve a
representative sample of behavior and affect among the students while reducing the tendency to

focus on more extreme events. Both affect and behavior are recorded in each observation. If a



student transitions between multiple affective states or behaviors within the 20 second interval,
only the first affective state or behavior is coded. If two states seem to occur simultaneously, the
observer is trained to code the most prominent behavior or affective state. If the behavior or
affect presented by the student is outside of the coding scheme or if an observer is not sure what
behavior or affect is being presented, a “?” is used to label the event. In the past, the “?” has also
been used for cases where coding is impossible (e.g., the student is out of the room), but the
protocol now differentiates students who are difficult to code (e.g., their affective state is
ambiguous) from those who physically cannot be coded (e.g., they have been sent to the nurse’s
office). If a coder can make an assessment in less than 20 seconds, they do so and move on to the
next student.

Observers record student affect and behavior using side glances and strategic positioning
within the classroom. The frequency of observations recorded for each student is dependent on
the number of students in the class. Coders consider multiple cues and environmental influences
to which the students are exposed to (i.e., work context, actions, utterances, facial expressions,
body language, and interactions with teachers or fellow students) in determining student affect
and behavior (cf. Planalp et al., 1998).

BROMP assumes affect and behavior are at least partially orthogonal, and can be coded
separately. Behavior and affect are coded simultaneously but separately using a custom-built
Computer Assisted Direct Observation (CADO, Wessel, 2015) application for Android, the
Human Affect Recording Tool (HART) (Ocumpaugh et al., 2015). HART presents coders with
menus for affective or behavioral categories and automatically lists the potential categories that

are currently being observed for. If required by the given research focus, HART also supports the



addition of a third coding scheme for recording classroom activities, teacher actions, and
interventions in the classroom.

HART helps to enforce the correct use of the BROMP protocol in an automated fashion.
It provides a far more precise time stamp than could possibly be manually recorded,
synchronized to internet time, while enabling the observer to maintain their focus on the
classroom context rather than the more mundane challenges of recording observations on paper.
It also helps to reduce observer effects, as it is typically used on smaller handheld devices (e.g.,
smart phones, rather than tablets). This minimizes the number of observations being displayed on
the screen at any given time (only the info for the student currently being observed), facilitating
an observer’s ability to collect information discreetly. HART also improves data security, both
by limiting the information displayed and by ensuring that only someone with password-
protected access is ultimately able to access the information.

HART’s time stamps make it possible not only to sequence observations for analysis, but
also make it possible to synchronize between HART data and other data streams. For example, it
is possible to correlate a specific observation of a student with exactly what that student is doing
within a learning application, either at the level of log files or actual screen recordings.

Over twenty coding schemes have been developed for a variety of learning environments
in order to capture categories unique to certain environments and contexts. However, most
incorporate a common set of academically-relevant emotions (e.g., Baker, D’Mello, Rodrigo, &
Graesser, 2010), including boredom, confusion, engaged concentration, frustration, and delight
(most commonly studied in game contexts) along with the codes for on-task or off-task student
behavior. We will discuss some of the development of these coding schemes for different

learning systems and countries below.



BROMP training and certification typically takes a few hours over the course of 1-2 days.
BROMP coders are trained and certified through a process consisting three phases: 1) pre-field
training, 2) field training, and 3) inter-rater reliability (IRR) testing. Pre-field training is often
completed in one hour. In this phase, novices become familiar with the concepts that the field
observations will be capturing. This is accomplished by reading the training manual, interacting
with the android application, HART, and discussing the coding scheme and ambiguous examples
with the trainer. Once this phase is completed, the trainee shadows an experienced coder in the
field, discussing the coding process used for the observed students and practicing the use of the
HART application. The field-training phase is most commonly accomplished within two or three
observation sessions, lasting around 50 minutes per each. The last phase of BROMP certification
is the IRR testing. In this field-testing phase, the novice’s ability to conduct BROMP is field-
tested using a criterion-referenced agreement test to determine their understanding of the process
as well as the consistency of coding with those of the expert trainer (Ocumpaugh, Baker, &
Rodrigo, 2015). During IRR testing, the novice and the trainer simultaneously code each student
at the same time for at least 60 observations. If agreement is insufficient at the first IRR check,
further field training occurs before testing for IRR again.

In order to be certified, trainees must first satisfy the recommended inter-rater agreement
value. The BROMP measures IRR using Cohen’s (1960) Kappa. Kappa scales between -1 to +1
and is used to reveal how much better the level of agreement is than what might be expected due
to the base rate of each affective category. BROMP certification requires trainees to achieve a
Kappa of 0.6 or higher for each coding scheme (both affect and behavior).

Another key aspect of BROMP training is discussion of how to minimize observer effects

(e.g., McCall, 1984), including strategies for communicating with both teachers and students, as



well as techniques for the observer’s positioning and movement, even in unusual classroom
conditions. Observers coordinate with the teachers before the class observation begins to
minimize any additional interaction throughout the sessions and to let the teachers know how to
explain the observer’s role to the students, if needed. During the observation session, observers
are expected to avoid prolonged interaction with students without seeming threatening or
interesting. Observers are recommended to maintain either a “clueless but friendly” or a “bored
and disinterested” disposition (in contrast to some earlier protocols, where coders were instructed
to be hostile to students to reduce student interest in interacting with them -- e.g. Reyes &
Fennema, 1981). While recording, observers use side glances and peripheral vision. However, if
a student becomes aware that they are being coded, the observation for the given time period is
abandoned.

As McCall (1984) notes, the likelihood of observers creating effects on the data observed
depends on the reactivity of the subjects, the social norms involved in the context being studied,
and the degree to which the behaviors being studied are socially desirable. In our experience, US
students are used to having outside observers come into classrooms to evaluate pedagogical
practices, and since it is rare that these observations have any direct, salient consequences for
students, the presence of BROMP coders is rarely questioned. Nevertheless, BROMP coders are
also trained to minimize their presence in the classroom to remain as inconspicuous as possible,
as affective states, in particular, are well-known to have social functions (e.g., Fischer &
Manstead, 2008) that may be influenced by self-presentation, which has made BROMP
observations more challenging in some contexts than in others. (See discussion in the section on

BROMP Mexico, below.)



BROMP observers are discouraged from taking on other tasks during an observation
session. The observer should not, for example, provide technical or pedagogical support, as this
may sensitize the student to the observer. Similarly, if complicated coding schemes are required
for other classroom activities (e.g., teacher behaviors), an additional observer is generally
recommended. It is possible to keep track of simple changes in classroom activity, and the ability
to code a tertiary coding scheme has been added to HART for such purposes. This functionality
has been used in a few studies, including Ocumpaugh’s (2016) study that denotes when the
teacher transitions students from group work to solitary work, and in work by Godwin and
colleagues (2016) and DiStefano (2018) to study how disengagement varies depending on which
type of classroom activity is occurring. However, any tertiary scheme that divides the observer’s
attention away from the individual student being observed is likely to interfere with BROMP

coding process, which can already be difficult in a crowded classroom.

BROMP USA

The first version of BROMP was developed as part of Ryan Baker’s doctoral dissertation
research. BROMP was first used, in its earliest form, in February 2003 and published in Baker,
Corbett, Koedinger, & Wagner (2004). It used a momentary time sampling method to compare
the effect of two different types of disengaged behavior during the use of educational software.
Specifically, that research compared the learning associated with off-task behavior to the
learning associated with gaming the system, a behavior where students progress through
educational material by exploiting properties of the software (in this case systematic guessing or

repeated quick help requests from the learning software) instead of by actively engaging in



learning. Researchers found that gaming the system was quite infrequent (3%) compared to other
behaviors (78% for on-task solitary behavior, 4% on-task conversation, 1% for (active) off-task
solitary behavior, 11% for off-task conversation, and 3% for inactivity), but it had a
disproportionate effect on learning, correlating to poorer learning twice as strongly as off-task
behavior. Papers soon followed where BROMP observations were used to inform the
development of automated models of gaming the system (Baker, Corbett, & Koedinger, 2004)
and off-task behavior (Baker, 2007). BROMP was also used to assess the effectiveness of
automated interventions attempting to reduce the frequency of gaming the system (Baker et al.,
2006). In this early work, involving only disengaged behavior, an inter-rater reliability of 0.84
(Cohen’s Kappa) was achieved.

In these early studies, BROMP observations included only observations of behavior and
were recorded using pen and paper. The first observations of BROMP involving affect were
conducted in the Philippines in 2006, and are discussed in that section. In 2009, researchers
moved from recording BROMP observations with pen and paper to using HART, discussed
above. HART went through several design revisions and upgrades, primarily developed in the
context of BROMP USA.

In 2012, the first BROMP manual (Ocumpaugh et al., 2012) was developed in the United
States, but in conjunction with researchers in the Philippines, as part of efforts to streamline the
training process. This effort formalized the training process, increased methodological
consistency between the researchers in the two countries where it was being used, and cut the US
training time down from 10-15 hours across 4-5 days to 5-7 hours across 1-3 days (sometimes

shorter). It was later expanded upon in a more comprehensive manual (Ocumpaugh et al., 2015),



which broadened the effort to more thoroughly document the theoretical foundations underlying
the observation system.

BROMP has been extensively used in the United States, where there are currently more
than 50 certified coders. As these numbers have grown, BROMP-based research has expanded
beyond its original use (Baker et al., 2004) in the development of automated models of student
behaviors in educational software. In addition to continuing to be used to model student
behaviors (e.g. Pardos et al., 2014; Jiang et al., 2018), it has now been used to develop automated
models of student emotions in many types of learning systems (Baker et al., 2012; Miller et al.,
2014; Baker et al., 2014; Bosch et al., 2016; Jiang et al., 2018; Gobert et al., 2015). These
automated “detectors” are developed by synchronizing field observations to the exact behavior
occurring in the learning system at the same time, using the precise time stamps provided by the
HART handheld app.

In turn, the detectors built for these systems have been used to do study how different
patterns of affective states relate to learning outcomes, including some non-traditional long-term
measures. For example, they have been used to model state standardized exam scores (e.g.,
Pardos et al., 2014), college attendance (San Pedro et al., 2013), and enrollment in STEM careers
or graduate degree programs post-college (Patikorn et al., 2018). These detectors have also been
used to conduct more basic research on the relationship between patterns of different affective
states and behaviors in learning contexts (e.g., Liu et al.,, 2013; Karumbaiah et al., 2018;
Ocumpaugh et al., 2017; Baker et al., 2007; Rodrigo et al., 2012; Baker et al., 2011; Bothelo et

al., 2018).



BROMP has also been used to conduct research in non-technological contexts. For
example, Godwin and colleagues used BROMP to study how classroom design impacts student
engagement in kindergarten and elementary school classrooms (Godwin et al., 2016), and
DiStefano (2018) used BROMP to study engagement in graduate-level courses. Others have used
BROMP in unpublished studies to provide formative engagement measures to teachers, within a
regional charter school network, and to study the affect of learners participating in informal

science education programs.

BROMP Philippines

BROMP in the Philippines began in 2006 when researchers were seeking an alternative
to sensor-based detection of student affect and behavior. Sensors commonly used in wealthier
nations, such as galvanic skin response sensors and posture sensors, are neither readily available
in the Philippines nor economically feasible options for local research. After meetings between
Didith Rodrigo and Ryan Baker (the first developer of BROMP in the US), Rodrigo’s team in
the Philippines started conducting data collection using a protocol inspired by Baker’s work in
detecting gaming behavior among students (discussed above), but extended the protocol to
include a second coding scheme (simultaneously implemented) for affective states, focusing on
flow (engaged concentration), confusion, frustration, boredom, neutral, delight, and surprise.

The initial version of the modified protocol was tested in a private school in Quezon City,
Metro Manila and was initially implemented by either two or three coders who observed
individual students together. As part of scaling BROMP in the Philippines, a more formal

certification process for new coders was adopted, requiring an inter-rater reliability (Cohen’s



Kappa) of 0.6 or higher -- a number lower than was common in the highly straightforward
coding schemes popular in many laboratory psychology studies, but much higher than the
numbers seen for other affect labeling protocols such as FACS (Sayette et al., 2001).

In this early work, observations were conducted in pairs or groups of three either once per
per 180 seconds (Andallaza, Rodrigo, Lagud, Jimenez, & Sugay, 2012; Rodrigo & Baker, 2011;
Rodrigo et al., 2012; San Pedro, Rodrigo, & Baker, 2011), , and the coders observed each student
within a fixed period of 20 seconds. More recent studies (Andres et al., 2015; Banawan, Rodrigo,
& Andres, 2015) have moved to the American practice of having a single observer conduct the
protocol, and have adjusted the observation length to fall between 5 and 8 seconds, when faster
labeling is feasible.

Within the Philippines, BROMP has been used for a range of analyses. Some of the first
studies using BROMP in the Philippines included the first-ever study showing the long-term
correlations between moment-to-moment affect and learning outcomes (Rodrigo et al., 2009), the
second-ever study of affective dynamics (Baker, Rodrigo, & Xolocotzin, 2007), and the first-
ever study comparing affect in intelligent tutors and games (Rodrigo et al., 2008). Later BROMP
research in the Philippines examined the relationship of confusion with student driven in-game
events (Andres et al., 2014), the relationship of student affect with the frequency of careless
errors (San Pedro, Baker, & Rodrigo, 2014), the differences between the facial expressions,
behavior, and confusion trajectories of Filipino and American learners (Tabanao & Rodrigo,
2016), the correlations of boredom and confusion with student action sequences (Andres et al.,
2015), the relationship between frustration and student achievement (Banawan, Rodrigo, &
Andres, 2015), the affective experiences around figuring out a challenging problem (Andres et

al., 2014), and the development of a predictive model on wheel-spinning (Palaoag et al., 2016).



All in all, BROMP has been used in the Philippines by 17 BROMP-certified coders, throughout

the country (from Manila to Davao), and in well over a hundred published scientific articles.

BROMP India

In 2014, India became the third country to have BROMP-certified coders. The process of
seeding BROMP for India was conducted by two local researchers, in consultation with Baker,
who traveled to India to participate in the process. To understand affect and behavior in India to
adapt BROMP for use in India, the two Indian researchers conducted qualitative observations in
multiple classrooms in government-run schools. Baker initially intended to participate in this
process, but his presence was highly disruptive to the these classrooms. The Indian researchers
met with Baker outside the school context to develop a first-draft coding scheme, and implement
it within the HART phone app. They then returned to the school to practice coding together
before checking for inter-rater reliability. The researchers discussed the results before returning
to the classroom to try again. The two Indian coders reached acceptance inter-rater reliability on
their second try, with a Kappa of 0.78 for behavior and 0.72 for affect. After this point, the two
initial coders trained and certified a third coder in the following week, and then the three of them
began training other coders over the following months.

One of the key goals in India was to train a large number of coders for broad use of
BROMP. Therefore, efforts were made to further streamline the training process. A video was
created by the American team explaining the overall process and theory behind BROMP coding.
This video was shown to groups of coders, and was followed of an explanation of the process

and question-and-answer session held locally. After this, the same certification process (of



simultaneous but separate coding of the same student and the same time by a previously-certified
coder and a new coder, requiring Kappa over 0.6) was followed. A total of 72 people were
certified in BROMP within India; 68 of them teachers or school personnel in a single large city,
working with a local research center. These coders used a slightly-modified version of the HART
app, which adjusted the interface to fit very small and inexpensive phones.

The coding scheme adopted was different in India than in the USA or Philippines, based
on the different affect and behavior expressed by students in India and in the learning context.
Behaviors such as gaming the system were not relevant in the Indian classrooms; instead three
behaviors were coded: active participation (42.7% during last seeder inter-rater checking
session), passive participation (41.1% during last seeder inter-rater checking session), and off-
task (16.4% during last seeder inter-rater checking session). Boredom (34.3%), confusion
(4.1%), and engaged concentration (34.3%) were seen in both India and earlier settings; other
affective states were new to India, specifically disinterest (1.4%), enthusiasm (8.2%), and mild
interest (17.8%). Engaged concentration was referred to as “focused” to be clearer to the coders,
but was considered to be the same category by the researchers. A final category, contempt, was
hypothesized as a counterpart to the American practice of coding for frustration, but was not seen
during the seeder inter-rater checking session.

BROMP was used in India for multiple purposes. It was used to provide formative data to
teachers and school leaders on individual students’ engagement (Hymavathy, Krishnamani, &
Sumathi, 2014). It was used to determine which students might be at risk of dropping out
(Hymavathy, Krishnamani, & Sumathi, 2015), and it was used to assess whether a specific

reform curricula was more effective at engaging students than traditional classroom practice.



However, the systematic and extensive use of BROMP in India has largely ceased after

governmental changes and the dissolution of the scientific research center that used BROMP.

BROMP UK

BROMP was adapted for use in the UK in 2015 by researchers at the University of
London, led by Manolis Mavrikis, Beate Grawemeyer, and Wayne Holmes. These researchers
needed a systematic protocol to gather affective and behavioral observations of students for
studies on adaptive feedback, and used BROMP is several studies (e.g. Grawemeyer, Mavrikis,
Holmes, Hansen, Loibl, & Gutiérrez-Santos, 2015a; Grawemeyer, Mavrikis, Holmes, Gutierrez-
Santos, 2015b; Grawemeyer et al., 2016; Grawemeyer, Mavrikis, Holmes, Gutiérrez-Santos,
Wiedmann, & Rummel, 2017).

Research in the UK focused on younger students (usually 8-10 years old) who were using
the iTalk2Learn math tutor. In early studies (Grawemeyer et al., 2015), Interrater Reliability
(IRR) was quite good (Cohen’s Kappa = 0.71), but was established using a substantially different
method than implemented in other countries. In this classroom study, BROMP field-workers
recorded several affective states (boredom, confusion, frustration, surprise, and
flow/concentration) as well as behavioral states (off task, on task, on task conversation, on task
reflection, and gaming the system). The BROMP observers’ codes were then compared to codes
generated by researchers who retrospectively coded both video and audio recordings of the
classroom study after the fact (Grawemeyer et al., 2015).

Later, a subset of BROMP-generated field data was also compared to automated

detectors of affect (Grawemeyer et al., 2017). The automated detectors were informed by



students’ interactions with the iTalk2Learn software (including voice recordings of students’
interactions with a help system). In this research, the reliability between BROMP observers and
automated detectors of affect was more moderate (Kappa = .551), in part because the automated

detectors never recognized an instance of delight (Kappa = .643 with delight excluded).

BROMP UAE

BROMP was adapted for use in the United Arab Emirates in 2018 by researchers
affiliated with Alef Education, working in public schools, led by Aishah Al Yammahi, Rand
Muhsen, and Guzelle Shahid. There was some consideration of adding an additional affective
state of restlessness, but it was not found to be common within classrooms, within the initial
investigations. The commonly occurring affective states in the UAE were the frequently-studied
boredom, frustration, confusion, engaged concentration, and delight. A new behavioral category
of distracted was also added to represent students who were multi-tasking while actively working
within the learning system. Each of the three initial BROMP coders achieved inter-rater
reliability with each other of above 0.6, for both affect and engaged/disengaged behavior.
BROMP norming for Abu Dhabi was only completed immediately before publication of this
article, but there are plans to use BROMP both for curricular refinement and comparison of

different curricula and designs.

BROMP Mexico

As discussed in previous sections, BROMP has been successfully implemented outside of

the United States in four other countries: the Philippines, India, England, and the United Arab



Emirates. A team of researchers led by Genaro Rebolledo-Mendez at the Universidad
Veracruzana attempted to bring BROMP to Mexico as well. Rebolledo-Mendez planned the
adaptation of BROMP to Mexico during an extended visit Baker and Ocumpaugh’s laboratory in
the United States. Having previously used other methods to study affect and behavior,
specifically self reports and video observation, BROMP provided an alternative that only
required minimal technical setup.

In 2015, a pilot of BROMP was conducted in Veracruz, Mexico, within a public
secondary school. In this study, a set of 83 students were observed while interacting with a
Cognitive Tutor for middle school mathematics that had previously been studied using BROMP
in the United States (e.g., Baker et al., 2004). Across several 50 minute class sessions, multiple
Mexican researchers (accompanied by researchers from the USA) attempted to create a coding
scheme and then reach acceptable inter-rater reliability. However, acceptable inter-rater
reliability was not reached despite multiple attempts conducted by three different Mexican
researchers from the same region as the students being observed.

One possible explanation is that students may have been uncomfortable displaying visible
affect in the presence of the external observers and their teachers due to cultural factors not seen
in the other countries where BROMP has been established. It’s possible, for example, that the
high power distance (the degree of hierarchical inequality which is acceptable between a superior
and subordinate--in this case, the teacher and students (Bochner & Hesketh, 1994) may have
contributed to this phenomenon. Some evidence against this hypothesis, however, is the success
of BROMP in the Philippines, which Hofstede’s (1984) research suggests has slightly higher
power distance than Mexico (Hofstede, 1984). For example, Hofstede (1983) reports a

substantial difference between Mexico and the Philippines/USA for a separate, but related



cultural dimension known as uncertainty avoidance, which capture the degree to which
individuals are comfortable with ambiguous or uncertain situations, such as those seen in the use
of a new and very different practice during learning. Hofstede and McCrae (2004) suggest that
uncertainty avoidance is related to the expression or inhibition of affect, and Mesquita and
Walker’s (2003) research on cross-cultural differences in the regulation of emotions suggests that
children with high levels of uncertainty avoidance, as is common in Mexico, may seek to avoid
demonstrating undesirable behaviors or affect. These values may lead to self-presentation effects
(e.g., suppressing emotions with negative valance), which could make it more difficult for
outside observers who are interested in affective states like confusion, boredom, and frustration.
The researchers noted that students seemed concerned about being evaluated on criteria that was
unknown to them and as a result remained constantly aware of the researchers noting their
observations. Unfortunately, there is not yet evidence available to disambiguate between these
possible explanations.

Whatever the reason, the first attempt at implementing BROMP in Mexico was
unsuccessful. Future attempts to study BROMP in Mexico are currently in the planning stages,
and researchers will study the potential hypotheses for BROMP’s initial failure in future attempts
to refine BROMP for use in Mexico. A protocol like BROMP cannot succeed if students are
uncomfortable with the observation process. It may be possible to determine whether the
difficulty in observation is due to observer effects by coding the same categories from video data
rather than field observation data. It also may be possible to reduce observer effects by more
clearly explaining to students that observations are for research purposes only and will not
impact their grades. Overall, the process of adapting BROMP for successful use in Mexico may

not solely be beneficial in terms of making BROMP available for research; it may produce



broader insight into the characteristics of students in Mexico and the conditions of Mexican

classrooms.

Summary of Cross-cultural Development Standards and Research

The development of BROMP coding schemes for multiple countries offers the
opportunity for new kinds of research on student engagement, but only if the adaption of
BROMP for new cultures adheres to appropriate safeguards. In addition to adhering to strict
training and interrater reliability checks and taking precautions to ensure that observer effects are
appropriately minimized, there are two key components to developing BROMP in new cultural
environments that are absolutely essential.

First, while some consistency in the content of BROMP coding schemes is important for
comparative studies, it would be highly inappropriate to fully impose an American coding
scheme in other contexts. Affective categories have different meanings in different contexts, and
these differences need to be taken into account. For example, researchers in India who
collaborated with us on the development of coding schemes for use there suggested that
“frustration” would be seen as a socially embarrassing category that would be subject to
considerable presentation effects, and therefore it was not included in BROMP-India coding
schemes. Therefore, any development of BROMP for a new cultural context must be done in
consultation with researchers who are native to the culture being observed.

However, despite the need to revise coding schemes for different cultural contexts, one
interesting finding is how much commonality there is across countries. Boredom and confusion
show up in every country we have normed BROMP for. Engaged concentration also shows up in

every country we have normed BROMP for, though an alternate term “focused” was preferred in



India. Delight is seen in every country studied when game-based or playful contexts are
considered. Frustration is seen in 4 of the 5 countries where BROMP has been normed, with the
exception in India discussed in the previous paragraph. Behaviors also have a great deal of
commonality between countries, with general off-task and on-task categories being common
across countries, though other constructs are more prominent in some contexts than others. For
example, on-task conversation with other students is relatively rarer in the Philippines than in the
other countries where BROMP has been studied, and multi-tasking “distracted” behavior appears
to be more common in the UAE than in the other contexts studied, leading to its inclusion in
UAE coding schemes but not in other countries. Still, the difference between learning contexts
(e.g. games versus intelligent tutors versus teacher-led instruction) appears to be at least as
important in terms of the behavior seen as the cultural context is.

Second, the judgments of non-native researchers should not serve as the base-line in
interrater reliability checks, even if that researcher has considerable BROMP-coding experience
in his or her own culture. While there is some evidence in the literature about the universality of
six basic emotions (e.g., Ekman & Friesen, 1971), there are growing concerns about these claims
(e.g., Nelson & Russell, 2013; Jack et al., 2012; Porter & Samovar 1996; Tsai & Levenson,
1997; Matsumoto, 1991), and the affective states typically studied with BROMP are more
complex than the basic emotions claimed to be universal (Ortony, Clore, & Collins, 1990).
Moreover, given the holistic approach that people use to perceive and identify emotions (e.g.,
Panalp et al. 1998), it is not surprising that research shows that these perceptions are not
culturally universal (e.g., Gendron et al., 2014). There is also the possibility that self-presentation
effects may be magnified for academic and achievement-related emotions. This is not to say that

all BROMP coders must be from the same population as they are coding -- indeed, at the time of



this writing four people have become BROMP-certified for cultures they did not grow up in --
but that the baseline for certifying BROMP coders and establishing protocols should rest on
native coders. Typically, cross-cultural coding is both less reliable and contains specific biases
(Okur et al., 2018).

Meeting these conditions makes it possible to use BROMP in a valid and useful way in
new contexts. Failing to meet these conditions creates significant risks of invalid inference, and
researchers conducting affect coding in new contexts without meeting these standards are not

using BROMP.

BROMP in the broader learning science context

Recent decades have seen increased interest in engagement and affect within among
learning science researchers (Reschly & Christenson, 2012). One of the key recent trends in
learning science has been the increasing awareness of the value of larger-scale data, both in
terms of more intensive data, more data per learner (cf. Blikstein, 2011), and data on more
learners (Baker & Siemens, 2014). Traditional methods for measuring engagement and affect,
such as self-report, emote-aloud, video coding, and previous generations of classroom
observation protocols, are limited in terms of the degree to which they can achieve both intensity
and scale. BROMP makes it feasible to achieve higher intensity and scale compared to previous-
generation methods for measuring engagement and affect. In addition, by facilitating the
development of automated detectors of engagement and affect (e.g. Baker et al., 2012, 2014;
DeFalco et al., 2018; Kai et al., 2015; Miller et al., 2014; Pardos et al., 2014; Bosch et al., 2016;
Jiang et al., 2018; Gobert et al., 2015), BROMP makes it feasible to use this even more intensive

and scalable method.



The value of BROMP to the broader endeavor of learning science can be seen in the
broad range of research questions and problems that have become more amenable to analysis,
through BROMP. This is particularly true for research on affect. The majority of studies on the
moment-by-moment prevalence of different affective states during learning have been conducted
using BROMP. The majority of studies on affective dynamics have been conducted using
BROMP. Well more than half of the studies of the relationship between moment-by-moment
affect and student outcomes have either involved BROMP or automated detectors developed
using BROMP. By far, the largest-scale studies on student affect have involved BROMP or
automated detectors developed using BROMP (e.g. Pardos et al., 2014; Godwin et al., 2016). A
large proportion of modern research on affect in the learning sciences has been made possible
through BROMP.

BROMP has not been quite as dominant a method for engagement and disengagement
research, but has still played a substantial role, leading to papers that have been cited, in
aggregate, well over a thousand times, on phenomenon ranging from studying the relationship
between disengagement and learning (e.g. Baker, Corbett, Koedinger, & Wagner, 2004) to
studies on the disengagement associated with different pedagogies (Mulqueeny et al., 2015) to
studies on the relative proportion of different forms of disengagement in different countries
(Rodrigo, Baker, & Rossi, 2013).

As engagement and affect continue to be key foci of learning science research, we
anticipate that methods like BROMP will continue to be an important part of research in this
area. The trend in learning science is towards research methods that are scalable but with

established validity, a trend in line with BROMP’s advantages.



Conclusions and ongoing development

BROMP was originally developed for the training of automated models of student
engagement among students using educational software in the US. The protocol led to the first
automated detector of gaming the system, a type of disengaged behavior that has since been
shown to correlate with poorer student outcomes. Relatively quickly, in consultation with Didith
Rodrigo, its use was expanded from an observation protocol used solely to code for behavior to
one that included a separate coding scheme for affective states (and since then, for other
classroom conditions as well). Since 2012, when it was used for the first sensor-free, automated
models of student of students’ affective states (Baker et al., 2012), BROMP has been used to
develop automated detectors of engagement and affect for several learning systems (Baker et al.,
2012, 2014; DeFalco et al., 2018; Kai et al., 2015; Miller et al., 2014; Pardos et al., 2014; Bosch
et al., 2016; Jiang et al., 2018; Gobert et al., 2015).

BROMP’s use has expanded considerably over the last decade. Currently, BROMP has
been used to study more than 20 different software systems, and there are over 150 BROMP-
certified coders in the US, the Philippines, India, the UK, and the UAE. Done properly, there is
no reason to think BROMP could not be adapted to a range of other international contexts as
well, although the example of Mexico shows that doing so may sometimes present unexpected
challenges.

In addition to its use in other countries, BROMP has increasingly been used in non-
technological contexts. The extension of its use, from training educational software to recognize
how students behave when they are engaged (or not) to estimating the frequency of behaviors
and affective states in a range of contexts, has also led to new research questions. However, there

is not currently sufficient knowledge about how large samples need to be for momentary time



sampling methods such as BROMP. While extremely large studies are clearly safe (e.g. Godwin
et al., 2016), we do not yet know how small our samples can safely be. Further statistical work to
develop power analysis for this context (e.g., Paquette et al., 2015) is needed.

Additionally, BROMP may support research into understanding what thresholds are
important for intervention during the development of affect. For example, a student may need an
intervention for confusion eventually, but understanding what length of confusion or frustration
is educationally desirable in a given context requires further research. Likewise, understanding
the antecedents to boredom (Baker et al., 2011) is important to developing appropriate
interventions (e.g., Dashmann et al., 2011; Pekrun et al., 2010).

However, there is now a growing body of research showing interest in both the kinds of
automated models that BROMP is used to construct (cf., D’Mello, Dieterle, & Duckworth, 2017)
and in the use of BROMP for other types of classroom observations. BROMP has also
influenced the development of new approaches to coding student interaction and experiences,
including the Human Expert Labeling Protocol (HELP) developed by Intel (Aslan et al., 2017),
and the system used by researchers at Carnegie Mellon to develop the Spatial Classroom Log
Explorer (SPACLE), a system that helps to integrate analysis of different types of learning data

(Holstein et al., 2017). We look forward to seeing how this research unfolds in the coming years.
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