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Robots such as those serving as educational tutors, healthcare supporters, and collaborative partners must
develop “rapport,” a construct that encompasses mutual understanding and interpersonal connection with
people, to ensure their long-term success. In our earlier work, we constructed, evaluated, and validated an
18-item Connection–Coordination Rapport (CCR) scale to measure human–robot rapport (Studies 1–3). Even
though the full-length 18-item CCR scale measures rapport thoroughly, it may not always be practical for
researchers to adopt given its relatively long length. Therefore, in this work, we developed a reduced-length
version of the CCR scale that still effectively measures rapport using just 8 items. Following recommended
practices for short-form development and validation, we leveraged the input of Human–Robot Interaction
(HRI) experts (Study 4, # = 30) to shorten the CCR scale from 18 items to 8 items (4 items per factor). Then,
we evaluated this reduced-length CCR scale on a new sample (Study 5, # = 186) where online participants
watched a HRI video and evaluated it using both the full-length and reduced-length CCR scales. We validated
the reduced-length CCR scale by showing that it has high internal reliability, high overlap with the full-length
CCR scale, a consistent factor structure, high construct validity, and significant time savings.
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1 Introduction
From offering caregiving for children and the elderly [44, 69, 87, 88, 100, 102], giving educational
assistance [55, 56, 64, 96], to providing customer service [23, 51, 58, 81, 90], robots are steadily
integrating into our everyday lives. For these robots to be successful over the long term, they need to
establish harmonious relationships with people. These harmonious human–robot relationships can
be characterized by the construct of rapport, which we define as “a feeling of mutual understanding
and interpersonal connection among individuals developed through interactions” [60].

Developing human–robot rapport has several benefits, including promoting more effective
communication and resolution of conflicts [14, 79, 80] and increasing people’s willingness to engage
with the robot [53, 64, 77, 96] even after the novelty effect of the robot fades [36]. Although rapport
has the potential to significantly improve Human–Robot Interactions (HRIs), we found that the
HRI community lacked a psychometrically validated rapport scale that follows traditional scale
construct guidelines [19, 26, 68, 83] to enable an accurate measure of human–robot rapport.

Therefore, in our recently published work (Lin et al. [60]), we designed a psychometrically
validated rapport scale, the 18-item Connection–Coordination Rapport (CCR) Scale, that can
be used for different types of robots and contexts (see Table 1 and its detailed usage in Box 1).
The 18-item CCR scale offers a comprehensive assessment of rapport using two factors reinforced
by psychological literature [97]: connection and coordination. It contains short, forward-coded
items and can be used from both first-person and third-person perspectives. Our multiple online
and in-person validation studies in Lin et al. [60] demonstrate that the CCR scale has a consistent
two-factor structure, shows high internal validity and reliability, and outperforms the current best
alternative scale [37] used to measure human–robot rapport.

Although our 18-item CCR scale provides a psychometrically validated method to measure
rapport, we considered whether having access to a shorter scale that maintained its validity would
be beneficial for the HRI community. Performing scale reduction on the 18-item CCR scale offers
several key advantages. It decreases participant fatigue by yielding better data quality and lower
dropout rate [25, 29, 32, 45, 62, 98]. It gives researchers more feasibility to collect participant
responses if they need to repeatedly ask participants to rate rapport [30]. It also allows researchers
who are exploring rapport-adjacent topics to adopt the scale more easily since HRI user studies
(e.g., [61, 76, 105, 106]) usually administer multiple scales at once.

In this work, we developed and validated a reduced-length 8-item CCR scale. We first summarize
the development of the full-length 18-item CCR scale from Lin et al. [60], where we conducted
Studies 1–3 to construct, evaluate, and validate the scale. We then present our methodology for
scale shortening, which can broadly be applied to any future scale-shortening efforts in HRI. Next,
we describe how we developed the reduced-length CCR scale by performing content validation
(Study 4). We then detail how we validated the reduced-length CCR scale by administering both
the full-length and reduced-length CCR scales to an independent sample (Study 5). Our resulting
reduced-length 8-item CCR scale has high internal reliability, convergent validity, divergent validity,
and high correlation and similar inter-item correlation with the full-length CCR scale. It also takes
participants significantly less time to complete than the full-length CCR scale. Our validation of
the reduced-length scale also provided further evidence of the full-length CCR scale’s construct
validity and the strong influence of a robot’s responsiveness on human–robot rapport.

2 Development of the Full-Length 18-Item CCR Scale
The development of the full-length 18-item CCR Scale is fully detailed in our prior work, Lin
et al. [60]. In this section, we briefly summarize the key methods, studies, and results from the
development of the full-length CCR scale and specifically emphasize details relevant to our efforts
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Table 1. Scale Items for the Full-Length 18-Item CCR Scale and the
Reduced-Length 8-Item CCR Scale

Factor One: Connection Full-Length
18-Item CCR Scale

Reduced-Length
8-Item CCR Scale

Connection 3 3
Getting along 3 3

Empathy 3 3
Respect 3 3

Closeness 3
Friendliness 3

Liking each other 3
Sympathy 3
Warmth 3
Positivity 3

Enthusiasm 3
Excitement 3

Factor Two: Coordination Full-Length
18-Item CCR Scale

Reduced-Length
8-Item CCR Scale

Coordination 3 3
Engagement 3 3
Smooth flow 3 3
Attentiveness 3 3

Focus 3
Equal participation 3

Question wording for both scales: “Rate how much you think the following was present in
the interaction.” A five-point scale was used for both scales: Strongly Disagree, Disagree,
Neither Agree nor Disagree, Agree, Strongly Agree. Rapport calculation for both scales:
(1) Average item ratings from the Connection factor, (2) average item ratings from the
Coordination factor, and (3) average values from (1) and (2) to get one score for rapport.

to reduce its length. The protocols for Studies 1–3 presented in this section were approved by the
University of Chicago’s Institutional Review Board (#IRB24-0884).

2.1 Initial Scale Item Generation
To create a set of initial scale items to capture the construct of rapport, we extracted phrases from
dictionary definitions of rapport [1–10], papers retrieved from Google Scholar with the search
term “rapport” [11, 15, 16, 28, 31, 34, 38–41, 47, 54, 57, 70, 71, 75, 91, 92, 97, 101] and “rapport in
human–robot interaction” [12, 14, 23, 33, 35, 48, 51, 52, 63, 64, 72, 74, 77, 79, 80, 84, 86, 90, 93, 103],
and the general public’s perceptions of rapport (collected in an online pre-study, Study 0). We then
employed the Delphi method [21] to combine relevant themes and identified a list of 67 candidate
scale items (see Supplemental Materials Table SI). Through numerous rounds of internal discussion,
we eventually narrowed the list to 27 scale items that describe positive characteristics of interaction
(see the top 27 items listed in Supplemental Materials Table SI). The reasons for rejecting the other
40 items are also detailed in Supplemental Materials Table SI (e.g., some of the items are excluded
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because they are idiomatic or too colloquial, which could be difficult for respondents to understand
or translate into other languages).

2.2 Scale Construction (Study 1)
We conducted Study 1 to determine which (if any) of the 27 scale items chosen in Section 2.1
would be best to measure human–robot rapport. In an online between-subjects study (# = 288),
participants were randomly assigned to watch one of four videos each depicting a HRI1 and rate
the video using the 27 scale items. For each item, participants were presented with the prompt
“Rate how much you think the following was present in the interaction” on a five-point Likert scale
ranging from 1 (Strongly Disagree) to 5 (Strongly Agree). From participants’ responses, we found
that Exploratory Factor Analysis (EFA), Very Simple Structure, Empirical Bayesian Information
Criterion, and Parallel Analysis all indicated a clear two-factor scale structure. We thus proceeded
to analyze participants’ responses using EFA with two factors under promax rotation (refer to each
item’s factor loadings in Table 2). After inspecting the EFA results, we kept scale items that had one
loading above or equal to 0.6 and had no cross-loadings above 0.3 (suggested by [27, 66]). From the
remaining 19 scale items (see the top 19 items listed in Table 2), we found high internal reliability
using Cronbach’s alpha and McDonald’s omega (U = 0.96, lC>C0; = 0.97) and named the two factors
based on the item’s contextual definitions: connection (13 items) and coordination (6 items). The
names of the two factors give the scale its name—CCR Scale.

2.3 Scale Evaluation (Study 2)
We then executed Study 2 to evaluate our 19-item CCR scale from Study 1 and compare its
effectiveness with an alternative state-of-the-art scale: Rapport Scale 4 from Gratch et al. [37]
(which we will refer to as the Gratch Rapport Scale; see Supplemental Materials Table SII). In an
online within-subjects study (# = 201), we asked participants to watch a new set of four videos of
HRI2 and rate all four videos using our 19-item CCR scale and the Gratch Rapport Scale. We also
asked participants to rank the four videos from highest to lowest rapport. Based on participants’
responses, we first removed the scale item “Deep conversation” as it was notably more context-
specific than the other items. We then performed Confirmatory Factor Analysis (CFA) on the
participant’s ratings for the remaining 18 scale items and found that our CCR scale has a good fit
based on Comparative Fit Index (CFI), Tucker–Lewis Index (TLI), and Standardized Root
Mean Square Residual (SRMR): ��� = 0.997 (≥ 0.95), )!� = 0.996 (≥ 0.95), and ('"' = 0.046
(≤ 0.08).

Our next objective was to compare our CCR scale with the Gratch Rapport Scale in terms of its
effectiveness in measuring rapport. We found that both scales were strongly correlated (' = 0.84,
p < 0.001), and they were both highly reliable: CCR scale (U = 0.97, lC>C0; = 0.97) and Gratch
Rapport Scale (U = 0.89, lC>C0; = 0.94). This indicates that both scales have items that, together,
measure a cohesive construct and that the constructs measured by both scales are highly similar.
Finally, to compare the efficacy of both scales in measuring rapport, we evaluated the ordinal
regression model fit using participants’ video ranking of rapport and observed that our CCR scale
has a significantly better model fit (��� = 1874.23) than the Gratch Rapport Scale (��� = 1914.33).
This observation is reinforced by the Nagelkerke Pseudo '2

#
metric, with our CCR scale achieving

a better model fit ('2
#
= 0.39) than the Gratch Rapport Scale ('2

#
= 0.35). These metrics, AIC and

Nagelkerke Pseudo '2
#
, demonstrate that our CCR scale is more effective at measuring rapport

than the Gratch Rapport Scale.

1OSF link to view Study 1 videos: https://osf.io/5ezga/overview?view_only=f857949cfe1e49dd8f75ce1aac206b9f.
2OSF link to view Study 2 videos: https://osf.io/5ezga/overview?view_only=f857949cfe1e49dd8f75ce1aac206b9f.
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Table 2. Study 1 EFA Results

Item Connection Coordination

Warmth 1.03 −0.19
Empathy 1.00 −0.17
Friendliness 0.97 −0.05
Sympathy 0.92 −0.12
Closeness 0.85 −0.02
Positivity 0.84 0.10
Liking each other 0.82 0.13
Enthusiasm 0.76 0.02
Deep conversation 0.74 −0.22
Respect 0.74 0.21
Getting along 0.72 0.25
Excitement 0.71 0.06
Connection 0.63 0.23

Coordination −0.17 0.97
Focus −0.19 0.95
Attentiveness −0.03 0.82
Smooth flow 0.05 0.79
Equal participation −0.15 0.65
Engagement 0.13 0.60

Enjoyment 0.64 0.32
Agreement 0.61 0.35
Understanding 0.58 0.35
Trust 0.56 0.37
Comfortable with each other 0.52 0.42
Satisfaction 0.44 0.50
Harmony 0.42 0.52
Cooperation 0.42 0.54

Bolded values indicate factor loadings above or equal to 0.6 for scale items with
no cross-loadings above 0.3.

2.4 Scale Validation (Study 3)
We conducted Study 3 to validate our 18-item CCR scale from a first-person perspective in an
in-person HRI study. We decided to replicate a study from Birnbaum et al. [18] who investigated
the influence of a robot’s responsiveness on a HRI. We hypothesized that people would perceive
greater rapport between themselves and the robot if the robot was programmed to be responsive as
opposed to unresponsive. As illustrated in Figure 1(a), participants (# = 44) were told to disclose a
current problem to either a responsive robot (i.e., one that nods its head and says one template-
based sentence that was personalized and positive to the participant) or an unresponsive robot
(i.e., one that does not perform any gestures, instead simply giving a one-sentence utterance that
asked participants to move on). After the interaction, participants completed a questionnaire that
included our 18-item CCR scale. Similar to Studies 1 and 2, we found our CCR scale has high
internal reliability (U = 0.95, lC>C0; = 0.96), this time from a first-person perspective. As shown in
Figure 1(b), we also found that participants perceived a greater degree of rapport between themselves
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Fig. 1. (a) In Study 3, participants were asked to disclose a personal concern to either a responsive or
unresponsive robot. (b) Study 3 participants’ responses for the connection factor, the coordination factor,
and the CCR Scale between the responsive condition and the unresponsive condition. Error bars show one
standard error from the mean.

and the robot when the robot was responsive (" = 3.44, SD = 0.61) as opposed to unresponsive
(" = 2.37, SD = 0.68, p < 0.001). This finding confirms our CCR scale’s construct validity, supports
the connection between robot responsiveness and rapport, and shows its applicability to in-person
usage.

2.5 Strengths and Limitations of the Full-Length CCR Scale
The full-length 18-item CCR Scale has several strengths. For example, it enables a comprehensive
measurement of the construct of rapport, can detect subtle changes in the ratings of rapport,
and shows strong internal reliability. However, administering the full-length CCR scale has some
limitations. Asking participants to rate 18 scale items may take a relatively longer time, which could
potentially increase participants’ fatigue [25, 29, 32, 45, 62, 98]. Due to its length, the full-length
CCR scale may also be less practical for other researchers who are researching rapport-adjacent
topics to include or for other researchers who are conducting repeated measurements of rapport to
adopt [30]. For instance, in Study 2, we noticed 49 out of 250 participants (19.60%) failed one or
more attention checks when we asked them to rate the full-length 18-item CCR scale four times in
one session. This heightened attention check failure rate could be a result of participant fatigue. To
address these limitations, this work seeks to reduce the full-length CCR scale to a shorter version
that still enables effective measurement of rapport.

3 Scale Reduction Approach
Our approach to developing and validating a reduced-length version of the CCR Scale was primarily
informed by the guidelines for (1) short-form development and (2) short-form validation detailed
by Smith et al. [89].

3.1 Short-Form Development
Here, we list “A Priori Steps in Rigorous Short-Form Development” from Smith et al. [89], which
provide guidance in how researchers can best go about determining which items should be included
in a short-form scale. Each item text is identical to the corresponding item listed in Smith et al.
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[89]. We have added descriptive titles to each step and alphanumeric values (A1–A7) to which we
can later refer to each step in the article.

(A1) Validate Parent Measure: Ensure that the parent measure has, itself, been sufficiently validated
for the intended purpose.

(A2) Clarify Use and Choose Items: Clarify the intended use of the short form (e.g., screening
measure vs. diagnosis measure) and choose items or observation classes that meet the goal.

(A3) Estimate Reliability: Compute an a priori estimate of the short form’s reliability.
(A4) Estimate Parent Overlap: Compute an a priori estimate of the likely overlap between the short

form and its parent.
(A5) Estimate Validity Correlations: Compute an a priori estimate of validity correlations of your

short form with key criteria.
(A6) Estimate Classification Accuracy: Where appropriate, compute an a priori estimate of the

classification accuracy (whether hit rates or elimination of false negatives) of your short
form.

(A7) Estimate Time Saved and Validity Lost: Compute a priori estimates of the time saved and the
validity lost.

In addition to closely following the steps listed above, we also performed content validation as
specified by Yusoff [104] to determine the quality of each item within the full-length CCR scale and
evaluated the quality of each reduced-length candidate scale as recommended by Cortina et al. [26].
We used these two additional components to choose the items contained within the reduced-length
scale as a part of step “(A2) Clarify Use and Choose Items.”

Further, our approach to the steps listed above leveraged two data sets: participant item ratings
from Study 1 and participant item ratings from Study 2. We used participants’ item ratings from
Study 1 as a sort of “validation set” to evaluate the quality of each of the candidate reduced-length
CCR scales in A2. We then followed the remainder of the steps (A3–A7) using participants’ item
ratings from Study 2, which we consider our “test set.”

3.2 Short-Form Validation
We list each step in “Methodological Steps During Short-Form Validation” from Smith et al. [89],
which provides guidance for validating a short-form version of a scale after its items have been
chosen. Each list item below is identical to the corresponding item listed in Smith et al. [89]. We
have added descriptive titles to each step and alphanumeric values (B1–B9), which we refer to later
in the article.

(B1) Show Time Saved and Validity Lost: Show time or resource savings and their relation to loss
of validity, empirically.

(B2) Conduct Content Analysis: Conduct and describe content analyses of each factor in the
measure to preserve as much content coverage as possible. Describe clearly any decisions to
eliminate a content domain from the parent measure.

(B3) Administer to a New Sample: Administer the short form on an independent sample, to enact
Steps B4 through B8.

(B4) Show Reliability: Show that each factor meets reasonable reliability standards.
(B5) Calculate Parent Overlap: Calculate an estimate of overlapping variance between the two

versions.3

3We removed the following clarification text from step B5 as originally listed by Smith et al. [89] to improve readability of
this step: “As noted above, extracting the short form from the full form during one administration will overestimate the
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(B6) Demonstrate Factor Structure: Demonstrate the factor structure or dimensionality of the short
form. Make readers aware of any significant differences between the factor structures or
dimensions of the short- and full-length versions.

(B7) Validate Short Form: Validate the short form. By definition, it is harder to validate a short
measure, and the validity evidence for the full-length measure cannot be presumed. It is
important to validate the short form in the form it will be used, rather than by extracting its
items or observations from the full-length assessment.

(B8) Assess Classification Accuracy: Where appropriate, assess the short form’s classification rates.
(B9) Justify Omitted Subfacets: If subfacets that are included in the full-length form are omitted

and only aggregate factors are kept, then content analyses must be conducted to show
preservation of the meaning of the aggregate factors or to show that the aggregate factors
represent a more narrow construct domain.

4 Development of the Reduced-Length CCR Scale (Study 4)
To develop a proposed reduced-length version of the CCR scale, in this section, we detail how we
followed the steps from A1 to A7 detailed in the prior section (Section 3.1—Short-Form Develop-
ment). After confirming the validity of the parent measure (A1), we developed a reduced-length
scale (A2) by conducting a human-subjects study (Study 4), where we asked HRI experts to rate each
item in the full-length CCR scale to determine which are the most fundamental to the construct of
rapport. Guided by these ratings, we developed a candidate reduced-length CCR scale and estimated
its potential using data we had previously collected when validating the initial full-length CCR
scale (A3–A7). Study 4 was approved by the University of Chicago’s Institutional Review Board
(#IRB25-0199). We have made the data used in this section and the code we used to analyze them
available in this Open Science Framework (OSF) repository.4

4.1 Reduced-Length CCR Scale Development
To develop the reduced-length CCR scale, we describe in this section how we completed the steps
A1 through A7 from “A Priori Steps in Rigorous Short-Form Development” by Smith et al. [89]
detailed in Section 3.1.

4.1.1 (A1) Validate Parent Measure. The parent measure for the reduced-length CCR scale is the
full-length CCR scale, whose construction, evaluation, and validation are thoroughly detailed in
Section 2 and Lin et al. [60]. In summary, the full-length CCR scale has high internal reliability,
high construct validity, and a validated two-factor structure. It outperforms the Gratch Rapport
Scale [37] in measuring rapport and was evaluated in both online and in-person human subjects
studies from both first-person and third-person perspectives. Thus, the parent measure has been
validated.

4.1.2 (A2) Clarify Use and Choose Items. We first clarify our intended use of the reduced-length
CCR scale with the following three objectives. The reduced-length CCR scale should:

(1) Preserve the two-factor structure (factors: connection and coordination),
(2) Contain a similar number of items within each factor, and
(3) Save time for participants who complete the questionnaire.

To select which items to include in the reduced-length version of the CCR scale, we started by
evaluating the quality of each of the 18 items within the scale. By understanding each item’s quality,
overlap, which could lead to unanticipated validity problems down the road. Correlating the short form with the unused,
remaining items from the full form underestimates the overlap and is not recommended.”
4OSF link to view Study 4 data and code: https://osf.io/nr49m/overview?view_only=b1b8730560944d068bae7e3b8745ca42.
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we can identify which items are stronger or weaker than others and select candidate items to keep.
To assess item quality, we performed the content validation procedure from Yusoff [104]. Content
validation is used to assess whether a scale item is relevant and representative of the construct
intended to be measured. This procedure generally involves asking a group of experts to review
and score the relevance and representativeness of the items to the target construct and calculating
the experts’ scores (i.e., content validity index) to determine which items to keep and which ones
to remove [104].

Therefore, we conducted a human subjects study (# = 30) where we asked experts in the field
of HRI to rate the 18 scale items from the full-length CCR scale to determine which are the most
fundamental to the construct of rapport. We recruited our HRI expert participants by e-mailing
all program committee members of the 2025 ACM/IEEE International Conference on HRI with a
request to take our online questionnaire. After filling out an online consent form, we provided
participants with the definition of rapport: “A feeling of mutual understanding and interpersonal
connection among individuals developed through interactions.” For each scale item, the experts
were asked to rate four options ranging from 1 (Terrible) to 4 (Fundamental):

1—Terrible (the item is definitely not part of the domain)
2—Less Appropriate (the item is probably not part of the domain)
3—Acceptable (the item is a clear part of the domain)
4—Fundamental (the item is highly relevant and a core part of the domain)

These participants were not provided with any form of compensation. From participants’ re-
sponses, we first followed the content validation procedure from Yusoff [104] by recoding 3—Accept-
able and 4—Fundamental as relevance ratings of 1 and recoding 1—Terrible and 2—Less Appropriate
as relevance ratings of 0. We then calculated the Item-Level Content Validity Index (I-CVI)
using the following formula:

I-CVI =
(
# of Experts with a Relevance Rating for the Item

Total # of Experts

)
.

# of Experts with a Relevance Rating for the Item refers to the number of experts with a relevance
rating of 1 for the item, and Total # of Experts is the total number of experts surveyed (# = 30) in
the formula. The calculated I-CVI for each item is shown in Table 3. I-CVI ranges from 0 to 1, with
a higher value showing that a scale item is more important to measure rapport, as indicated by
the experts. Yusoff [104] suggests keeping scale items with an I-CVI value higher than 0.78 when
more than nine experts have provided their ratings. Using this threshold, 11 of our 18 items can
be considered to have high content validity (7 in the connection factor and 4 in the coordination
factor).

Given these 11 items and our goal of balancing the number of items within each factor, we
decided to explore candidate reduced-length CCR scales with 4 items in the connection factor and
4 items in the coordination factor. We thus reviewed a total of 35 candidate reduced-length scales,
where each of them contains the 4 items in the coordination factor and one of the 35 combinations
of 4 items selected from the 7 items in the connection factor. To estimate the validity of each of
the possible candidate reduced-length scales, we followed the recommendations of Cortina et al.
[26], who outlines many possible psychometric indicators that researchers should attend to when
designing a shortened scale (e.g., internal consistency reliability, part-total correlations, general
factor loadings, convergent and discriminant validity, content coverage of the items). Therefore,
we performed initial validity checks of the reduced-length scale using Study 1 data (see Section
2.2) on all possible reduced-length scales [26]. We found that all candidate reduced-length scales
show relatively high internal reliability (e.g., Cronbach’s alpha, McDonald’s omega, Guttman’s
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Table 3. I-CVI for Each Item Based on Expert Ratings on the Data We Collected
in Study 4

Scale Item Factor Experts in Agreement I-CVI

Connection Connection 30/30 1.00
Getting along Connection 30/30 1.00
Coordination Coordination 29/30 0.97
Empathy Connection 28/30 0.93
Respect Connection 28/30 0.93
Closeness Connection 27/30 0.90

Engagement Coordination 26/30 0.87
Smooth flow Coordination 26/30 0.87
Attentiveness Coordination 25/30 0.83
Friendliness Connection 24/30 0.80

Liking each other Connection 24/30 0.80

Sympathy Connection 23/30 0.77
Warmth Connection 23/30 0.77
Positivity Connection 21/30 0.70

Enthusiasm Connection 18/30 0.60
Focus Coordination 14/30 0.47

Equal participation Coordination 14/30 0.47
Excitement Connection 12/30 0.40

The horizontal line between “Liking each other” and “Sympathy” indicates the I-CVI cutoff
(> 0.78) suggested by Yusoff [104]. The items we selected for the reduced-length CCR scale
are shown in bold.

lambda-2), high correlation with the full-length scale, and similar inter-item correlation with the
full-length scale. Since all candidate scales satisfied the indicators recommended by Cortina et al.
[26], we decided to select the four items from each factor with the highest content validity index
(I-CVI), resulting in a reduced-length scale with the items “Connection,” “Getting Along,” “Empathy,”
and “Respect” for the connection factor and “Coordination,” “Engagement,” “Smooth Flow,” and
“Attentiveness” for the coordination factor (these items are bold in Table 3).

Here, we detail the strength of this proposed reduced-length CCR scale on the indicators rec-
ommended by Cortina et al. [26] on the data from Study 1. First, we found the reduced-length
CCR scale to have high internal reliability (U = 0.92, lC>C0; = 0.95, _2 = 0.92). Both factors’ relia-
bility was high as well (connection factor: U = 0.93, lC>C0; = 0.94; coordination factor: U = 0.87,
lC>C0; = 0.90). These results show that the reduced-length 8-item CCR scale preserves internal
reliability and serves as a candidate shorter alternative to the full-length scale. We also found that
the reduced-length 8-item CCR scale has a strong correlation with the full-length 18-item CCR
scale (' = 0.99, ? < 0.001). Given that the coefficient of determination ('2) captures overlapping
variance, we discovered that the reduced-length scale captures 98% ('2 ∗100% = 0.992 ∗100% ≈ 98%)
of variability in the full-length scale. This strong overlap indicates that participants would likely
rate rapport similarly on both scales, which means that the reduced-length scale preserves the
measurability of rapport from the full-length scale.

Separately for the reduced-length scale and full-length scale, we examined their inter-item
correlation, which measures the breadth of the construct that a scale is measuring. Scale items that
measure a broad construct will correlate less highly with each other than will those that reflect a
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narrow construct. If the reduced-length scale is measuring the same construct as the full-length
scale, it should have a similar inter-item correlation compared to the full-length version of the
scale. We found that the inter-item correlation of the reduced-length 8-item CCR scale (Ā = 0.59) is
similar to that of the full-length 18-item CCR scale (Ā = 0.59). This observation ensures that the
reduced-length scale does not narrow (or broaden) the measurement ability of the full-length scale.

4.1.3 (A3) Estimate Reliability. Using Study 2 data (see Section 2.3), we estimated a strong internal
reliability of the reduced-length scale (U = 0.91, lC>C0; = 0.94, _2 = 0.90). We also estimated that
both factors maintain their reliability: connection factor (U = 0.87, lC>C0; = 0.92) and coordination
factor (U = 0.85, lC>C0; = 0.87). This indicates that the reduced-length 8-item CCR scale is likely to
maintain high internal consistency.

4.1.4 (A4) Estimate Parent Overlap. From the data from Study 2, we also estimated a highly
positive correlation between the reduced-length and full-length CCR scales (' = 0.98, p < 0.001).
The reduced-length scale captures an estimated 96% ('2 = 0.96) of variability in the full-length scale.
Furthermore, the reduced-length 8-item CCR scale has a similar inter-item correlation (Ā = 0.56)
when compared to the full-length CCR scale (Ā = 0.60) with a difference of 0.04. This indicates that
the reduced-length scale will preserve the measurability of rapport from the full-length scale.

4.1.5 (A5) Estimate Validity Correlations. From Study 2 data, we also examined the convergent
validity of the reduced-length scale by confirming whether its measure correlates with another
scale that measures rapport. We estimated that the reduced-length scale will have a high correlation
with the Gratch Rapport Scale (convergent scale) (' = 0.82, p < 0.001), which points to a high
convergent validity.

4.1.6 (A6) Estimate Classification Accuracy. Since our reduced-length 8-item CCR scale is a
Likert scale that is not used for classification of distinct categories, this step does not apply to our
specific case.

4.1.7 (A7) Estimate Time Saved and Validity Lost. We calculated the estimated time saved using
the following formula:

Estimate Time Saved =

(
1 − # of Items in the Reduced-Length Scale

# of Items in the Full-Length Scale

)
∗ 100%.

Given that the reduced-length scale has 8 items as opposed to 18 items in the full-length scale, it
is estimated to have time savings of 55.56%.

From examining Study 2 data using A4, the reduced-length scale captures 96% of the variability
in the full-length scale. This finding indicates that the estimated validity lost is 4% (100–96%).

4.2 Reduced-Length CCR Scale Development Discussion
We followed the steps from A1 to A7 in Section 3.1 to develop the reduced-length CCR scale. From
a priori analysis of this reduced-length scale using our existing data (Studies 1 and 2), this scale has
demonstrated strong estimated internal reliability, a high correlation with the full-length scale,
and decent convergent validity. To ensure that these psychometric properties are generalizable
beyond our current data, additional validation is needed for the reduced-length CCR scale using an
independent sample, carried out in the next section.

5 Validation of the Reduced-Length CCR Scale (Study 5)
Equipped with a short-form version of the CCR scale, we next sought to validate it following the
steps B1 to B9 detailed in Section 3.2—Short-Form Validation. This involved administering the short
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form to a new sample (B3); therefore, we conducted a human-subjects study (Study 5), where a
new sample of participants (# = 186) watched videos of HRIs with varied degrees of human–robot
rapport and completed a series of questionnaires. Using these data, we were able to assess the
validity and time saved of the reduced-length CCR scale detailed in the remaining applicable steps
(B1–B2 and B4–B9). This study was approved by the University of Chicago’s Institutional Review
Board (#IRB25-0199), and the materials (video stimuli), data, and data analysis code are available in
our OSF repository.5

5.1 Experiment Design
In our prior work, Lin et al. [60], we conducted an in-person human-subjects study (Study 3)
replicating prior work (Study 1 in Birnbaum et al. [18]), where participants were asked to disclose
a current problem, concern, or stressor to the robot. These works demonstrated that a responsive
robot was perceived more positively [18, 60], participants had a greater desire for companionship
with the robot [18, 60], and participants perceived higher human–robot rapport [60].

While Birnbaum et al. [18] and Lin et al. [60] demonstrated a robust effect of a robot’s respon-
siveness on the human–robot relationship, it was conducted in one specific and narrow context: a
participant disclosing a stressor to a robot. In this new study (Study 5), our goal was twofold: (1) to
validate the reduced-length CCR scale and also (2) to explore whether a robot’s responsive behavior
would also have a significantly positive impact on human–robot rapport across a variety of high-impact
HRI contexts.

We, therefore, conducted an experiment with two between-subjects conditions: a responsive
condition and an unresponsive condition. While these two conditions are similar to those in Birnbaum
et al. [18] and Lin et al. [60], they differed in the HRI context. For each of the two experimental
conditions, we recorded several videos representing a variety of different interaction contexts
and recruited online participants to watch these videos and fill out questionnaires about them.
For the videos in the responsive condition, the robot nodded its head and responded with a more
personalized message to the person, replicating the responsive robot in Birnbaum et al [18] and
Study 3 (see Section 2.4). For example, after the person in the video says “I have an exam coming up
tomorrow, and I’m so stressed,” the responsive robot nods and responds with “That sounds really
overwhelming. Do you want to tell me more about what’s making you feel so stressed?” (Figure 2). For
the videos in the unresponsive condition, the robot did not perform any responsive gestures (similar
to the unresponsive robot in Birnbaum et al [18] and Study 3 detailed in Section 2.4) and gave a
short and delayed response. For instance, after the person in the video says “I have an exam coming
up tomorrow, and I’m so stressed,” the unresponsive robot takes a significant pause and then says
“What is the source of your stress?” (Figure 2).

In order to select the interaction contexts for these videos, we examined the HRI contexts
(e.g., education, transportation, home) represented in full papers published in the ACM/IEEE
International Conference on HRI from 2020 to 2024. By examining the titles and keywords of these
articles, we categorized the interaction context in each of these papers as belonging to one of the
following categories: education (# = 30), healthcare (# = 29), collaboration (# = 24), service
(# = 22), assistive (# = 13), entertainment (# = 7), transportation (# = 7), home (# = 3), and
industrial (# = 1). We excluded from our analysis any papers (# = 180) whose focus did not include
a specific context, including context-independent review and theory papers and papers whose
central contribution focused on context-independent topics such as machine learning models for

5 OSF link to view Study 5 videos, data, and code: https://osf.io/nr49m/overview?view_only=b1b8730560944d068bae
7e3b8745ca42.
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Fig. 2. For Study 5, we conducted a between-subjects study with two experimental conditions (responsive
vs. unresponsive) where online participants viewed a video of a HRI in one of three possible interaction
settings. The healthcare setting featured a student asking a Misty II robot for help with de-stressing. The
education setting involved a student asking a NAO robot for help solving a temperature conversion problem.
The collaboration setting featured a student asking for a snack from a Stretch 3 robot.

robots, robot control, and robot ethics. The three interaction contexts with the largest numbers
of publications were healthcare (e.g., [13, 20, 24, 49, 67]), education (e.g., [22, 42, 46, 59, 78]), and
collaboration (e.g., [17, 43, 94, 95, 99]). We recorded the complete list of full-paper publications in
each context in Supplemental Materials Table SIII.

Therefore, we filmed three videos for each of our experimental conditions representing these
three different interaction contexts (healthcare, education, and collaboration). Including these
three distinct interaction contexts allows us to expand the coverage of our CCR scale, enabling
generalization across multiple scenarios rather than narrowly focusing on just one. In our analysis,
we grouped data from the three interaction contexts in the same condition and then compared
rapport ratings from the reduced-length CCR scale between the two conditions (responsive vs.
unresponsive). In this work, we did not compare the rapport ratings across the three different
interaction contexts since each video showcases a different robot that demonstrates different
responsive/unresponsive behaviors to the human actor.

5.2 Materials (Videos)
We filmed six short videos featuring interactions between one robot and one human to represent
each possible setting (healthcare, education, collaboration) in each of our two experimental con-
ditions (responsive condition, unresponsive condition). A description of the HRI in each video is
listed below and is also shown in Figure 2.

—Responsive Healthcare Robot : A Misty II robot talks with a stressed student about their anxiety
about an upcoming important exam with a warm and empathetic communication style with
little to no delays in speech.

—Unresponsive Healthcare Robot : A Misty II robot talks with a stressed student about their
anxiety about an upcoming important exam with a task-focused and brief communication
style with larger delays between human and robot speech.

—Responsive Educational Robot : A NAO robot helps a student convert from Fahrenheit to Celsius
with a warm and empathetic communication style while holding eye contact with the student.
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—Unresponsive Educational Robot : A NAO robot helps a student convert from Fahrenheit to
Celsius with a task-focused and brief communication style and looks away, not holding any
eye contact with the student.

—Responsive Collaborative Robot : A Stretch 3 robot successfully delivers a requested snack to a
student with a warm and empathetic communication style without interrupting the student.

—Unresponsive Collaborative Robot : A Stretch 3 robot unsuccessfully delivers a requested snack
to a student with a task-focused and brief communication style and interrupts the student
multiple times.

We filmed each video to be approximately 60 seconds in length to minimize participant fatigue
while still sufficiently displaying the responsive (or unresponsive) nature of the robot. We also
selected a different robot for each setting to allow this study’s results to better generalize to a
wider array of different robot embodiments. Similarly, we showed different methods of being
unresponsive in each of the unresponsive videos (e.g., delaying a response or not looking at the
person). We have made all six of these videos available through our OSF repository.6

5.3 Procedure
After consenting to join the study, online participants were randomly assigned to an experimental
condition and watched one of the six videos detailed in Section 5.2. They then rated the video with
the following scales:

(1) The full-length 18-item CCR scale [60] (see Table 1 and Box 1 for its detailed usage).
(2) The reduced-length 8-item CCR scale (see Table 1 and Box 2 for its detailed usage).
(3) The Gratch Rapport Scale [37] as our convergent scale (see Supplemental Materials

Table SII).
(4) The Perceived Danger Scale [73] as our divergent scale (see Supplemental Materials

Table SIV).

We administered these scales to participants in order to assess the reduced-length CCR scale’s
convergent validity and divergent validity. We evaluate convergent validity by comparing partic-
ipant responses on the reduced-length CCR scale with those on the full-length CCR scale and a
convergent scale (the Gratch Rapport Scale [37]) to ensure that the reduced-length CCR scale is
capturing the same construct. Additionally, we evaluate divergent validity by comparing participant
responses on the reduced-length CCR scale with those on a divergent scale (the Perceived Danger
Scale [73]), for which rapport was not expected to be similar. The Perceived Danger Scale [73]
is a rigorously validated scale that measures a person’s anticipation of harmful consequences of
an interaction with another entity (e.g., robot). It includes items such as “How menacing was
the robot?” and “How severely might you be injured?” on a six-point scale from 1 (Not at all)
to 6 (Extremely). As opposed to selecting a construct more similar to rapport (e.g., competence,
anthropomorphism), our choice of the Perceived Danger Scale [73] gives us the best possible chance
of demonstrating the lack of correlation between rapport and the scale chosen to demonstrate
divergent validity—perceived danger.

Participants were randomly assigned to complete the four scales in one of the following orders
where the convergent and divergent scales were always rated in between the reduced and full
scales: (1)-(3)-(4)-(2), (1)-(4)-(3)-(2), (2)-(3)-(4)-(1), (2)-(4)-(3)-(1). These scale orders were created
to ensure as much separation as possible between the full-length and the reduced-length CCR
scales so that the ratings of the second scale are not directly affected by the first scale [89]. By
inserting two different scales between them, we minimized the likelihood of these carryover effects.
6OSF link to view Study 5 videos: https://osf.io/nr49m/overview?view_only=b1b8730560944d068bae7e3b8745ca42.
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Table 4. The Counts of Participants Who Watched Each Video in the Two Conditions

Responsive Condition # of Participants Unresponsive Condition # of Participants

Responsive Healthcare Robot 35 Unresponsive Healthcare Robot 31
Responsive Educational Robot 30 Unresponsive Educational Robot 30
Responsive Collaborative Robot 29 Unresponsive Collaborative Robot 31

Total Number of Participants 94 Total Number of Participants 92

Additionally, the scale items within each of the four scales were also randomized in the study. At
the end of the study, participants were also asked to share their demographic information, such as
gender, ethnicity, and age. Participants took an average of 7.20 minutes (SD = 4.29 mins) to complete
the study and were compensated with $1.50 USD.

5.4 Participants
We computed the required sample size of participants a priori using a power analysis with a power
of 0.95 and an effect size 3 of 0.5 at p < 0.05, which suggested 176 participants (88 for each of
the two conditions). We thus recruited a total of 200 participants from the Prolific platform who
were native English speakers in the United States and had an approval rating higher than 99. We
removed the data from 14 participants because they missed one or more attention checks. The
remaining 186 participants include 141 White, 29 Black or African American, 6 Asian, 2 other
ethnicity, and 8 identified as two or more ethnicities. The ages of the participants range from 19
to 81 (" = 39.99, SD = 12.83). Ninety-five participants identified as men, 87 as women, and 4 as
non-binary. Ninety-four participants were in the responsive condition, and 92 participants were in
the unresponsive condition. The counts for the number of participants who watched which video
in the two conditions are summarized in Table 4.

5.5 Reduced-Length CCR Scale Validation
To validate the reduced-length CCR scale, we describe in this section how we completed the steps
from B1 to B9 from “Methodological Steps During Short-Form Validation” by Smith et al. [89]
detailed in Section 3.2.

5.5.1 (B1) Show Time Saved and Validity Lost. As shown in Figure 3, we found that participants
spent significantly less time completing the reduced-length 8-item CCR scale (" = 29.69B , SD =

24.19s) compared to the full-length CCR scale (" = 51.96B , SD = 38.39s, C (185) = −7.67, 3 = 0.69,
p < 0.001). The average time saved from the reduced-length CCR scale is 22.27 seconds, which is
42.86% of the time spent on the full-length CCR scale. It is noteworthy that participants also spent
significantly less time on the reduced-length CCR scale compared to the Gratch Rapport Scale
(" = 65.90B , SD = 60.28s, C (185) = −9.78, 3 = 0.79, p < 0.001; Figure 3), whose prior version [38] is
the most cited rapport scale on Google scholar before the creation of the full-length CCR scale.

To examine the validity lost by shortening the scale, we examined the correlation between the
reduced-length CCR scale and the full-length CCR scale and found a highly positive correlation
(' = 0.88, p < 0.001). Based on the coefficient of determination ('2 = 0.77), the reduced-length scale
captures 77% of the variability in the full-length scale, which suggests that the loss of validity is 23%.
While there are no strict guidelines for how good or bad 23% validity loss is, other well-accepted
shortened scales have lost even more and are considered acceptable. For example, Rammstedt
and John [82] created a 10-item shortened scale of the 44-item Big Five Personality Inventory
(BFI) [50]. The shortened BFI scale had a loss of validity of approximately 30% and is widely used
today. Given this 23% validity loss in our reduced-length CCR scale, we have confidence that the
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Fig. 3. Participants spent significantly less time on the reduced-length CCR scale compared to both the
full-length CCR scale and the Gratch Rapport Scale. They also spent significantly less time on the full-length
CCR scale compared to the Gratch Rapport Scale. (**), (***) denote p < 0.01, and p < 0.001, respectively. Error
bars show one standard error from the mean.

reduced-length CCR scale relates strongly enough to the full-length scale to warrant confidence in
its usage. However, for research projects where rapport is a primary focus, we recommend using
the full-length CCR scale, which provides a more comprehensive assessment of the two measures.
We further discuss the tradeoff between using the reduced-length CCR scale and the full-length
CCR in Section 6.3.

5.5.2 (B2) Conduct Content Analysis. Using the data we collected from HRI experts in Study 4
detailed in Section 4, we performed content validation on the items in the full-length scale and
kept a total of eight items in the reduced-length scale (four items in each factor) that were rated as
fundamental to the concept of rapport by the HRI experts. Since we retained both factors in the
reduced-length scale and our parent overlap (as detailed in step B5) is 77%, we are confident that,
even with the reduction in the number of scale items, our reduced-length CCR scale still ensures
sufficient content coverage of both the connection and coordination factors.

5.5.3 (B3) Administer to a New Sample. We ran Study 5 (# = 186) in order to administer
the reduced-length CCR scale on an independent sample, as well as the full-length CCR scale,
convergent scale, and divergent scale to assess the validity of the reduced-length CCR scale.

5.5.4 (B4) Show Reliability. We found that the reduced-length CCR scale has high internal
reliability (U = 0.91, lC>C0; = 0.94, _2 = 0.91). The two factors in the reduced-length scale are also
highly reliable: connection (U = 0.84, lC>C0; = 0.88) and coordination (U = 0.86, lC>C0; = 0.89).
These values of reliability are all considered excellent; typical suggestions are for at least 0.70 or
0.80 [19, 85].

5.5.5 (B5) Calculate Parent Overlap. We found that the reduced-length CCR scale has a strong
correlation with its parent: the full-length CCR scale (' = 0.88, p < 0.001). The reduced-length
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Table 5. Means, Standard Deviations, T -Test Statistics, p Values, and Effect Sizes of the Measures in Study 5

Responsive Robot Unresponsive Robot C (184) p Cohen’s 3
M SD M SD

Reduced-length CCR Scale 3.84 0.72 3.41 0.93 3.52 < 0.001∗∗∗ 0.51
Reduced-length Connection Factor 3.74 0.81 3.29 0.97 3.49 < 0.001∗∗∗ 0.51
Reduced-length Coordination Factor 3.94 0.72 3.54 0.99 3.13 < 0.002∗∗ 0.46
Full-length CCR Scale 3.66 0.83 3.25 0.98 3.12 0.002∗∗ 0.46
Full-length Connection Factor 3.46 0.93 3.03 1.07 2.94 < 0.004∗∗ 0.43
Full-length Coordination Factor 3.86 0.80 3.46 0.97 3.06 0.003∗∗ 0.45
Gratch Rapport Scale (Convergent Scale) 3.66 0.69 3.23 0.80 3.90 < 0.001∗∗∗ 0.57
Perceived Danger Scale (Divergent Scale) 2.17 1.00 2.19 0.91 −0.10 0.917 −0.02

(**) denotes p < 0.01 and (***) denotes p < 0.001.

CCR scale also captures 77% ('2 = 77%) of variability in the full-length CCR scale. Additionally, the
reduced-length scale has a very similar inter-item correlation (Ā = 0.57) compared to the full-length
CCR scale (Ā = 0.62). Because the inter-item correlations are so similar, we can assume that the
coverage of the scale is similar, as inter-item correlation reflects how broadly or narrowly the items
measure the construct. When a scale is shortened, the goal is to cover a comparable breadth: the
small difference between the two scales suggests that we succeeded.

5.5.6 (B6) Demonstrate Factor Structure. We also performed CFA on Study 5 data and found
the reduced-length CCR scale has a good fit based on CFI, TLI, and SRMR: ��� = 0.996 (≥ 0.95),
)!� = 0.995 (≥ 0.95), and ('"' = 0.050 (≤ 0.08). In the meantime, the RMSEA only indicates
a moderate fit [65]: '"(�� = 0.088 (≤ 0.08). This result provides additional evidence that the
reduced-length CCR scale maintains the clear two-factor structure of the full-length CCR scale.

5.5.7 (B7) Validate Short Form. We validated the reduced-length CCR scale by examining its
convergent validity and divergent validity. We found that the reduced-length CCR scale has a strong
correlation with the Gratch Rapport Scale (' = 0.79, p < 0.001), which supports its convergent
validity. We also found that the reduced-length CCR scale has a weak correlation with the Perceived
Danger Scale (' = −0.05, p = 0.492), confirming its divergent validity. These results suggest that
the reduced-length CCR scale is capturing the same construct (rapport) as other scales seeking to
measure the same construct (convergent validity) but not being so broad that it measures everything
associated with HRI (divergent validity).

After collapsing data from the three interaction contexts into a single group, we used t-tests to
examine the ratings of the reduced-length CCR scale between the responsive and unresponsive
experimental conditions to assess the reduced-length CCR scale’s known-groups validity. As shown
in Figure 4 and Table 5, we found that participants in the responsive condition (" = 3.84, SD =

0.72) perceived significantly greater rapport than those in the unresponsive condition (" = 3.41,
SD = 0.93, C (184) = 3.52, 3 = 0.51, p < 0.001). In addition to participants perceiving greater rapport
with the responsive robot than the unresponsive robot using the reduced-length CCR scale, the
same significant effect was also observed using the full-length CCR scale, the individual dimensions
of connection and coordination from both the full-length CCR scale and the reduced-length CCR
scale, and the convergent scale (see Table 5 for the full statistics). This ability of the reduced-
length CCR scale to detect a statistically significant difference in rapport between the responsive
and unresponsive conditions (known-groups validity) provides additional support for its strong
construct validity.
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Fig. 4. Participants’ responses for the reduced-length CCR scale, the full-length CCR scale, and the Gratch
Rapport Scale between the responsive condition and the unresponsive condition. Error bars show one standard
error from the mean.

In Figure 4, it is worth noting that participant ratings using the reduced-length CCR scale are
slightly higher than both the full-length CCR scale and the Gratch Rapport Scale for both responsive
and unresponsive conditions in Study 5. While ratings with the reduced-length CCR scale may be
marginally higher, we do not expect these elevated ratings to have an impact on the reduced-length
CCR scale’s ability to measure rapport, as we were able to demonstrate its known-groups validity
through its ability to detect a significant difference in rapport between the two conditions.

5.5.8 (B8) Assess Classification Accuracy. Since our reduced-length CCR scale is a Likert scale
that is not used to classify categories, this step does not apply to our scale.

5.5.9 (B9) Justify Omitted Subfacets. Our reduced-length CCR scale does not omit any factors
or subfacets from the full-length CCR scale, so this step is not applicable for our purpose.

5.6 Additional Validation of the Full-Length CCR Scale from Study 5 Data
While the primary purpose of Study 5 was to validate the new reduced-length CCR scale, Study
5 data also provide additional evidence (beyond that provided in Studies 1–3) that validates the
full-length CCR scale:

—Reliability: The full-length CCR scale demonstrates high internal reliability (U = 0.97, lC>C0; =

0.97, _2 = 0.97) as well as each of its two factors individually: connection factor (U = 0.96,
lC>C0; = 0.97) and coordination factor (U = 0.90, lC>C0; = 0.94).

—Construct Validity: The full-length CCR scale shows convergent validity through a strong
positive correlation with the Gratch Rapport Scale (' = 0.81, p < 0.001), divergent validity
through a weak correlation with the Perceived Danger Scale (' = −0.05, p = 0.537), and
known-groups validity demonstrated by participants rating the videos in the responsive
condition as significantly higher in rapport using the full-length CCR scale than the videos in
the unresponsive condition (visualized in Figure 4 and detailed statistics found in Table 5).
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—Time Savings Compared with the Gratch Rapport Scale: Participants spent significantly less
time on the full-length CCR scale (" = 51.96B , SD = 38.39s) compared to the Gratch Rapport
Scale (" = 65.90B , SD = 60.28s, C (185) = −2.84, 3 = 0.28, p = 0.005; Figure 3).

This additional validation of the full-length CCR scale using the data from Study 5 provides
strong support for the use of the full-length CCR scale to measure human–robot rapport and its
additional time-saving benefits compared to the Gratch Rapport Scale, whose prior version [38] is
the most widely cited rapport scale used to measure human–robot rapport before the publication
of the full-length CCR scale.

5.7 The Influence of Robot Responsiveness on Human–Robot Rapport across
Different Settings

In line with our prior findings from Study 3 in Lin et al. [60] (summarized in Section 2.4), our results
from Study 5 provide further evidence that robot responsiveness has a strong positive relationship
with human–robot rapport: the greater a robot’s responsiveness, the greater the perception of
human–robot rapport. As reported in Section 5.5.7 and displayed in Figure 4 and Table 5, participants
rated the human–robot rapport significantly higher in the responsive robot condition than the
unresponsive robot condition using both the full-length (C (184) = 3.12, 3 = 0.46, p = 0.002) and
reduced-length (C (184) = 3.52, 3 = 0.51, p < 0.001) CCR scales.

It is also worth noting that both the connection factor and the coordination factor contribute
to the perceived increase in human–robot rapport as a result of the robot’s responsiveness. As
shown in Table 5, the connection and coordination factors for both the full-length and reduced-
length CCR scales are reported as significantly higher in the responsive robot condition than the
unresponsive robot condition. Lin et al. [60] also found the same effect, where both the connection
and coordination factors are rated significantly higher after participants engage with a responsive
as opposed to an unresponsive robot. These results together indicate that a robot’s responsiveness
shapes both the perceptions of human–robot connection and human–robot coordination, rather than
manipulating just one of these factors, to result in an overall change in the perceived human–robot
rapport.

5.8 Reduced-Length CCR Scale Validation Discussion
We adhered to the steps from B1 to B9 in Section 3.2 to validate the reduced-length 8-item CCR
scale. We found that the reduced-length scale yields a time savings of 42.86% compared with the full-
length scale, shows a clear two-factor structure, and demonstrates construct validity (convergent
validity, divergent validity, known-groups validity). This reduced-length scale is also highly reliable
and correlates strongly with the full-length scale. Even though the reduced-length CCR scale shows
slightly elevated rapport scores compared to the full-length CCR scale and the Gratch Rapport
Scale in Study 5 (shown in Figure 4), we do not anticipate that the elevated scores would affect the
usability of the reduced-length CCR scale, given that it has already demonstrated strong construct
validity in its ability to show a statistically significant difference in rapport between the responsive
and unresponsive conditions. While validating the reduced-length CCR scale, we also further
validated the full-length CCR scale, which also shows high internal reliability and construct validity
as well as time savings compared with the Gratch Rapport Scale. In concert with our prior results
of Lin et al. [60], we have also found further strong empirical evidence that increasing a robot’s
responsiveness also increases perceptions of human–robot rapport, both for rapport overall and
for each individual factor (connection and coordination).
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6 General Discussion
In this work, we describe how we developed and validated a reduced-length version of the CCR
scale that contains 8 items with 4 items in each of its two factors (connection and coordination).
In this section, we discuss the primary strengths of the reduced-length CCR scale and the process we
used to produce it. We also discuss scale-shortening in HRI more broadly, the use of the full-length
vs. reduced-length CCR scales, and the connection between robot responsiveness and rapport.
The detailed usage of the full-length CCR scale is shown in Box 1, while the detailed usage of the
reduced-length CCR scale is illustrated in Box 2.

6.1 The Reduced-Length CCR Scale as a Validated Measure to Capture Human–Robot
Rapport

As detailed in Section 4—Development of the Reduced-Length CCR Scale (Study 4) and Section 5
—Validation of the Reduced-Length CCR Scale (Study 5), the work that we present in this article
provides substantial evidence that the reduced-length CCR scale is a validated metric to measure
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human–robot rapport. Here, we highlight three aspects of the reduced-length CCR scale’s de-
velopment and validation that showcase the strength of our scale-shortening approach and the
reduced-length CCR scale itself.

6.1.1 Scale Validity: How Can I Be Sure That the Reduced-Length CCR Scale Accurately Mea-
sures Human–Robot Rapport? The steps we followed to validate the reduced-length CCR scale
(“Methodological Steps During Short-Form Validation” by Smith et al. [89] detailed in Section 3.2)
provided us with evidence that the reduced-length CCR scale meets several expectations to ensure
an accurate measurement of the construct of rapport. First, we showed that the reduced-length
CCR scale has high reliability: the items within the scale are cohesive and related to the same
fundamental construct. Next, we demonstrated that the reduced-length CCR scale is highly related
to its parent—the full-length CCR scale. We were able to show that the reduced-length CCR scale
has both a strong correlation with the full-length CCR scale and the same 2-factor structure. Finally,
we found that the reduced-length CCR scale has high construct validity, meaning that it reliably
measures the construct of rapport. The reduced-length CCR scale has both a strong correlation with
a different scale that also measures rapport (convergent validity) and an extremely weak correlation
with a different scale that measures an unrelated construct (divergent validity). We also showed
that the reduced-length CCR scale can differentiate between HRIs that are known to have different
degrees of human–robot rapport, as evidenced by participants in Study 5 rating human–robot
rapport higher with a responsive robot compared with an unresponsive robot (known-groups
validity). These together show that the reduced-length CCR scale has a high degree of psychometric
validation.

6.1.2 Item Selection: How Can I Trust That the Items Chosen for the Reduced-Length Scale
Represent the Best 8 Items to Measure Rapport? To avoid potential bias from the research team
in the reduced-length CCR scale item-selection process, we made two key decisions that guided
our scale-reduction process. First, to select which items would be included in the reduced-length
version of the CCR scale, we sought the input of external HRI experts (# = 30) to rate the quality of
the scale items and then followed published guidelines for scale shortening [26, 89, 104] to use these
expert ratings to construct a reduced-length scale. Second, we adopted and followed “A Priori Steps
in Rigorous Short-Form Development” by Smith et al. [89] detailed in Section 3.1. To follow these
steps, we defined our objectives in reducing the scale (A2): preserving the two-factor structure,
including a similar number of items within each factor, and saving time for participants filling out
the questionnaire. Following these steps also involved clarifying how we selected the items for
the reduced-length scale (A2) and computing estimates of its reliability (A3), parent overlap (A4),
validity correlations (A5), time saved (A7), and validity lost (A7). In sum, our reduced-length scale
was constructed and validated by following published scale-shortening guidelines [26, 89, 104]
and leveraging expert opinions of external HRI researchers, minimizing any potential bias of the
research team in the item-selection process.

6.1.3 Scale Benefits: What Are the Benefits of the Reduced-Length CCR Scale Compared with
the Full-Length Version? The primary benefit of using the reduced-length CCR scale is that it
takes less time for participants to complete, without losing much in terms of the scale’s ability to
measure rapport. As shown in Figure 3, participants took an average of 30 seconds to complete the
reduced-length CCR scale compared to an average of 52 seconds for the full-length CCR scale.

6.2 On Scale Reduction in HRI
The field of HRI relies heavily on the use of multiple scales to understand the complex interactions
between humans and robots. However, this approach often requires participants to complete
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numerous scales, which can lead to fatigue and decreased response rates [45, 62]. To address this
issue, it is essential for HRI researchers to strive for excellent measurements that are not only
reliable and valid but also concise and efficient. This can be achieved by following established
guidelines for scale creation and reduction [26, 89, 104].

In Lin et al. [60] and this article, we provide a comprehensive example of how to create and
evaluate scales in a systematic and scientifically appropriate manner. Our research demonstrates a
strong method for scale development, from initial creation to validation, and showcases a roadmap
for future researchers to follow. Furthermore, we highlight the importance of shortening scales in
a principled way, rather than relying on ad hoc methods that can compromise the validity of the
original scale. By providing guidelines and an example of how to reduce scales while maintaining
their psychometric properties, our article aims to promote best practices in HRI research and
encourage the development of more efficient and effective measurement tools.

By following established guidelines for scale creation and reduction, HRI researchers can ensure
that their measurements are not only reliable and valid but also concise and participant-friendly.
This is particularly important in HRI research, where complex constructs and multi-dimensional
phenomena are often measured. Our article provides a valuable resource for researchers seeking to
create and shorten scales in a way that is grounded in scientific theory and practice, and we hope
that it will contribute to the development of more rigorous and effective measurement tools in the
field of HRI.

6.3 When Should I Use the Full-Length vs. Reduced-Length CCR Scale?
Now that we have demonstrated a validated reduced-length version of the CCR scale, the question
naturally arises: now that two versions of the CCR scale exist (full-length and reduced-length), which
should I use in my research study? We would answer this question by posing and responding to the
following two questions:

Q1—How important is the measurement of rapport to the research?
Q2—How time-sensitive is the administration of the questionnaire?

The more important the construct of rapport is to a researcher’s central research question (Q1),
the more we recommend the administration of the full-length CCR scale. We have shown that the
reduced-length CCR scale captures 77% of the variability in the full-length scale, indicating that it
does broadly cover the construct of rapport measured in the full-length version but not as fully.
The full-length CCR scale is still the best way to capture the full extent of the construct of rapport.

While in an ideal world, the full-length CCR scale would always be administered to assess
rapport, the realities of participant survey fatigue make more concise and efficient scales a necessity
(Q2). Especially for online studies, repeated measurements using the same scale, and questionnaires
measuring many different constructs, administering a scale with a longer length risks lower-
quality data. Therefore, the more time-sensitive a questionnaire’s administration becomes for the
researcher, the more strongly we recommend the use of the reduced-length CCR scale as opposed
to the full-length CCR scale.

Taken together, if rapport is the central construct of the research, we recommend administering
the full-length CCR scale as it offers the most comprehensive measurement of rapport. In cases
where time is a constraint, we recommend using the reduced-length CCR scale since it serves as an
effective alternative with high internal reliability.

6.4 The Relationship between Robot Responsiveness and Rapport
In addition to constructing and validating a reduced-length version of the CCR scale, the work
presented in this article also provides further strong evidence that robot responsiveness leads to
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greater perceptions of human–robot rapport. Our results from Study 5, detailed in Section 5.7,
show that participants viewed a greater degree of human–robot rapport in videos where the robot
was designed to be responsive as opposed to unresponsive. These results, combined with those
from Study 3 in Lin et al. [60] and Study 1 in Birnbaum et al. [18], demonstrate a firm connection
between robot responsiveness and human–robot rapport that has now been demonstrated from
both first-person [18, 60] and third-person (Study 5) perspectives and from both one narrow context
(a person disclosing current stressors to a robot [18, 60]) and a broader set of HRI-relevant contexts
(Study 5: healthcare, education, collaboration). This combination of empirical evidence provides
very strong support for the positive influence of robot responsiveness on human–robot rapport.

Additionally, the results from both Study 5 in this article and Study 3 in Lin et al. [60] show that
robot responsiveness influences both the connection and coordination factors within the CCR scale.
The HRIs in these studies were viewed as having significantly more connection and coordination
than a HRI with an unresponsive robot. This finding highlights one of the benefits of our rapport
scale: we now have the capability to determine more about the theoretical structure of rapport and
how to build different aspects of rapport better. It could be that different features of an interaction
increase (or decrease) the different dimensions of rapport. For example, did each of the specific
behaviors expressed by the robot (e.g., speech delays, eye contact, warm communication style)
impact only the coordination factor, only the connection factor, or both? How might each minute of
robot behavior contribute individually to each factor of rapport? We encourage HRI researchers to
leverage the 2D nature of this scale to further tease apart robot behaviors and interaction strategies
that can impact the multi-dimensional and multi-faceted nature of rapport.

7 Limitations
Even though we have devoted a significant amount of effort to make our reduced-length CCR
scale generalizable (e.g., validating it across three different interaction contexts with three different
robot embodiments), some limitations in our work should be discussed. In our online studies to
assess the full-length and reduced-length CCR scales (Studies 1, 2, 5), we recruited participants
who are native English speakers based in the United States. Future work should test our full-length
and reduced-length CCR scales with a more diverse set of populations (e.g., participants who are
not native English speakers or those who are not based in the United States) to strengthen our
scales’ generalizability. Also, the reduced-length CCR scale is only validated from a third-person
perspective in an online setting in Study 5. Future research could further validate this scale from a
first-person perspective in an in-person study, even though its parent, the full-length CCR scale,
is already validated in-person in Study 3. In addition, while the items in the reduced-length CCR
scale can be applied to robots that communicate verbally and nonverbally, we only validated it
with verbal robots in Study 5. Future work is required to further validate the reduced-length CCR
scale with robots that do not produce any sound (e.g., robotic arms and assistive feeding robots).

8 Conclusion
In this work, we developed and validated a reduced-length version of the CCR scale. Using HRI ex-
pert ratings of the scale items, we shortened the full-length CCR scale of 18 items to a reduced-length
version containing 8 items, with 4 items in each of its two factors (connection and coordination).
We then validated the reduced-length CCR scale by conducting an online experiment where partic-
ipants viewed videos of HRIs that varied in robot responsiveness and evaluated those videos using
the reduced-length and full-length versions of the CCR scale. Our results demonstrate the validity
of the reduced-length CCR scale to measure human–robot rapport, additional evidence of the
validity of the full-length CCR scale, and strong empirical evidence demonstrating the connection
between robot responsiveness and rapport.
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