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Papers included in the meta-analysis.



Supplementary Fig. S1 The flow of papers throughout the screening process[footnoteRef:1]. [1:  Page MJ, McKenzie JE, Bossuyt PM, Boutron I, Hoffmann TC, Mulrow CD, Shamseer L, Tetzlaff JM, Akl EA, Brennan SE, Chou R, Glanville J, Grimshaw JM, Hróbjartsson A, Lalu MM, Li T, Loder EW, Mayo-Wilson E, McDonald S, … Moher D (2021) The PRISMA 2020 statement: An updated guideline for reporting systematic reviews. BMJ 372:n71. https://doi.org/10.1136/bmj.n71] 
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Note. asee literature search and screening protocol (https://osf.io/cezmu/). 
[bookmark: _Toc175743993]Supplementary Table S2 Deviations from the review protocol.
	[bookmark: _Toc175743994]Date
	Item
	Description
	Rationale
	Impact

	
	
	
	
	

	during the writing process
	6
	The amendment refers to the wording of the research questions.
Updated: RQ1. What is the overall effect of text-based chatbots’ social cues on users’ social responses?
RQ2. What factors moderate the effects of text-based chatbots’ social cues on users’ social responses?
	The wording has been adapted to reflect the reference to concepts of the Media Are Social Actors (MASA) paradigm and to text-based chatbots.
	No impact.

	24/06/2024
	7
	The amendment refers to a moderator.
Updated: 
Main cues used for manipulation of the independent variable 
(other vs. verbal)  agent/chatbot category
Outdated: 
Main cues used for manipulation of the independent variable 
(other vs. verbal)  method category
	Whether human-likeness in the agent is manipulated by verbal cues only is a feature of the agent (similar to its avatar).
	No impact.

	24/06/2024
	16
	The amendment refers to p curve.
Updated: -
Outdated: “To assess the evidential value of the findings and to check for selective reporting, we use p-curve (Simonsohn et al., 2014).”
	P curve cannot be computed with small sample bias-corrected standardized mean differences (Hedges’ g).
	No impact because potential publication bias and selective reporting were checked using funnel plots and Egger’s regression tests for funnel plot asymmetry.

	24/06/2024
	15
	The amendment refers to the effect size correction.
Updated: -
Outdated: “The individual effect sizes will be corrected for measurement error by calculating attenuation factors for each outcome variable per study (Hunter & Schmidt, 2004; Van Berlo et al., 2023).”
	A substantial share of studies did not report reliability statistics. In addition, Hedges’ g was favored over point-biserial correlation coefficients. That is why effect sizes were not corrected for measurement error.
	If at all, the effect sizes are underestimated because they are not corrected (upwards) for measurement error.

	24/06/2024
	15
	The amendment refers to the effect size.
Updated: “Effect sizes, i.e., standardized mean differences corrected for small sample bias: Hedges’ g), will be computed […]”
Outdated: “Effect sizes, i.e., point-biserial correlations, will be computed […]”
	The computation and interpretation of standardized mean differences is more intuitive as a lot of included studies report Cohen’s d or means and standard deviations to compute Cohen’s d. The calculation of point-biserial correlations would have required a further conversion step.
	No differences in overall results are expected.

	16/02/2024
	8
	The amendment refers to the eligibility criterion on Hypotheses.
Updated: -
Outdated: “Hypotheses. Studies must present one or more hypotheses to test for a change in a user-related outcome resulting from a change in human-likeness or a related variable.”
	Only including studies testing hypotheses on changes in a user-related outcome resulting from a change in human-likeness would unnecessarily exclude relevant exploratory studies.
	The amendment is necessary because relevant exploratory studies could be overlooked leading to potentially incomplete and biased results.

	30/05/2023
	11
	The correction refers to the first screening of search results.
Updated: "Studies will be included 1) if they rely on empirical research, 2) on text-based chatbots, 3) with human-likeness as independent variable, 4) and at least one user-related outcome as dependent variable."
Outdated: “Studies will be included if they fulfill the study and report characteristics (see Item 8). [...]"
	In the review protocol registered on May 30, 2023, a copy/paste oversight resulted in both screenings referring to all eligibility criteria (Item 8). However, the plan was to consider fewer criteria (in bold) to make the screening process more structured and transparent. The second screening then takes into account all eligibility criteria (Item 8).
	The screening process might be less structured and less transparent and the search results might be incomplete which could lead to biases if we do not amend the review protocol.


Supplementary Table S3 Literature search terms.
	Title, abstract, keywords
	Abstract

	Chatbot
	Humanlikeness
	Empirical study

	chatbot* | chatterbot* | “chat bot*“ | 
“chat agent*“ | “chat assistant*“ | 
“AI-based agent*“ | “AI-based assistant*“ | “conversation* agent*” | “conversation* user interface*” | “conversation* interface*” | “conversation* UI*” | “conversation* system*” | “conversation* assistant*” | 
“text-based agent*” | “text-based user interface*” | “text-based interface*” | “text-based UI*” | 
“dialog* system*” | “dialog* agent*” | 
“digital assistant*” | “intelligent assistant*” | 
“virtual assistant*” | “virtual agent*”
	anthropomorph* 
| humanlike* 
| human*
	empirical* 
| “user stud*” 
| experiment* 
| survey* 
| questionnaire* 
| participant* 
| subject* 
| RCT* 
| study 
| studies





[bookmark: _Hlk136851739]Supplementary Table S4 Inclusion and exclusion criteria.
	Category
	Inclusion criteria
	Exclusion criteria

	Topic
	Text-based chatbots, dialogue systems = text-based software agents interacting with users via natural language
	Embodied robots, social robots, including studies on eye gaze, movement, gestures; voice agents/assistants, spoken dialogue systems, speech systems; virtual/embodied/animated avatars;
technology paper, e.g., on neural networks, transformer models, machine learning

	Study design
	Quantitative empirical research, 
e.g., survey/user study, field experiment, laboratory experiment, online experiment, vignette experiment, quasi-experiment
	Non-scientific papers like newspaper/magazine articles, blog entries; qualitative research, case studies; review articles (systematic literature review, meta-analyses etc.); theoretical papers

	Sample
	Healthy adults where healthy refers to the absence of disease or impairment[footnoteRef:2] [2:  Sartorius N (2006) The meanings of health and its promotion. Croat Med J 47(4):662–664.] 

	Animals, children (< 18), special populations; specific diseases or conditions (e.g., depression, autism)

	Language
	English or German full text
	Other languages

	Dependent variable(s)
	User-related outcome: All constructs/operationalizations regarding attitude toward the chatbot, perception of the chatbot, positive affect, negative affect, user-chatbot relationship, trust, user behavior; keep all studies that contain some sort of user-related outcome as dependent variable
	Company-related or brand-related outcomes; evaluations of machine learning or other models

	Independent variable(s)
	Human-like, anthropomorphic, social cues, human-likeness, anthropomorphism
Keep all studies that contain some sort of (visual, verbal, chronemic etc.) cue as independent variable
	Other independent variables






Supplementary Table S5 Results of subgroup analyses for attitude.
	Moderator
	Estimate for moderator level
	Moderator analysis

	
	k
	g
	SE
	95% CI
	t
	p
	|Δg|
	SE
	Test of Moderators

	Sample mean age
	124
	−0.01
	.01
	−0.02, 0.01
	−1.07
	.290
	0.01
	.01
	F(1, 56) = 1.14, p = .290

	Percentage female
	127
	0.01
	.005
	−0.003, 0.02
	1.41
	.165
	0.01
	.01
	F(1, 58) = 1.98, p = .165

	Percentage of previous users
	31
	−0.01
	.01
	−0.03, 0.004
	−1.60
	.137
	0.01
	.01
	F(1, 11) = 2.57, p = .137

	Assigned chatbot gender
	
	
	
	
	
	
	0.06
	.17
	F(1, 64) = 0.14, p = .714

	Female
	64
	0.40
	.14
	0.12, 0.69
	2.82
	.006
	
	
	

	Non-female
	70
	0.34
	.11
	0.12, 0.56
	3.07
	.003
	
	
	

	Chatbot avatar
	
	
	
	
	
	
	0.11
	.16
	F(1, 53) = 0.41, p = .525

	Human-like
	84
	0.29
	.11
	0.07, 0.51
	2.64
	.011
	
	
	

	Not human-like
	34
	0.19
	.14
	−0.09, 0.46
	1.36
	.181
	
	
	

	Chatbot interaction
	
	
	
	
	
	
	0.54
	.17
	F(1, 51) = 10.18, p = .002

	Unstructured
	93
	0.57
	.10
	0.36, 0.78
	5.45
	< .001
	
	
	

	Structured
	43
	0.03
	.13
	−0.24, 0.30
	0.20
	.843
	
	
	

	Chatbot cues
	
	
	
	
	
	
	0.20
	.09
	F(1, 132) = 5.10, p = .026

	Verbal
	91
	0.35
	.10
	0.19, 0.50
	4.43
	< .001
	
	
	

	Other
	43
	0.15
	.08
	−0.05, 0.34
	1.48
	.141
	
	
	

	Chatbot technology
	
	
	
	
	
	
	0.03
	.54
	F(1, 34) = 0.002, p = .961

	Rule-based
	70
	0.39
	.12
	0.14, 0.64
	3.22
	.003
	
	
	

	Other
	4
	0.36
	.53
	−0.70, 1.43
	0.69
	.491
	
	
	

	Context
	
	
	
	
	
	
	0.10
	.14
	F(1, 67) = 0.50, p = .481

	Hedonic
	39
	0.42
	.12
	0.17, 0.66
	3.38
	.001
	
	
	

	Functional
	99
	0.32
	.10
	0.12, 0.52
	3.17
	.002
	
	
	

	Task
	
	
	
	
	
	
	0.21
	.15
	F(1, 67) = 2.15, p = .148

	Critical
	48
	0.21
	.13
	−0.06, 0.47
	1.56
	.123
	
	
	

	Non-critical
	90
	0.42
	.10
	0.23, 0.61
	4.37
	< .001
	
	
	

	Sample
	
	
	
	
	
	
	0.17
	.14
	F(1, 65) = 1.41, p = .239

	Student
	36
	0.45
	.14
	0.18, 0.73
	3.26
	.002
	
	
	

	Non-student
	100
	0.28
	.10
	0.09, 0.48
	2.93
	.005
	
	
	

	Study setting
	
	
	
	
	
	
	0.30
	.23
	F(1, 48) = 1.74, p = .193

	Online
	112
	0.40
	.10
	0.21, 0.60
	4.17
	< .001
	
	
	

	Other
	17
	0.10
	.21
	−0.32, 0.52
	0.49
	.624
	
	
	

	
	
	
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	

	Stimulus type
	
	
	
	
	
	
	0.02
	.19
	F(1, 52) = 0.04, p = .835

	Interaction
	91
	0.37
	.11
	0.15, 0.58
	3.42
	.001
	
	
	

	Prerecorded
	47
	0.33
	.16
	0.01, 0.65
	2.06
	.044
	
	
	

	Scientific field
	
	
	
	
	
	
	0.39
	.27
	F(1, 52) = 2.04, p = .159

	Communication
	19
	0.01
	.26
	−0.50, 0.52
	0.05
	.960
	
	
	

	Other
	119
	0.40
	.09
	0.21, 0.59
	4.30
	< .001
	
	
	

	Year
	122
	0.02
	.04
	−0.06, 0.10
	0.49
	.626
	0.02
	.04
	F(1, 49) = 0.24, p = .626

	Sample country
	
	
	
	
	
	
	0.06
	.18
	F(1, 37) = 0.12, p = .733

	USA
	36
	0.32
	.14
	0.04, 0.60
	2.34
	.024
	
	
	

	Other
	60
	0.26
	.11
	0.04, 0.49
	2.34
	.024
	
	
	

	Publication status
	
	
	
	
	
	
	0.44
	.37
	F(1, 52) = 1.44, p = .235

	Published
	122
	0.38
	.09
	0.20, 0.56
	4.21
	< .001
	
	
	

	Not published
	16
	−0.06
	.35
	−0.77, 0.65
	−0.16
	.873
	
	
	

	Peer review
	
	
	
	
	
	
	0.29
	.23
	F(1, 48) = 1.56, p = .218

	Peer reviewed
	99
	0.41
	.10
	0.21, 0.61
	4.15
	< .001
	
	
	

	Not peer reviewed
	22
	0.12
	.21
	−0.29, 0.54
	0.59
	.556
	
	
	

	Preregistration
	
	
	
	
	
	
	0.15
	.21
	F(1, 67) = 0.50, p = .483

	Preregistered
	15
	0.49
	.21
	0.06, 0.92
	2.30
	.025
	
	
	

	Not preregistered
	123
	0.35
	.09
	0.16, 0.53
	3.80
	< .001
	
	
	


Note. k = number of effect sizes. Figures in bold were statistically significant (p < .05).

Supplementary Table S6 Results of subgroup analyses for perception.
	Moderator
	Estimate for moderator level
	Moderator analysis

	
	k
	g
	SE
	95% CI
	t
	p
	|Δg|
	SE
	Test of Moderators

	Sample mean age
	289
	−0.01
	.01
	−0.03, 0.004
	−1.46
	.147
	0.01
	.01
	F(1, 120) = 2.13, p = .147

	Percentage female
	291
	0.01
	.01
	−0.004, 0.02
	1.26
	.210
	0.01
	.01
	F(1, 125) = 1.59, p = .210

	Percentage of previous users
	62
	0.01
	.01
	−0.01, 0.03
	1.25
	.227
	0.01
	.01
	F(1, 18) = 1.56, p = .227

	Assigned chatbot gender
	
	
	
	
	
	
	0.06
	.17
	F(1, 122) = 0.13, p = .718

	Female
	104
	0.49
	.14
	0.20, 0.77
	3.42
	< .001
	
	
	

	Non-female
	184
	0.55
	.09
	0.36, 0.73
	5.80
	< .001
	
	
	

	Chatbot avatar
	
	
	
	
	
	
	0.07
	.19
	F(1, 98) = 0.14, p = .712

	Human-like
	157
	0.54
	.12
	0.30, 0.76
	4.61
	< .001
	
	
	

	Not human-like
	87
	0.46
	.15
	0.17, 0.76
	3.12
	< .001
	
	
	

	Chatbot interaction
	
	
	
	
	
	
	0.38
	.15
	F(1, 133) = 6.19, p = .014

	Unstructured
	205
	0.63
	.08
	0.47, 0.80
	7.55
	< .001
	
	
	

	Structured
	108
	0.25
	.13
	−0.01, 0.51
	1.90
	.059
	
	
	

	Chatbot cues
	
	
	
	
	
	
	0.21
	.13
	F(1, 303) = 2.61, p = .107

	Verbal
	235
	0.54
	.08
	0.38, 0.70
	6.67
	< .001
	
	
	

	Other
	70
	0.33
	.13
	0.08, 0.58
	2.62
	.009
	
	
	

	Chatbot technology
	
	
	
	
	
	
	0.30
	.32
	F(1, 62) = 0.88, p = .353

	Rule-based
	153
	0.48
	.08
	0.31, 0.65
	5.61
	< .001
	
	
	

	Other
	13
	0.18
	.30
	−0.43, 0.79
	0.60
	.552
	
	
	

	Context
	
	
	
	
	
	
	0.01
	.14
	F(1, 136) = 0.003, p = .958

	Hedonic
	132
	0.50
	.11
	0.29, 0.72
	4.55
	< .001
	
	
	

	Functional
	188
	0.51
	.09
	0.33, 0.69
	5.58
	< .001
	
	
	

	Task
	
	
	
	
	
	
	0.08
	.16
	F(1, 136) = 0.27, p = .602

	Critical
	76
	0.44
	.14
	0.16, 0.73
	3.09
	.002
	
	
	

	Non-critical
	244
	0.53
	.08
	0.37, 0.69
	6.45
	< .001
	
	
	

	Sample
	
	
	
	
	
	
	0.16
	.14
	F(1, 130) = 1.37, p = .245

	Student
	54
	0.63
	.13
	0.36, 0.89
	4.66
	< .001
	
	
	

	Non-student
	251
	0.46
	.08
	0.30, 0.63
	5.63
	< .001
	
	
	

	Study setting
	
	
	
	
	
	
	0.19
	.20
	F(1, 129) = 0.90, p = .344

	Online
	266
	0.48
	.09
	0.31, 0.65
	5.55
	< .001
	
	
	

	Other
	40
	0.67
	.19
	0.30, 1.04
	3.57
	< .001
	
	
	

	
	
	
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	

	Stimulus type
	
	
	
	
	
	
	0.19
	.14
	F(1, 136) = 1.74, p = .189

	Interaction
	173
	0.44
	.09
	0.26, 0.61
	4.87
	< .001
	
	
	

	Prerecorded
	147
	0.63
	.11
	0.40, 0.85
	5.48
	< .001
	
	
	

	Scientific field
	
	
	
	
	
	
	0.40
	.21
	F(1, 97) = 3.76, p = .055

	Communication
	61
	0.16
	.19
	−0.22, 0.54
	0.82
	.412
	
	
	

	Other
	259
	0.56
	.08
	0.41, 0.71
	7.38
	< .001
	
	
	

	Year
	281
	0.04
	.03
	−0.02, 0.09
	1.38
	.170
	0.04
	.03
	F(1, 94) = 1.92, p = .170

	Sample country
	
	
	
	
	
	
	0.20
	.18
	F(1, 99) = 1.20, p = .276

	USA
	128
	0.42
	.13
	0.17, 0.69
	3.25
	.001
	
	
	

	Other
	124
	0.63
	.13
	0.37, 0.89
	4.76
	< .001
	
	
	

	Publication status
	
	
	
	
	
	
	0.54
	.32
	F(1, 97) = 2.86, p = .094

	Published
	281
	0.54
	.07
	0.39, 0.68
	7.35
	< .001
	
	
	

	Not published
	39
	−0.01
	.31
	−0.63, 0.61
	−0.02
	.982
	
	
	

	Peer review
	
	
	
	
	
	
	0.23
	.25
	F(1, 93) = 0.83, p = .366

	Peer reviewed
	255
	0.54
	.08
	0.39, 0.70
	6.99
	< .001
	
	
	

	Not peer reviewed
	25
	0.34
	.25
	−0.16, 0.84
	1.34
	.183
	
	
	

	Preregistration
	
	
	
	
	
	
	0.31
	.29
	F(1, 136) = 1.21, p = .273

	Preregistered
	39
	0.21
	.28
	−0.34, 0.76
	0.77
	.443
	
	
	

	Not preregistered
	281
	0.53
	.07
	0.38, 0.67
	7.18
	< .001
	
	
	


Note. k = number of effect sizes. Figures in bold were statistically significant (p < .05).

Supplementary Table S7 Results of subgroup analyses for positive affect.
	Moderator
	Estimate for moderator level
	Moderator analysis

	
	k
	g
	SE
	95% CI
	t
	p
	|Δg|
	SE
	Test of Moderators

	Sample mean age
	21
	−0.02
	.01
	−0.03, 0.001
	−1.99
	.065
	0.02
	.01
	F(1, 15) = 3.96, p = .065

	Percentage female
	23
	0.01
	.01
	−0.0001, 0.02
	2.09
	.052
	0.01
	.01
	F(1, 17) = 4.37, p = .052

	Percentage of previous users
	6
	−0.01
	.01
	−0.04, 0.01
	−1.81
	.167
	0.01
	.01
	F(1, 3) = 3.29, p = .167

	Assigned chatbot gender
	
	
	
	
	
	
	0.29
	.43
	F(1, 15) = 0.45, p = .512

	Female
	7
	0.14
	.39
	−0.70, 0.98
	0.36
	.726
	
	
	

	Non-female
	17
	0.43
	.18
	0.04, 0.82
	2.36
	.032
	
	
	

	Chatbot avatar
	
	
	
	
	
	
	0.41
	.38
	F(1, 12) = 1.15, p = .305

	Human-like
	12
	0.53
	.27
	−0.06, 1.12
	1.94
	.076
	
	
	

	Not human-like
	8
	0.12
	.27
	−0.47, 0.71
	0.43
	.676
	
	
	

	Chatbot interaction
	
	
	
	
	
	
	0.61
	.29
	F(1, 17) = 4.55, p = .048

	Unstructured
	15
	0.64
	.17
	0.27, 1.00
	3.64
	.002
	
	
	

	Structured
	11
	0.02
	.23
	−0.45, 0.50
	0.11
	.914
	
	
	

	Chatbot cues
	
	
	
	
	
	
	0.38
	.13
	F(1, 23) = 8.67, p = .007

	Verbal
	20
	0.36
	.08
	0.19, 0.54
	4.33
	< .001
	
	
	

	Other
	5
	−0.02
	.13
	−0.28, 0.25
	−0.14
	.887
	
	
	

	Chatbot technology
	
	
	
	
	
	
	0.65
	.78
	F(1, 15) = 0.71, p = .413

	Rule-based
	19
	0.43
	.17
	0.06, 0.79
	2.50
	.025
	
	
	

	Other
	1
	1.08
	.76
	−0.53, 2.69
	1.43
	.174
	
	
	

	Context
	
	
	
	
	
	
	0.55
	.29
	F(1, 17) = 3.56, p = .076

	Hedonic
	15
	0.61
	.18
	0.24, 0.98
	3.47
	.003
	
	
	

	Functional
	11
	0.06
	.23
	−0.42, 0.55
	0.27
	.790
	
	
	

	Task
	
	
	
	
	
	
	0.24
	.25
	F(1, 20) = 0.94, p = .345

	Critical
	3
	0.20
	.26
	−0.36, 0.75
	0.74
	.467
	
	
	

	Non-critical
	23
	0.44
	.15
	0.13, 0.76
	2.94
	.008
	
	
	

	Sample
	
	
	
	
	
	
	0.31
	.15
	F(1, 20) = 4.42, p = .048

	Student
	6
	0.66
	.19
	0.26, 1.05
	3.43
	.002
	
	
	

	Non-student
	20
	0.34
	.15
	0.02, 0.66
	2.22
	.040
	
	
	

	Study setting
	
	
	
	
	
	
	0.14
	.36
	F(1, 16) = 0.16, p = .698

	Online
	19
	0.42
	.19
	0.03, 0.81
	2.26
	.038
	
	
	

	Other
	6
	0.28
	.30
	−0.37, 0.92
	0.91
	.375
	
	
	

	
	
	
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	

	Stimulus type
	
	
	
	
	
	
	0.15
	.26
	F(1, 20) = 0.31, p = .586

	Interaction
	21
	0.42
	.15
	0.11, 0.74
	2.79
	.011
	
	
	

	Prerecorded
	5
	0.28
	.28
	−0.31, 0.87
	0.98
	.341
	
	
	

	Scientific field
	
	
	
	
	
	
	0.36
	.66
	F(1, 17) = 0.30, p = .592

	Communication
	4
	0.07
	.64
	−1.29, 1.42
	0.11
	.916
	
	
	

	Other
	22
	0.43
	.16
	0.10, 0.76
	2.72
	.015
	
	
	

	Year
	22
	−0.01
	.04
	−0.09, 0.06
	−0.42
	.680
	0.01
	.04
	F(1, 16) = 0.18, p = .680

	Sample country
	
	
	
	
	
	
	0.12
	.27
	F(1, 12) = 0.20, p = .660

	USA
	5
	0.15
	.22
	−0.34, 0.64
	0.68
	.508
	
	
	

	Other
	15
	0.27
	.14
	−0.04, 0.59
	1.90
	.082
	
	
	

	Publication status
	
	
	
	
	
	
	0.36
	.66
	F(1, 17) = 0.30, p = .592

	Published
	22
	0.43
	.16
	0.09, 0.76
	2.72
	.015
	
	
	

	Not published
	4
	0.07
	.64
	−1.29, 1.42
	0.11
	.916
	
	
	

	Peer review
	
	
	
	
	
	
	0.07
	.70
	F(1, 16) = 0.01, p = .921

	Peer reviewed
	21
	0.43
	.17
	0.08, 0.79
	2.59
	.020
	
	
	

	Not peer reviewed
	1
	0.36
	.68
	−1.08, 1.81
	0.53
	.600
	
	
	

	Preregistration
	
	
	
	
	
	
	0.21
	.49
	F(1, 17) = 0.18, p = .673

	Preregistered
	5
	0.22
	.46
	−0.75, 1.19
	0.49
	.633
	
	
	

	Not preregistered
	21
	0.43
	.16
	0.09, 0.78
	2.65
	.017
	
	
	


Note. k = number of effect sizes. Figures in bold were statistically significant (p < .05).

Supplementary Table S8 Results of subgroup analyses for negative affect.
	Moderator
	Estimate for moderator level
	Moderator analysis

	
	k
	g
	SE
	95% CI
	t
	p
	|Δg|
	SE
	Test of Moderators

	Sample mean age
	31
	−0.01
	.01
	−0.04, 0.01
	−1.10
	.288
	0.01
	.01
	F(1, 15) = 1.21, p = .288

	Percentage female
	31
	0.01
	.01
	−0.01, 0.02
	0.87
	.400
	0.01
	.01
	F(1, 15) = 0.75, p = .400

	Percentage of previous users
	≤ 1
	
	
	
	
	
	
	
	

	Assigned chatbot gender
	
	
	
	
	
	
	0.17
	.38
	F(1, 12) = 0.21, p = .653

	Female
	5
	0.20
	.35
	−0.56, 0.97
	0.58
	.570
	
	
	

	Non-female
	26
	0.03
	.14
	−0.28, 0.34
	0.21
	.838
	
	
	

	Chatbot avatar
	
	
	
	
	
	
	0.20
	.64
	F(1, 6) = 0.10, p = .767

	Human-like
	15
	0.05
	.23
	−0.51, 0.61
	0.23
	.825
	
	
	

	Not human-like
	3
	−0.15
	.60
	−1.62, 1.32
	−0.24
	.815
	
	
	

	Chatbot interaction
	
	
	
	
	
	
	0.31
	.26
	F(1, 13) = 1.39, p = .260

	Unstructured
	27
	0.13
	.14
	−0.16, 0.43
	0.96
	.353
	
	
	

	Structured
	6
	−0.18
	.23
	−0.67, 0.31
	−0.79
	.442
	
	
	

	Chatbot cues
	
	
	
	
	
	
	0.13
	.17
	F(1, 30) = 0.62, p = .437

	Verbal
	26
	0.10
	.12
	−0.14, 0.35
	0.85
	.400
	
	
	

	Other
	6
	−0.03
	.18
	−0.40, 0.34
	−0.16
	.872
	
	
	

	Chatbot technology
	
	
	
	
	
	
	0.11
	.57
	F(1, 9) = 0.03, p = .856

	Rule-based
	20
	0.10
	.18
	−0.30, 0.50
	0.55
	.554
	
	
	

	Other
	2
	−0.01
	.54
	−1.22, 1.21
	−0.01
	.990
	
	
	

	Context
	
	
	
	
	
	
	0.11
	.25
	F(1, 13) = 0.19, p = .666

	Hedonic
	7
	0.12
	.20
	−0.31, 0.54
	0.60
	.561
	
	
	

	Functional
	26
	0.01
	.16
	−0.33, 0.35
	0.04
	.968
	
	
	

	Task
	
	
	
	
	
	
	0.04
	.26
	F(1, 13) = 0.03, p = .867

	Critical
	17
	0.02
	.21
	−0.44, 0.48
	0.10
	.925
	
	
	

	Non-critical
	16
	0.06
	.15
	−0.26, 0.39
	0.43
	.676
	
	
	

	Sample
	
	
	
	
	
	
	0.08
	.25
	F(1, 13) = 0.11, p = .747

	Student
	19
	0.10
	.18
	−0.30, 0.49
	0.51
	.937
	
	
	

	Non-student
	14
	0.01
	.17
	−0.34, 0.37
	0.08
	.615
	
	
	

	Study setting
	
	
	
	
	
	
	1.25
	.41
	F(1, 13) = 9.36, p = .009

	Online
	32
	−0.03
	.10
	−0.23, 0.18
	−0.28
	.783
	
	
	

	Other
	1
	1.23
	.40
	0.37, 2.09
	3.08
	.009
	
	
	

	
	
	
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	

	Stimulus type
	
	
	
	
	
	
	0.12
	.15
	F(1, 17) = 0.67, p = .424

	Interaction
	27
	0.07
	.12
	−0.19, 0.33
	0.58
	.570
	
	
	

	Prerecorded
	6
	−0.05
	.17
	−0.41, 0.31
	−0.29
	.778
	
	
	

	Scientific field
	
	
	
	
	
	
	0.05
	.48
	F(1, 13) = 0.01, p = .928

	Communication
	4
	0.09
	.47
	−1.91, 1.10
	0.20
	.848
	
	
	

	Other
	29
	0.05
	.13
	−0.23, 0.32
	0.36
	.722
	
	
	

	Year
	33
	−0.08
	.05
	−0.18, 0.02
	−1.68
	.117
	0.08
	.05
	F(1, 13) = 2.82, p = .117

	Sample country
	
	
	
	
	
	
	0.27
	.28
	F(1, 10) = 0.88, p = .371

	USA
	14
	−0.03
	.21
	−0.50, 0.45
	−0.13
	.902
	
	
	

	Other
	12
	0.24
	.19
	−0.18, 0.65
	1.28
	.229
	
	
	

	Publication status
	
	
	
	
	
	
	
	
	—

	Published
	33
	
	
	
	
	
	
	
	

	Not published
	—
	
	
	
	
	
	
	
	

	Peer review
	
	
	
	
	
	
	
	
	—

	Peer reviewed
	33
	
	
	
	
	
	
	
	

	Not peer reviewed
	
	
	
	
	
	
	
	
	

	Preregistration
	
	
	
	
	
	
	
	
	—

	Preregistered
	—
	
	
	
	
	
	
	
	

	Not preregistered
	33
	
	
	
	
	
	
	
	


Note. k = number of effect sizes. Figures in bold were statistically significant (p < .05).

Supplementary Table S9 Results of subgroup analyses for rapport.
	Moderator
	Estimate for moderator level
	Moderator analysis

	
	k
	g
	SE
	95% CI
	t
	p
	|Δg|
	SE
	Test of Moderators

	Sample mean age
	86
	−0.01
	.01
	−0.03, 0.004
	−1.48
	.145
	0.01
	.01
	F(1, 58) = 2.18, p = .145

	Percentage female
	91
	0.01
	.005
	−0.001, 0.02
	1.87
	.066
	0.01
	.005
	F(1, 62) = 3.51, p = .066

	Percentage of previous users
	34
	0.01
	.004
	−0.003, 0.01
	1.31
	.206
	0.01
	.004
	F(1, 18) = 1.72, p = .206

	Assigned chatbot gender
	
	
	
	
	
	
	0.19
	.15
	F(1, 53) = 1.71, p = .197

	Female
	38
	0.53
	.12
	0.29, 0.77
	4.50
	< .001
	
	
	

	Non-female
	53
	0.34
	.09
	0.17, 0.51
	3.94
	< .001
	
	
	

	Chatbot avatar
	
	
	
	
	
	
	0.16
	.18
	F(1, 39) = 0.76, p = .387

	Human-like
	48
	0.46
	.11
	0.23, 0.68
	4.11
	< .001
	
	
	

	Not human-like
	24
	0.30
	.14
	0.01, 0.59
	2.07
	.045
	
	
	

	Chatbot interaction
	
	
	
	
	
	
	0.23
	.15
	F(1, 55) = 2.54, p = .116

	Unstructured
	66
	0.46
	.08
	0.30, 0.62
	5.83
	< .001
	
	
	

	Structured
	30
	0.23
	.12
	−0.02, 0.47
	1.85
	.069
	
	
	

	Chatbot cues
	
	
	
	
	
	
	0.32
	.08
	F(1, 93) = 13.89, p < .001

	Verbal
	77
	0.45
	.07
	0.31, 0.59
	6.54
	< .001
	
	
	

	Other
	18
	0.13
	.09
	−0.05, 0.32
	1.42
	.160
	
	
	

	Chatbot technology
	
	
	
	
	
	
	0.26
	.27
	F(1, 40) = 0.90, p = .349

	Rule-based
	56
	0.25
	.06
	0.13, 0.36
	4.37
	< .001
	
	
	

	Other
	2
	−0.01
	.27
	−0.55, 0.53
	−0.04
	.971
	
	
	

	Context
	
	
	
	
	
	
	0.04
	.13
	F(1, 67) = 0.08, p = .778

	Hedonic
	39
	0.42
	.10
	0.21, 0.63
	4.02
	< .001
	
	
	

	Functional
	58
	0.38
	.08
	0.21, 0.55
	4.51
	< .001
	
	
	

	Task
	
	
	
	
	
	
	0.23
	.15
	F(1, 67) = 2.57, p = .114

	Critical
	21
	0.23
	.13
	−0.02, 0.48
	1.80
	.076
	
	
	

	Non-critical
	76
	0.46
	.08
	0.31, 0.61
	6.01
	< .001
	
	
	

	Sample
	
	
	
	
	
	
	0.20
	.12
	F(1, 66) = 2.73, p = .103

	Student
	34
	0.51
	.10
	0.30, 0.72
	4.90
	< .001
	
	
	

	Non-student
	62
	0.31
	.08
	0.16, 0.46
	4.05
	< .001
	
	
	

	Study setting
	
	
	
	
	
	
	0.04
	.17
	F(1, 55) = 0.05, p = .819

	Online
	76
	0.38
	.08
	0.23, 0.53
	5.01
	< .001
	
	
	

	Other
	20
	0.42
	.15
	0.12, 0.72
	2.84
	.006
	
	
	

	
	
	
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	

	Stimulus type
	
	
	
	
	
	
	0.48
	.14
	F(1, 56) = 12.57, p < .001

	Interaction
	61
	0.26
	.07
	0.12, 0.41
	3.65
	< .001
	
	
	

	Prerecorded
	36
	0.75
	.12
	0.51, 0.98
	6.43
	< .001
	
	
	

	Scientific field
	
	
	
	
	
	
	0.37
	.20
	F(1, 56) = 3.24, p = .077

	Communication
	19
	0.07
	.19
	−0.31, 0.46
	0.37
	.711
	
	
	

	Other
	78
	0.44
	.07
	0.30, 0.58
	6.36
	< .001
	
	
	

	Year
	83
	−0.01
	.04
	−0.08, 0.06
	−0.26
	.793
	0.01
	.04
	F(1, 54) = 0.07, p = .793

	Sample country
	
	
	
	
	
	
	0.30
	.15
	F(1, 47) = 4.08, p = .049

	USA
	32
	0.22
	.11
	−0.01, 0.45
	1.89
	.065
	
	
	

	Other
	55
	0.52
	.10
	0.33, 0.71
	5.44
	< .001
	
	
	

	Publication status
	
	
	
	
	
	
	0.30
	.31
	F(1, 56) = 0.93, p = .338

	Published
	83
	0.41
	.07
	0.27, 0.55
	6.02
	< .001
	
	
	

	Not published
	14
	0.11
	.30
	−0.49, 0.72
	0.37
	.713
	
	
	

	Peer review
	
	
	
	
	
	
	0.06
	.23
	F(1, 54) = 0.06, p = .809

	Peer reviewed
	77
	0.42
	.07
	0.27, 0.57
	5.74
	< .001
	
	
	

	Not peer reviewed
	6
	0.33
	.24
	−0.14, 0.81
	1.40
	.167
	
	
	

	Preregistration
	
	
	
	
	
	
	0.26
	.27
	F(1, 56) = 0.96, p = .331

	Preregistered
	15
	0.15
	.26
	−0.37, 0.67
	0.58
	.565
	
	
	

	Not preregistered
	82
	0.41
	.07
	0.28, 0.55
	6.01
	< .001
	
	
	


Note. k = number of effect sizes. Figures in bold were statistically significant (p < .05).

Supplementary Table S10 Results of subgroup analyses for trust.
	Moderator
	Estimate for moderator level
	Moderator analysis

	
	k
	g
	SE
	95% CI
	t
	p
	|Δg|
	SE
	Test of Moderators

	Sample mean age
	44
	0.0002
	.01
	−0.02, 0.02
	0.02
	.983
	0.0002
	.01
	F(1, 22) = 0.0005, p = .983

	Percentage female
	48
	−0.01
	.01
	−0.02, 0.02
	−0.11
	.913
	0.01
	.01
	F(1, 26) = 0.01, p = .913

	Percentage of previous users
	5
	0.02
	.02
	−0.06, 0.09
	0.98
	.430
	0.02
	.02
	F(1, 2) = 0.96, p = .430

	Assigned chatbot gender
	
	
	
	
	
	
	0.28
	.21
	F(1, 24) = 1.81, p = .191

	Female
	14
	0.24
	.18
	−0.12, 0.60
	1.34
	.194
	
	
	

	Non-female
	32
	0.52
	.12
	0.29, 0.76
	4.51
	< .001
	
	
	

	Chatbot avatar
	
	
	
	
	
	
	0.27
	.48
	F(1, 18) = 0.31, p = .586

	Human-like
	35
	0.41
	.12
	0.17, 0.66
	3.51
	.002
	
	
	

	Not human-like
	2
	0.15
	.46
	−0.83, 1.12
	0.32
	.755
	
	
	

	Chatbot interaction
	
	
	
	
	
	
	0.43
	.20
	F(1, 26) = 4.65, p = .040

	Unstructured
	33
	0.58
	.11
	0.35, 0.81
	5.25
	< .001
	
	
	

	Structured
	15
	0.16
	.16
	−0.18, 0.49
	0.94
	.354
	
	
	

	Chatbot cues
	
	
	
	
	
	
	0.39
	.21
	F(1, 41) = 3.38, p = .073

	Verbal
	30
	0.54
	.12
	0.31, 0.78
	4.65
	< .001
	
	
	

	Other
	13
	0.15
	.18
	−0.20, 0.51
	0.87
	.391
	
	
	

	Chatbot technology
	
	
	
	
	
	
	0.11
	.45
	F(1, 20) = 0.06, p = .806

	Rule-based
	33
	0.44
	.13
	0.18, 0.71
	3.47
	.002
	
	
	

	Other
	3
	0.56
	.43
	−0.35, 1.46
	1.28
	.214
	
	
	

	Context
	
	
	
	
	
	
	0.30
	.20
	F(1, 26) = 2.27, p = .144

	Hedonic
	16
	0.24
	.17
	−0.10, 0.58
	1.47
	.154
	
	
	

	Functional
	32
	0.55
	.12
	0.31, 0.79
	4.75
	< .001
	
	
	

	Task
	
	
	
	
	
	
	0.38
	.22
	F(1, 26) = 3.03, p = .093

	Critical
	11
	0.16
	.19
	−0.24, 0.55
	0.82
	.419
	
	
	

	Non-critical
	37
	0.54
	.11
	0.32, 0.76
	5.05
	< .001
	
	
	

	Sample
	
	
	
	
	
	
	0.10
	.23
	F(1, 26) = 0.18, p = .674

	Student
	15
	0.49
	.19
	0.11, 0.88
	2.63
	.014
	
	
	

	Non-student
	33
	0.39
	.14
	0.12, 0.67
	2.91
	.007
	
	
	

	Study setting
	
	
	
	
	
	
	0.01
	.25
	F(1, 22) = 0.002, p = .969

	Online
	34
	0.44
	.13
	0.17, 0.71
	3.42
	.002
	
	
	

	Other
	10
	0.43
	.22
	−0.02, 0.88
	1.98
	.060
	
	
	

	
	
	
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	

	Stimulus type
	
	
	
	
	
	
	0.01
	.25
	F(1, 26) = 0.0005, p = .983

	Interaction
	36
	0.43
	.13
	0.16, 0.69
	3.33
	.003
	
	
	

	Prerecorded
	12
	0.43
	.21
	−0.01, 0.87
	2.02
	.054
	
	
	

	Scientific field
	
	
	
	
	
	
	0.37
	.31
	F(1, 26) = 1.41, p = .246

	Communication
	5
	0.12
	.29
	−0.48, 0.72
	0.42
	.677
	
	
	

	Other
	43
	0.49
	.10
	0.28, 0.69
	4.86
	< .001
	
	
	

	Year
	46
	0.01
	.04
	−0.08, 0.10
	0.20
	.844
	0.01
	.04
	F(1, 25) = 0.04, p = .844

	Sample country
	
	
	
	
	
	
	0.01
	.21
	F(1, 21) = 0.001, p = .976

	USA
	17
	0.31
	.15
	−0.01, 0.62
	2.01
	.058
	
	
	

	Other
	17
	0.30
	.14
	0.01, 0.59
	2.17
	.042
	
	
	

	Publication status
	
	
	
	
	
	
	0.39
	.47
	F(1, 26) = 0.69, p = .414

	Published
	46
	0.46
	.10
	0.25, 0.67
	4.55
	< .001
	
	
	

	Not published
	2
	0.07
	.46
	−0.87, 1.01
	0.46
	.881
	
	
	

	Peer review
	
	
	
	
	
	
	0.29
	.35
	F(1, 25) = 0.69, p = .414

	Peer reviewed
	37
	0.53
	.11
	0.30, 0.76
	4.81
	< .001
	
	
	

	Not peer reviewed
	9
	0.21
	.22
	−0.24, 0.67
	0.97
	.343
	
	
	

	Preregistration
	
	
	
	
	
	
	0.35
	.38
	F(1, 26) = 0.83, p = .371

	Preregistered
	3
	0.12
	.37
	−0.64, 0.89
	0.33
	.746
	
	
	

	Not preregistered
	45
	0.47
	.10
	0.27, 0.68
	4.75
	< .001
	
	
	


Note. k = number of effect sizes. Figures in bold were statistically significant (p < .05).

Supplementary Table S11 Results of subgroup analyses for behavioral outcomes.
	Moderator
	Estimate for moderator level
	Moderator analysis

	
	k
	g
	SE
	95% CI
	t
	p
	|Δg|
	SE
	Test of Moderators

	Sample mean age
	124
	0.001
	.01
	−0.01, 0.01
	0.12
	.907
	0.001
	.01
	F(1, 67) = 0.01, p = .907

	Percentage female
	126
	0.004
	.004
	−0.003, 0.01
	1.12
	.267
	0.004
	.004
	F(1, 70) = 1.25, p = .267

	Percentage of previous users
	22
	0.01
	.01
	−0.005, 0.02
	1.26
	.226
	0.01
	.01
	F(1, 15) = 1.60, p = .226

	Assigned chatbot gender
	
	
	
	
	
	
	0.22
	.12
	F(1, 71) = 3.51, p = .065

	Female
	41
	0.02
	.10
	−0.18, 0.22
	0.22
	.829
	
	
	

	Non-female
	88
	0.25
	.07
	0.11, 0.38
	3.58
	< .001
	
	
	

	Chatbot avatar
	
	
	
	
	
	
	0.15
	.14
	F(1, 43) = 1.08, p = .305

	Human-like
	68
	0.10
	.07
	−0.05, 0.25
	1.29
	.203
	
	
	

	Not human-like
	26
	0.25
	.12
	−0.004, 0.50
	1.98
	.054
	
	
	

	Chatbot interaction
	
	
	
	
	
	
	0.20
	.11
	F(1, 76) = 3.56, p = .063

	Unstructured
	75
	0.25
	.07
	0.12, 0.39
	3.83
	< .001
	
	
	

	Structured
	60
	0.05
	.08
	−0.11, 0.22
	0.64
	.521
	
	
	

	Chatbot cues
	
	
	
	
	
	
	0.24
	.10
	F(1, 129) = 5.47, p = .021

	Verbal
	101
	0.23
	.06
	0.11, 0.34
	3.91
	< .001
	
	
	

	Other
	30
	−0.01
	.10
	−0.21, 0.18
	−0.13
	.895
	
	
	

	Chatbot technology
	
	
	
	
	
	
	0.36
	.28
	F(1, 49) = 1.66, p = .204

	Rule-based
	93
	0.19
	.06
	0.07, 0.31
	3.11
	.003
	
	
	

	Other
	3
	0.55
	.28
	−0.005, 1.10
	1.99
	.052
	
	
	

	Context
	
	
	
	
	
	
	0.15
	.11
	F(1, 78) = 1.77, p = .188

	Hedonic
	49
	0.27
	.09
	0.09, 0.44
	2.99
	.004
	
	
	

	Functional
	89
	0.12
	.06
	−0.01, 0.25
	1.90
	.062
	
	
	

	Task
	
	
	
	
	
	
	0.08
	.73
	F(1, 78) = 0.53, p = .468

	Critical
	43
	0.11
	.09
	−0.07, 0.30
	1.20
	.234
	
	
	

	Non-critical
	95
	0.20
	.06
	0.07, 0.32
	3.13
	.002
	
	
	

	Sample
	
	
	
	
	
	
	0.07
	.12
	F(1, 77) = 0.28, p = .596

	Student
	35
	0.12
	.11
	−0.09, 0.34
	1.12
	.268
	
	
	

	Non-student
	102
	0.18
	.06
	0.06, 0.31
	3.01
	.004
	
	
	

	Study setting
	
	
	
	
	
	
	0.19
	.14
	F(1, 77) = 1.93, p = .169

	Online
	109
	0.20
	.06
	0.09, 0.32
	3.45
	< .001
	
	
	

	Other
	24
	0.01
	.12
	−0.23, 0.26
	0.10
	.922
	
	
	

	
	
	
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	

	Stimulus type
	
	
	
	
	
	
	0.09
	.11
	F(1, 78) = 0.63, p = .431

	Interaction
	97
	0.20
	.06
	0.07, 0.32
	3.16
	.002
	
	
	

	Prerecorded
	41
	0.11
	.09
	−0.08, 0.30
	1.15
	.255
	
	
	

	Scientific field
	
	
	
	
	
	
	0.15
	.15
	F(1, 67) = 1.11, p = .297

	Communication
	18
	0.04
	.13
	−0.23, 0.31
	0.28
	.780
	
	
	

	Other
	120
	0.19
	.06
	0.08, 0.31
	3.43
	.001
	
	
	

	Year
	129
	−0.02
	.02
	−0.06, 0.02
	−0.99
	.324
	0.02
	.02
	F(1, 64) = 0.99, p = .324

	Sample country
	
	
	
	
	
	
	0.01
	.13
	F(1, 52) = 0.004, p = .950

	USA
	53
	0.20
	.09
	0.01, 0.37
	2.09
	.042
	
	
	

	Other
	55
	0.19
	.09
	0.02, 0.38
	2.21
	.032
	
	
	

	Publication status
	
	
	
	
	
	
	0.22
	.21
	F(1, 67) = 1.17, p = .284

	Published
	129
	0.19
	.05
	0.08, 0.29
	3.43
	.001
	
	
	

	Not published
	9
	−0.04
	.20
	−0.43, 0.36
	−0.18
	.855
	
	
	

	Peer review
	
	
	
	
	
	
	0.10
	.15
	F(1, 63) = 0.44, p = .508

	Peer reviewed
	113
	0.17
	.06
	0.05, 0.29
	2.77
	.007
	
	
	

	Not peer reviewed
	15
	0.29
	.16
	−0.04, 0.62
	1.78
	.080
	
	
	

	Preregistration
	
	
	
	
	
	
	0.11
	.20
	F(1, 78) = 0.28, p = .595

	Preregistered
	9
	0.07
	.19
	−0.31, 0.45
	0.38
	.708
	
	
	

	Not preregistered
	129
	0.18
	.05
	0.07, 0.29
	3.27
	.002
	
	
	


2
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