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Objective: The aim of this study was to examine
whether lag sequential analysis could be used to describe
eye gaze orientation between clinicians and patients in
the medical encounter. This topic is particularly important as new technologies are implemented into multiuser
health care settings in which trust is critical and nonverbal
cues are integral to achieving trust. This analysis method
could lead to design guidelines for technologies and more
effective assessments of interventions.
Background: Nonverbal communication patterns
are important aspects of clinician–patient interactions
and may affect patient outcomes.
Method: The eye gaze behaviors of clinicians and
patients in 110 videotaped medical encounters were
analyzed using the lag sequential method to identify
significant behavior sequences. Lag sequential analysis
included both event-based lag and time-based lag.
Results: Results from event-based lag analysis showed
that the patient’s gaze followed that of the clinician,
whereas the clinician’s gaze did not follow the patient’s.
Time-based sequential analysis showed that responses
from the patient usually occurred within 2 s after the
initial behavior of the clinician.
Conclusion: Our data suggest that the clinician’s gaze
significantly affects the medical encounter but that the
converse is not true.
Application: Findings from this research have
implications for the design of clinical work systems and
modeling interactions. Similar research methods could
be used to identify different behavior patterns in clinical
settings (physical layout, technology, etc.) to facilitate
and evaluate clinical work system designs.
Keywords: nonverbal communication, medical encounter,
health care system
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INTRODUCTION

The clinician–patient relationship is a fundamental aspect of the health care system. Understanding the dynamics of this relationship is a
necessary part of redesigning the work of health
providers. As technologies become more pervasive in the clinical encounter, a human factors and
ergonomics approach can be used to evaluate the
effects of technologies and other aspects of the
system and to develop design guidelines for
existing and future technologies. According to
Blumenthal (2009), adoption of health information technology and electronic health records
(EHRs) in the United States has been low; specifically, “few U.S. doctors or hospitals—perhaps
17% and 10%, respectively—have even basic
EHRs” (p. 1477). Barriers to clinician adoption
and use of health information technologies
include cost, lack of technical support, and clinician and patient concerns about privacy and
security (Blumenthal, 2009). In addition to those
overtly expressed concerns, there is evidence that
health information technologies can alter the cognitive performance of care providers. Holden (2011)
conducted interviews with clinicians in two hospitals in the United States and found that EHRs
contributed to both improvements and decrements
in cognitive performance. These changes in cognitive performance have the potential to affect patient
perceptions of the care provider, the technology,
and aspects of the communication. The communication process between patients and care providers
is an essential component of the clinician–patient
relationship and thus comprises a large portion of
the work conducted by care providers in primary
care environments. Evaluating the effects of interventions and system changes on communication
can contribute to the analysis of interventions
and designs that include technologies.
The communication process is composed
of both nonverbal and verbal components. The
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verbal component is, primarily, communicated
information using sound, words, speech, and language. Nonverbal components include features
such as social touch (e.g., hand shaking, eye contact) and emotional projection (e.g., smiling).
In nonverbal communication, gaze is an important aspect of establishing common ground, which
is a mutual belief that the communicants understand one another (Clark & Brennan, 1991). Gaze
and other nonverbal cues also help convey emotional context (Bensing, 1991; Ong, De Haes,
Hoos, & Lammes, 1995). In interpersonal contexts,
technologies or other characteristics of work system designs may affect the communication process. Technologies, such as computers, can mask
important communication cues or change an individual’s perception of the encounter. Although
researchers have evaluated the effects of technologies on interpersonal communication in health
care, most have used holistic or qualitative measures. For example, Margalit, Roter, Dunevant,
Larson, and Reis (2006) evaluated electronic medical record use in physician–patient communication
through video analysis. Using the Roter Interaction
Analysis System (RIAS) instrument, the researchers explored communication and the amount of
time that care providers spent gazing at computer
screens. Although the researchers were able to
show that the way clinicians use computers in the
examination room can negatively affect interaction
with patients, the analysis method did not lead to
empirically driven guidelines for the design of
technologies that might facilitate positive communication between doctors and patients.
Measures of positive technology use in interpersonal interactions may be more complex than
the metrics many studies use to assess technology
use. Although many studies compare frequency
and duration of gaze (Margalit et al., 2006; Mast,
Hall, Klöckner, & Choi, 2008), it may be more
useful to explore patterns and optimal sequences
of gaze behaviors. Lag sequential analysis
methods could be used to describe the influence
of technology on interpersonal interactions and
important communication outcomes, such as
eye contact, turn taking, and emotional projection. This method could also be used to develop
and evaluate technological interventions for settings in which interpersonal communication is
important.

503
Eye Gaze

Eye contact is important for positive interpersonal communication between individuals. Farroni,
Csibra, Simion, and Johnson (2002) argued that
“eye contact is the most powerful mode of
establishing a communicative link between
humans” (p. 9602). In their research with infants,
they found that from very early ages humans
prefer to look at faces that reciprocate gaze, that
is, engage in mutual gaze or make eye contact,
and being gazed upon engages enhanced neural
processes. In his review article on gaze and eye
contact, Kleinke (1986) reported that in interactions between people, gaze provides information,
regulates interaction, and expresses emotional
state. During health care encounters, the physician’s positive interactions and communication
of appropriate emotional responses, such as empathy, were correlated with measures of patient
satisfaction (DiMatteo, Taranta, Friedman, &
Prince, 1980). Many studies have shown that gaze
behaviors are related to a person’s likeability.
For example, studies have shown that people in
photographs and videotapes are rated as liking
each other more when they share high levels of
gaze (Kleinke, Meeker, & Fong, 1974; Mehrabian,
1968; Naiman & Breed, 1974; Scherer & Schiff,
1973; Thayer & Schiff, 1974). Researchers also
found that gaze influences people’s liking for
each other, specifically in moderation, as study
participants preferred people who provided moderate amounts of gaze over constant or no gaze
(Argyle, Lefebvre, & Cook, 1974). The presence
of gaze influences individuals’ perceptions of
others and their willingness to work with others.
In one study, participants more often chose to
work with confederates who gazed at them during
introductions, as opposed to those who did not
(Stass & Willis, 1967). In another study, participants rated same-sex peers as more pleasant when
the person gazed at them continuously rather than
not at all (Cook & Smith, 1975). In studies by
Exline and Eldridge (1967) and Ellsworth and
Ludwig (1972), gazing confederates received
more favorable evaluations than did confederates
who did not gaze when they communicated positive messages. Gaze is also related to perceptions
of competence and intelligence; a study conducted
in the context of interviewing found a positive
correlation between observers’ estimates of the
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interviewee’s intelligence and the interviewee’s
eye contact with an interviewer (Wheeler, Baron,
Michell, & Ginsburg, 1979).
Finally, gaze is related to perceptions of suspiciousness and credibility; in a study with mock
customs inspectors, travelers were perceived as
less suspicious if they made eye contact with the
inspector (Kraut & Poe, 1980). Hemsley and
Doob (1978) found that witnesses in a legal trial
were assessed as more credible when they did
not avert their gaze from the questioning attorney. These studies collectively support the notion
that gaze is innately correlated with individual
perceptions of positive interactions. Thus, gaze
appears to be integral to positive communication
in patient–care provider interactions.
Eye Gaze in Clinician–Patient Interaction

This study focused on eye gaze in clinician–
patient interactions to gain insight into the relationship between gaze, clinicians’ communication
styles, and outcomes of the medical encounter
(health status and patient satisfaction). Duration
of clinician gaze at the patient is a significant
predictor of patient satisfaction (Mast et al.,
2008). In a study of 34 videos from family practice physicians, two judges rated communication
on 11 predefined parameters (Larsen & Smith,
1981). The duration of patient gaze at the clinician was negatively related to patient ratings of
satisfaction (Larsen & Smith, 1981). A moderate
level of mutual gaze between the clinician and
patient was associated with patient perception
of clinician empathy, interest in the patient, and
warmth (Harrigan, Oxman, & Rosenthal, 1985).
Eye gaze in medical encounters has been evaluated qualitatively (Malterud, 1999; Robinson,
1998; Ruusuvuori, 2001) and quantitatively for
duration (Bensing, Kerssens, & van der Pasch,
1995; Harrigan et al., 1985) or frequency (Street
& Buller, 1987) of gaze. Previous studies have
not addressed the dynamic nature of gazing
between the clinician and the patient or explored
how gaze could inform design guidelines for
technologies and the system. If switching the
object of the gaze orientation is considered an
event, gaze in the medical encounter can be analyzed as a stream of sequential events. Sequential
analysis of these event patterns can quantify, for
example, whether the clinician is gazing at the

patient reciprocally or whether the patient is passively following the clinician’s gaze. Such data
can guide the design of interventions to improve
clinical outcomes. For example, a training intervention could help clinicians increase mutual
gaze in an encounter. If the goal is to increase
the patient’s mutual gaze in an encounter, a different intervention may be needed, such as increasing the number of questions asked of the patient
or creating more opportunities to share information with the patient. Finally, little work has been
done to determine how interpersonal cues should
be incorporated into the design of clinical information systems. Limited information is available
on training clinicians to work with clinical information systems. A precursor to developing interventions is being able to evaluate gaze and other
nonverbal behaviors in a manner that can be linked
to outcomes of interest such as patient trust or
adherence to care recommendations.
Analyzing Sequential Data

Lag sequential analysis, which is based on
contingency table analysis, is the most commonly
used sequential analysis method (Connor, Fletcher,
& Salmon, 2009). Incorporating the log-linear
model, the likelihood ratio chi-square test can be
used to test the dependence of initial and response
behaviors (Wickens, 1989), whereas adjusted
residuals can be used to detect significant behavior
sequences (Bakeman & Gottman, 1997).
Lag sequential analysis has been widely used
in research; specific topics include the foraging
patterns in animal behavior (Butler, 2005), children’s mealtime behaviors before and after
parental attention (Woods, Borrero, Laud, &
Borrero, 2010), transition patterns of preschoolers’ social play (Robinson, Anderson, Porter,
Hart, & Wouden-Miller, 2003), precursors of
problem behavior in individuals with autism
(Borrero & Borrero, 2008), sequences in therapist’s intervention and patient’s level of defensive functioning (Drapeau et al., 2008), online
asynchronous problem-solving discussion patterns (Hou, Chang, & Sung, 2008), patterns of
work group discussions about complaints and
solutions (Kauffeld & Meyers, 2009), and communication sequences that contribute to better
team performance (Bowers, Jentsch, Salas, &
Braun, 1998).
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Sequential analysis has also been applied in
research on clinician–patient interactions. These
studies include descriptive research detecting patterns of utterance sequences in verbal communication (Eide, Quera, & Finset, 2003; Eide, Quera,
Graugaard, & Finset, 2004; Epstein et al., 2007;
Scrimin et al., 2005) and investigation of the relationship between patient provision of information
and speech sequences between clinicians and
patients (Del Piccolo, Mazzi, Dunn, Sandri, &
Zimmermann, 2007; Zimmermann, Del Piccolo,
& Mazzi, 2003). In Eide et al.’s (2004) study,
patient–clinician dialogue was evaluated through
audio recordings of clinical interactions. Researchers found that RIAS sequential analysis provided
insights into the communication process. Specifically, they were able to show that physicians used
silence and minimal encouragers before patients’
expressions of concern, and minimal encouragers
and optimistic responses after the expressions of
concern. The researchers looked for potential differences in patterns between different types of
physician groups, which could influence physician training. However, there are very few published studies that use sequential analysis to
analyze nonverbal communication.
Relevance of Modeling Gaze
to Human Factors and Ergonomics

Nonverbal communication is particularly
important during clinical encounters but largely
neglected in work system design and interventions.
In this study, we propose an approach for analyzing
nonverbal communication, specifically gaze, in
health care work systems. This approach can lead
to a better understanding of the importance of nonverbal interactions in patient–clinician relationships. In addition, better understanding of the
relevance of nonverbal interactions in health care
may influence design guidelines for health information technologies. The lag sequential analysis
method, popularized in other domains such as
communications and counseling psychology (Gottman & Roy, 1990), has not been widely cited in
the human factors and ergonomics literature. In
this article, we explore the efficacy of this method
in a work system without technologies, which is
most appropriate for the development of guidelines
to overcome barriers that may impede nonverbal
communication.

505

Human factors and ergonomics researchers
have studied eye gaze previously; therefore, lag
sequential analysis of gaze patterns may be relevant to domains outside of health care. For
example, Salvucci, Mandalia, Kuge, and Yamamura (2007) used gaze models to characterize
how humans use technologies in automobiles. In
a usability study, Martin and Smith-Jackson
(2008) used gaze to evaluate children’s understanding of instructions. Shah and Breazeal
(2010) explored gaze as a source of nonverbal
communication between humans and robots.
Studies like these could incorporate lag sequential
analysis methods in order to move beyond measuring gaze frequency or duration to better understand gaze patterns and the effects of their
interventions on gaze patterns.
Research Questions

Developers of new clinical technologies and
work systems need to consider nonverbal interactions that may affect patient perception of the
care provider and the health system. These cues
may influence important health outcomes such
as patient trust in provider, adherence to medical
advice, satisfaction with provider, and return to
practice (Pearson & Raeke, 2000). However, there
are few methods available to provide accurate
guidelines for nonverbal cues in the design of
information technologies.
The research described in this article explored
gaze behaviors between patients and clinicians
in clinical interactions, specifically to better
understand dyadic gaze behaviors. Lag sequential analysis was used to quantify the eye gazes
of the clinician and patient based on the sequence
(occurrence) and timing (temporal immediacy)
of gaze activity.
The main research questions were as follows:
1. How was the clinician’s gaze related to the patient’s
gaze? (a) Did the patient follow where the clinician
gazed (occurrence)? (b) If so, what was the timing
of this behavior relative to the clinician’s behavior
(temporal immediacy)?
2. How was the patient’s gaze related to the clinician’s
gaze? (a) Did the clinician follow where the patient
gazed (occurrence)? (b) If so, what was the timing
of this behavior relative to the patient’s behavior
(temporal immediacy)?
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Participants

The data set was derived from videotaped medical encounters between clinicians and patients
being seen for acute upper respiratory infection
(common cold). Patients with new onset colds
were recruited from the community. Included in
the present analysis were 110 encounters that were
recorded with high video resolution after obtaining
informed consent. The encounters took place in
one of two clinics in Dane County, Wisconsin,
between April 2004 and February 2006. We
obtained institutional review board approval
through the University of Wisconsin School of
Medicine and Public Health, and the study complied with Health Insurance Portability and
Accountability Act regulations. Five Caucasian
clinicians participated in this study: four family
physicians (four men and one woman) and one
female family nurse practitioner. We did not collect data regarding clinician education or socioeconomic status. Each encounter was with a
different patient, and the five clinicians interacted with 13, 16, 22, 17, and 32 unique patients,
respectively.
Each clinical encounter included a history of
the present illness, past medical history, a physical exam, diagnosis, and a treatment plan. For
each encounter, the clinician was randomized to
interact with the patient in either the routine manner or one that emphasized positive prognosis,
education, empathy, empowerment, and connectedness (Barrett et al., 2007). Each clinician had
roughly equal numbers of standard and enhanced
interactions with patients. However, because some
videos were of poor quality, the cases in the present analysis were not fully balanced (58 routine
and 52 enhanced interactions).
The patients ranged in age from 12 to 71, there
were 69 (63%) women and 41 (37%) men, and
108 (98%) participants were White/Caucasian.
Of the patients, 12 (11%) had “some high school,”
7 (6%) had “high school grad/GED,” 24 (22%)
had “some college/tech school,” 56 (51%) had
“college grad/post grad,” and 11 (10%) did not
provide this information. Furthermore, 35 (32%)
patients met with a female clinician, and 75 (68%)
met with a male clinician.

Coding the Medical Encounter

All videos were coded with Noldus Observer
XT 9.0 software. An a priori coding scheme was
developed that included participant, behavior, and
modifier for events in the videos (see Table 1;
Krippendorff, 2004). The code “participant” indicated whether the participant was the clinician
or the patient. (Please note that in the tables and
figures the code for “clinician” is referred to as
“doctor.”). The code “behavior” indicated gaze.
The codes for “modifier” described the patient,
clinician, chart, unknown, or other artifacts.
The coding scheme and definitions used in this
research are shown in Table 1. Coders recorded
the start and stop time of events in the video by
pressing keyboard hot keys. For example, clinician-gaze-patient was coded when the clinician
shifted his or her eye orientation to the patient
from somewhere else, and clinician-gaze-chart
was coded when the clinician shifted his or her
gaze from the patient to the chart containing the
patient’s medical history. All events were stored
as codes, which allowed calculation of the duration and frequency of each behavior in a certain
period or throughout a single encounter. Sequential analysis was performed by considering codes
as a stream of events.
The coders used a two-pass procedure; in the
first video viewing, they coded only the patient’s
behavior. During the second pass, they coded
only the clinician’s behavior. The video speed
was set at one-half real time to increase the precision of time marks. There were three distinct
phases in each medical encounter: preexam consultation, physical examination, and postexam
consultation. The physical exam component was
not included in the analysis of this study.
Three coders developed the coding scheme
and executed the coding process for three weeks.
Coders were trained before starting the analysis
to ensure they were able to reliably code events
in the same way. During training, each coder
coded five videos to ensure appropriate reliability
before moving forward. Each subsequent week,
one video was assigned to be coded by all three
coders. When a coder coded an event at a specific
time (X) and if the other coder gave the same
code in the period of X ± 1 s, it was counted as
agreement. If the coder gave a different code or
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Table 1: Coding Scheme and Definitions
Participant

Behavior

Patient
Doctor

Gaze

Modifier
Patient
Doctor
Chart
Other artifact
Unknown

Note. Definitions of terms: 1. Modifiers of gaze—
participant’s eye gaze orientation or participant’s head
direction when back is to camera. 2. Chart—paper with
information about the patient or notes written by the
clinician during the encounter. 3. Other artifact—other
objects in the room, including chairs, examination table,
sink, medical tools, magazines, etc. 4. Unknown—three
situations: (a) Coder can see participant’s eyes but is not
able to specify object; this also includes the situation
when the participant is moving and looking somewhere
while thinking. (b) Coder is not able to code
participant’s gaze due to the participant facing away
from the camera or being out of screen. (c) Participant
is gazing at another person, rather than at clinician or at
patient, in the consultation room.

Table 2: Reliability Report (Kappas)

Average
Range

Week 1

Week 2

Week 3

.67
–

.77
.76–.78

.77
.74–.80

Note. The ranges of Kappa were not available for Week 1
because there were only two coders coding in that week.

did not code anything, it was counted as disagreement. In this study, the proportion of agreements
and Cohen’s Kappa coefficient were used to evaluate reliability. The average value of Cohen’s
Kappa coefficient of all the reliability-check
videos was between .67 and .77. The conservative
time period of X ± 1 s contributed to reliability
scores that were lower than .80. The average reliability among the coders was .76 and .74 (Table 2).
Based on Bakeman’s (2000) recommendations
for intercoder reliability, Kappa values between
.60 and .75 are considered good, whereas scores
greater than .75 are considered excellent.
Identifying the Behavior
Patterns to be Tested

Based on the research question, two classes
of behavior patterns were analyzed. The first class
was the clinician-initiated pattern (i.e., the clinician’s gaze preceded the patient’s gaze). Three

sequential behavior pairs were included in this
category: (a) clinician-gaze-patient (DGP),
followed by patient-gaze-clinician (PGD);
(b) clinician-gaze-chart (DGC), followed by
patient-gaze-chart (PGC); and (c) clinician-gazeother artifact (DGO), followed by patient-gazeother artifact (PGO). The second class of behavior
pattern was the patient-initiated pattern (i.e., the
patient’s gaze preceded the clinician’s gaze). The
three sequential behavior pairs in this pattern were
similar to the ones in the clinician-initiated pattern
but in a reversed sequence: (a) patient-gazeclinician (PGD), followed by clinician-gazepatient (DGP); (b) patient-gaze-chart (PGC),
followed by clinician-gaze-chart (DGC); and
(c) patient-gaze-other artifact (PGO), followed
by clinician-gaze-other artifact (DGO). The
sequences related to patient-gaze-unknown
(PGU) and clinician-gaze-unknown (DGU) were
not considered. Two behavior patterns and
respective sequential behavior pairs are shown
in Table 3. (Please note that in abbreviations
for the behavior patterns, the code for “clinician”
is indicated with the letter “D,” as in “doctor”)
Generating Contingency Tables

The concept of lag was defined differently for
each of the two methods of generating the contingency table. For the first method, lag was
defined based on events, regardless of time. For
example, if Lag 0 represented the initial gaze
behavior of the clinician or patient, then Lag 1
represented the subsequent response behavior of
the other participant. There were two tables generated for each encounter; one was the patient’s
behavior following the clinician’s behavior, and
the other one was the clinician’s behavior following the patient’s behavior. An example of the
contingency table generated by this approach is
shown in Figure 1. The purpose of generating the
event-based lag contingency table was to determine the frequency of sequential behavior pairs.
In the second method, we defined lag based
on a 2 s interval. Lag 0 represented the moment
when the initial behavior occurred. Lag 1 represented the first gaze behavior of the other participant that occurred 0 s to 2 s after Lag 0. Lag
2 represented the first behavior of another participant that occurred 2 s to 4 s after Lag 0. Lags
3, 4, and 5 represent intervals of 4 s to 6 s, 6 s to
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Table 3: Behavior Patterns Investigated in this Study
Sequential Behavior Pair
Pattern
Doctor-directed pattern
Patient-directed pattern

Initial Behavior

Response Behavior

Clinician-gaze-patient (DGP)
Clinician-gaze-chart (DGC)
Clinician-gaze-other artifact (DGO)
Patient-gaze-clinician (PGD)
Patient-gaze-chart (PGC)
Patient-gaze-other artifact (PGO)

Patient-gaze-clinician (PGD)
Patient-gaze-chart (PGC)
Patient-gaze-other artifact (PGO)
Clinician-gaze-patient (DGP)
Clinician-gaze-chart (DGC)
Clinician-gaze-other artifact (DGO)

Note. Clinician-gaze-unknown (DGU) and patient-gaze-unknown (PGU) were not included in the behavior patterns
identified.

Lag 1
(response
behavior)

Patient’s gaze

Lag 0
(initial behavior)
Doctor’s
Patient
Chart
gaze
Other artifacts
Unknown

Doctor

Chart

15
1
0
1

2
13
0
0

Other artifacts

Unknown

1
0
1
2

2
3
0
1

Figure 1. An example of an event-based lag contingency table generated from one coded video.
Lag 1
(response
behavior)

Lag 0
(initial behavior)
Doctor’s Patient
Chart
gaze
Other artifacts
Unknown

Patient’s gaze
Doctor

Chart Other artifacts Unknown

5
1
1
3

1
1
0
2

1
1
1
1

3
2
1
3

No action
8
6
0
3

Figure 2. An example of time-based lag contingency table generated from one coded video.

8 s, and 8 s to 10 s, respectively. Similar to the
event-based tables, 2 tables were generated for
each lag, so there were 10 tables generated for
each encounter. In this case, a new behavior
category was added to the table—“no action,”
which meant that no behavior was recorded for
the target participant during that time period. An
example of the contingency table generated by
the method is shown in Figure 2. Lag 1 through
Lag 5 were investigated in the time-based lag
table; that is, the analysis included response
behaviors within 10 s of the initial behavior. As
timing of the response behavior could be examined
through time-based lag tables, these tables were

used for answering the temporal immediacy
questions.
There were 12 contingency tables generated
for each individual video. Sets of 12 tables were
pooled together for each clinician. Lag sequential analysis, with the procedure described in
the following section, was applied to the data
from each clinician. The tests showed that different clinicians had similar tendencies (in terms
of eye gaze behavior patterns), so the tables for
each clinician were pooled together into a single
table. Finally, 12 contingency tables (2 for eventbased analysis and 10 for time-based analysis)
were generated for the whole data set, and the
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Table 4: General Statistical Description of Gaze Behavior
Patient’s Behavior

Average percentages
of duration
Average frequencies

Doctor’s Behavior

PGD

PGC

PGO

PGU

DGP

DGC

DGO

DGU

55.37

27.51

2.87

14.24

44.38

45.07

3.27

7.29

14.37

6.94

2.27

6.96

16.41

13.57

2.65

2.28

Note. See Table 3 for a list of the abbreviations of the behavior patterns investigated in this study.

general initial response behavior pattern was
examined.
Testing the Connection
of the Sequential Behavior Pairs

Several statistical techniques were applied in
the lag sequential analysis method. An initial
likelihood ratio chi-square test was conducted for
each table generated. The expected cell values in
the test were calculated by assuming that the
behaviors listed in the column and the behaviors
listed in the row were independent. The purpose
of this test was to determine whether the cell values were distributed by chance at the whole-table
level. Next, the unconditional probability, conditional probability, and adjusted residual were
calculated for each table cell found significant in
the first step. This step identifies specific behavior
pairs showing a strong association in terms of
initial-response sequence. Unconditional probability was an expected value, which assumed
that clinician behaviors and patient behaviors
were independent. Conditional probability was
calculated according to the observed value.
Adjusted residual was a parameter comparing the
observed value with the expected value, which
assumed independence. Although other investigators have used an adjusted residual above
1.96 per cell to indicate significant association
between the initial behavior and the response
behavior (Bakeman & Quera, 1995), we applied
a more restrictive criterion of 2.58 (α = .01) to
control Type I error. Statistically speaking, a cell
with an adjusted residual lower than –2.58 should
also be considered significant; however, this study
only emphasized cells with adjusted residuals
above 2.58, because that level implies positive
linkage between the initial behavior and the
response behavior. The calculations for chi-square

test and adjusted residual were done with the
general log-linear function of SPSS (version 17.0).
Finally, Yule’s Q was calculated for the sequential
behavior pairs in the two behavior patterns.
Yule’s Q was used for cross-table comparison of
the two behavior patterns, as it is a transformation
of odds ratio and unaffected by the total event
frequency of the whole table (Bakeman &
Gottman, 1997; Bakeman, McArthur, & Quera,
1996). Yule’s Q estimates the strength of the association between behavior pairs.
RESULTS
General Description of the Gaze Behavior

The average total communication length
during the encounters was 192.8 s (SD = 122.8,
range = 27–643 s). The duration of the gaze behaviors relative to total communication length (%)
and the average frequencies of occurrence of each
gaze behavior per visit are shown in Table 4.
Event-Based Lag Sequential Analysis

The likelihood ratio chi-square was 556.7
(df = 9) for the clinician-initiated pattern table
and 163.3 (df = 9) for the patient-initiated pattern
table. Both estimates exceeded the 0.01 critical
values of 21.67, so cell values in both tables were
not distributed by chance. The observed frequencies, conditional probabilities, and adjusted
residuals of the response behaviors in clinicianinitiated and patient-initiated patterns are shown
in Tables 5 and 6, respectively, with the significant cells highlighted in bold font. All the initialresponse behavior pairs in the clinician-initiated
pattern showed significant connection. In contrast, no sequential behavior pair had significance in the patient-initiated pattern. This finding
was supplemented by Yule’s Q values for the
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Table 5: Observed Frequencies, Conditional
Probabilities, and Adjusted Residuals of Patients’
Behaviors in Response to Clinicians’ Behaviors
Initial
Behavior
DGP
DGC
DGO
DGU

Response Behavior
PGD

PGC

PGO

PGU

450
62.2%
(15.45)
147
22.6%
(–11.92)
36
24.8%
(–4.07)
73
34.0%
(–2.16)

81
11.2%
(–11.51)
320
49.2%
(17.59)
9
6.2%
(–5.55)
31
14.4%
(–3.96)

54
7.5%
(–3.93)
32
4.9%
(–6.25)
76
52.4%
(16.70)
28
13.0%
(1.04)

138
19.1%
(–3.19)
152
23.3%
(0.35)
24
16.6%
(–1.90)
83
38.6%
(5.86)

Table 6: Observed Frequencies, Conditional
Probabilities, and Adjusted Residuals of Clinicians’
Behaviors in Response to Patients’ Behaviors
Initial
Behavior
PGD
PGC
PGO
PGU

Response Behavior
DGP

DGC

DGO

DGU

330
37.6%
(–4.67)
276
60.4%
(8.67)
43
33.3%
(–2.33)
111
37.1%
(–2.29)

330
37.6%
(4.60)
131
28.7%
(–2.01)
17
13.2%
(–4.86)
94
31.5%
(–0.41)

95
10.8%
(2.90)
19
4.1%
(–4.10)
18
14.0%
(2.12)
24
8.0%
(–0.55)

123
14.0%
(–1.83)
31
6.8%
(–6.03)
51
39.5%
(7.78)
70
23.4%
(4.09)

Note. See Table 3 for a list of the abbreviations of the
behavior patterns investigated in this study. Values in
parentheses are adjusted residuals. Data in bold font
show statistical significance, α < .01.

Note. See Table 3 for a list of the abbreviations for the
behavior patterns investigated in this study. Values in
parentheses are adjusted residuals. Data in bold font
show statistical significance, α < .01.

sequential behavior pairs in both patterns (see
Table 7).

soon after the clinician’s gaze behavior. This
implies that the clinician’s gaze is related to the
patient’s gaze during the medical encounter and
may influence the patient’s gaze. Whether this is
a direct causal relationship will need to be tested
in future studies.
Overall, event-based lag analysis showed that
the clinician’s gaze predicted the patient’s gaze.
Average gaze duration as a percentage of total
encounter time for each modifier of gaze was similar for clinician and patient (see Table 4). However,
the conditional probability and Yule’s Q value of
the initial-response sequences for the sequential
behavior pairs in two patterns were very different.
Figure 4 shows these differences more explicitly.
We conclude that clinician-initiated patterns were
the main gaze behavior rather than patient-initiated
patterns in this research sample, which involved
brief (2–3 min) nonphysical interactions in ambulatory clinician–patient encounters.
There were two main findings in the time-based
lag analysis. First, only the tables of Lag 1 and
Lag 2 showed significance in the likelihood ratio
chi-square test. This means that any association
between an initial and subsequent gaze behavior
disappeared after 4 s. Second, findings in the association between Lag 0 and Lag 1 in time-based

Time-Based Lag Sequential Analysis

Likelihood ratio chi-square tests were conducted for the tables generated from each lag. As
the degree of freedom of the time-based lag tables
was 12, the 0.01 critical values for the tables
were 26.22. Results showed that only the tables for
Lag 1 and Lag 2 showed dependence between the
behavior pairs for the whole table (see Table 8).
Sequential behavior pairs were analyzed in
the two behavior patterns picked for cross-lag
comparison. Figure 3 shows the conditional probabilities and unconditional probabilities of the
particular sequential behavior pairs in each lag.
All behavior pairs in the clinician-initiated pattern and for PGO-DGO showed significant connection in Lag 1. No significance was found in
the subsequent lags.
DISCUSSION

This study sought to provide insight into how
the clinician’s eye gaze orientation is related to
the patient’s eye gaze orientation. We found, in
general, that the patient followed where the clinician was gazing and that this occurred relatively
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Table 7: Yule’s Q for Sequential Behavior Pairs
Clinician-Initiated Pattern

Patient-Initiated Pattern

Sequential Behavior Pairs

Yule’s Q

Sequential Behavior Pairs

Yule’s Q

DGP-PGD
DGC-PGC
DGO-PGO

.66
.77
.88

PGD-DGP
PGC-DGC
PGO-DGO

–.22
–.12
.27

Note. See Table 3 for a list of the abbreviations for the behavior patterns investigated in this study.

Table 8: Likelihood Ratio Chi-Square Result of
Contingency Tables for Each Time-Based Lag
Lag 1

Lag 2

Lag 3

Lag 4

Lag 5

Patient’s behavior following clinician’s behavior
G2
344.42
42.11
16.00
13.89
14.17
Doctor’s behavior following patient’s behavior
G2
68.48
27.88
25.24
7.42
22.24
Note. Cells in bold font show statistical significance,
α < .01.

lag sequential analysis matched findings in the
event-based lag sequential analysis. In Lag 1, all
the behavior pairs in the clinician-initiated pattern
were significant, whereas only PGO-DGO is significant in the patient-initiated pattern.
We found advantages to using both eventbased and time-based lag sequential analysis.
Event-based analyses determined whether behavioral pairs were significantly associated, independent of time. Time-based analyses were able to
distinguish associations between behavior pairs
in different periods but could not discern general
trends of association because its lags were constrained by time. Combining these two methods
allows each to compensate for the limitations of
the other.
In this study, patients’ gaze tended to follow
physicians’ gaze. There are several theories related
to eye contact that may explain these results. Senju
and Johnson (2009) define the eye contact effect
as the “phenomenon that perceived eye contact
with another human face modulates certain aspects
of the concurrent and/or immediately following
cognitive processing” (p. 129). Social, cognitive,
and physiological theories have been proposed
to explain the effect of humans returning the gaze
of those who look at them.
Studies have shown that eye contact influences neurological activity in infants. For example,

Farroni et al. (2002) argued that infants learn that
eye contact communicates important information,
and they therefore prefer to look at faces that are
mutually gazing at them. Senju and Johnson (2009)
suggested that there is a developmental basis for
the eye contact effect, because human infants are
“equipped with a bias to detect and orient towards
faces that make eye contact with them” (p. 131).
Therefore, humans are biologically equipped to
look at people who are looking at them. If clinicians
are the initiators of gaze in an encounter, they may
influence the return gaze of other individuals.
There is also evidence that adult humans are
not necessarily aware of their own gaze behaviors
(i.e., gaze leakage) or those of others. A classic
study conducted by Argyle, Salter, Nicholso,
Williams, and Burgess (1970) found that participants were unable to identify whether confederates
were gazing at them 20% or 80% of the time. Our
results may be explained through these social and
developmental theoretical perspectives. First,
because infants and children receive informationrelated benefits from returning gaze, adults also
may be predisposed to returning gaze. This effect
may be further amplified in situations when
humans are unclear of the social expectations and
when they are interested in gaining as much information as possible from their communication
partners. Examples of these situations would be
health care settings in which patients are interested
in learning about their condition and may be more
attuned to clinicians’ nuanced communication
patterns. This behavior may also occur in situations when individuals need to make quick decisions about a person’s trustworthiness with little
evidence. The gaze-related studies described also
imply that patients who follow their clinicians’
gaze may not have been aware of their gaze behaviors or their clinicians’ gaze behaviors. Patients
may unconsciously follow clinicians’ nonverbal
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Figure 3. Comparison of the sequential behavior pairs of the two behavior patterns with time-based lag sequential
analysis in multiple lags, in terms of conditional probabilities and unconditional probabilities. An asterisk (*)
means that the behavior showed statistical significance (α < .01) in that lag.

DGP

62.2% / 0.66

PGD

37.6% / –0.22

DGC

49.2% / 0.77
28.7% / –0.12

PGC

DGO

52.4% / 0.88

PGO

14.0% / 0.27

Figure 4. Differences in conditional probabilities and
Yule’s Q between the behavior pairs when they were
in opposite sequences. These results show that clinician’s
gaze behavior was related to patient’s gaze behavior,
but the converse was not observed.

behaviors because following their gaze provides
patients with potentially useful information about
the encounter. While this theory is viable, recent
cognitive science research may offer further
explanation.
Cognitive science research has explored the
effects of being gazed at, and several studies have
found connections between eye contact, communication (Kleinke, 1986), and neurological structures sometimes referred to as the “social brain.”
The social brain is a “network of regions of the
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adult cortex activated during social perception
and cognition tasks” (Johnson et al., 2005, p. 599).
In this body of literature, the affective arousal
model provides insight into why individuals are
compelled to return gaze. In this model, researchers argue that “eye contact activates brain arousal
systems and/or elicits a strong emotional response”
(Senju & Johnson, 2009, p. 129). Thus, being
looked at activates positive emotional arousal
systems, which then initiates successive perceptual
and cognitive processes. In support of this model
there are physiological correlates associated with
being looked at (Andersen, Guerrero, Buller, &
Jorgensen, 1998), including galvanic skin response
(Nichols & Champness, 1971), heart rate (Kleinke
& Pohlen, 1971), and electroencephalographic
activity (Gale, Lucas, Nissin, & Harpham, 1972).
This model suggests that eye contact between
patients and clinicians may facilitate important
and possibly unappreciated social interactions.
Patients may have unconscious physiological
reactions to nonverbal interactions that influence
how they perceive their clinicians and health care
encounters. If such interactions are not facilitated
or are inhibited by information technologies,
patients may perceive their health care encounters
more negatively. The method proposed in this
article provides a promising tool for investigating
this intriguing hypothesis.
Study Limitations

This study has limitations. First, for an
individual-coded video, the total amount of
tallies was too small to divide into different subepisodes to test whether the video was stationary
(whether or not sequential relationships were
consistent throughout the encounter). With 16
cells for the event-based lag table and 20 for the
time-based lag table, the total event frequency
of a table would need to be 4 or 5 times higher
to obtain more valid statistical results (Bakeman
& Gottman, 1997; Wickens, 1989).
Second, the classic lag sequential analysis
method has limitations in distinguishing different
episodes (Connor et al., 2009). In this case, pooling tables from individual videos into one table
may introduce problems such as outlier episodes
(i.e., episodes that contain very different sequential
relationships than do the rest of the episodes),
which could skew the results. Given the exploratory
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nature of this nonexperimental study, causality
cannot be inferred from a nonexperimental design,
and future research should explore these variables
using a more controlled design.
Third, although intercoder reliability could be
considered good (Bakeman, 2000), improvements
to the methodology might improve reliability in
future studies. Two potential improvements could
be improving the resolution (or facial close-ups)
of the videos to avoid ambiguity of the gaze direction and introducing an automated coding system
to replace human coders.
Finally, these clinician–patient interactions
were part of a larger study in which the clinical
encounters were relatively simple and the patients
did not have preexisting relationships with these
clinicians. Patients who have existing relationships with clinicians may exhibit different nonverbal behaviors. Gaze analyses in other types of
clinical encounters might yield different results.
CONCLUSION

This study found that clinician gaze was associated with subsequent patient gaze orientation, but
not the converse, in the medical encounters. This
finding may have implications for medical practice
design. For instance, unidirectional influence of
gaze may reflect underlying processes important
for clinical outcomes such as education, healing,
and informed decision making. Control of the gaze
direction may reflect underlying communication
and relationship dynamics important for clinical
interaction. Also, analyses such as those portrayed
here could be developed to measure important
constructs such as patient-centeredness. Other
proximal measures such as patient satisfaction may
be influenced by dominance or mutuality of gaze.
Individual clinicians will interact with different
patients in different ways. Participants in this study
were relatively homogeneous in terms of illness,
and race/ethnicity. Studies have shown that demographic variables such as health status, race/
ethnicity, and gender concordance may be important factors to consider in studies of patients’ perceptions of care providers and clinical encounters
(Cooper-Patrick et al., 1999; Cooper-Powe et al.,
2004). The lag sequential analysis method can
provide insights into questions about interactional
differences in regard to outcomes related to gender, socioeconomic status, language, and race/
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ethnicity, as well as differences in patients with
socially stigmatizing illnesses, for example, HIV/
AIDS and substance abuse. Future research can
explore gaze behavior in settings where patients
have existing relationships with clinicians and
settings with varied demographics.
Future Questions

Future studies should explore the underlying
meaning behind clinician-initiated gaze. If clinicians’ nonverbal behaviors influence patients’
nonverbal communication, these behaviors might
be more important in trust-critical work systems,
such as primary health care, than previously
acknowledged. Postvisit interviews and surveys
might provide additional insight into patients’
nonverbal behaviors and their association with
the patient–clinician relationship. These results
may influence training interventions and the
implementation of technology (e.g., documentation systems) in primary care encounters. These
findings may also inform theory about patients’
roles in clinical encounters. Other nonverbal cues
besides gaze should be studied. Physicians may
benefit from targeted training in nonverbal interactional cues, particularly when they use computers or other health information technologies
during clinical encounters.
We can then determine how to use these models
to design systems that account for the important
human–human interactions that occur in health
care systems. The results of this study suggest
that technologies used in human–human interactions, such as computers, might impair the clinician’s ability to initiate eye contact with the patient.
This method can help us better understand when
and why these differences might exist and can be
used to lead effective system interventions such
as training for clinicians, appropriately designed
technologies and physical work environments,
and educational tools for patients.
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KEY POINTS
•• The interaction between doctors and patients is an
important aspect of the health care system.
•• According to the literature, eye gaze patterns
between the clinician and patient may be related
to important organizational and health outcomes.
•• By applying lag sequential analysis to eye gaze data,
this study found that the clinician’s gaze behavior
appears to influence the patient’s gaze during medical encounters.
•• The results from this study have implications
for clinical practice design, modeling clinical
interactions, and the design of health information
technologies.
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