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Abstract 
Voting Advice Applications (VAAs) help citizens align with politi-
cal parties, but are limited by frequent comprehension problems. 
Conversational Agent VAAs (CAVAAs) address this by integrating 
chatbot-based support. Yet, user interaction patterns and their ef-
fects on completing the CAVAA remain underexplored. This study 
identifes behavior-based CAVAA user types and examines their 
interaction with chatbot personas. Using interaction data from 189 
users of an GPT-driven CAVAA during the 2024 European Parlia-
ment elections, a Latent Class Analysis reveals three types: Check-
ers (low interaction), Seekers (high engagement and uncertainty), 
and Testers (system probing rather than advice seeking). While user 
types do not predict completion, the chatbot personas signifcantly 
did. We fnd that the more active chatbot (asking follow-up ques-
tions) increased dropout rates. Our analysis introduces a novel be-
havioral typology and highlights the importance of conversational 
design for reducing dropout and improving CAVAA efectiveness. 
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1 Introduction 
Voting Advice Applications (VAAs) are online tools that match citi-
zens with parties based on policy responses. Widely used across 
Europe and beyond, VAAs attract millions of users during election 
cycles [6, 13, 14]. In doing so, VAAs can increase political knowl-
edge [18, 31, 43], political interest [11, 24], and in some cases even 
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infuence vote choice, particularly among users who experience the 
largest knowledge gains [18, 28, 36]. 

Despite these positive efects, roughly 20% of VAA statements 
cause comprehension problems. These lead to neutral or “don’t 
know” answers [17], thereby efectively reducing knowledge gains 
[19] and distorting fnal voting advice. In order to address this
limitation, Kamoen and Liebrecht [19, 20, 23] introduced Conversa-
tional Agent VAAs (CAVAAs), combining VAAs with conversational
agents to support comprehension, semantic clarifcation, and user
questions about parties and issues. While early CAVAAs were rule-
based and limited in scope [20, 27], recent work extends them with
Large Language Models (LLMs) [7, 46]. These systems were shown
to improve political knowledge [40], outperform traditional VAAs
[19], and foster users’ “exploration, refection and rationalization”
of the political landscape [46, p. 12].

In this work, we focus on three gaps that remain in under-
standing CAVAA usage. To our knowledge, no study has identifed 
types of conversational engagement in CAVAA dialogues. While

Van De Pol et al. [38] and Dieing [8] proposed a VAA user typology 
relying on self-reported survey data, dialogue logs of CAVAAs could 
help researchers to tailor dialogue strategies efectively. As non-
completion rates in CAVAAs are high [46], such a strategy could 
adapt to user types with specifc early-turn dialogue behaviors, 
such as information-seeking questions or expressions of conviction. 
While there is an emerging body of literature on chatbot personas 
[35] and adaptive VAA systems [2, 3], the interaction of diferent
user types with chatbot personas is less explored. These gaps lead
us to our three research questions:

RQ1 Which latent classes of CAVAA users emerge based on
conversational engagement and interaction features? 

RQ2A To what extent do CAVAA user types exhibit diferent
completion rates? 

RQ2B To what extent does the chatbot behavior infuence
users’ completion rates? 

Utilizing data from 189 users of ChatEP2024, an LLM-driven 
CAVAA for the 2024 EU elections [46], the Latent Class Analysis 
(LCA) reveals three distinct CAVAA user types based on inter-
actional features. The largest group, called Checkers, shows low 
interaction with the chatbot and uses the CAVAA like a traditional 
VAA; the Seekers, depicting political uncertainty, ask more ques-
tions in order to get information. Extending the typology identifed 
by Van De Pol et al. [38] and Dieing [8], we then discover a third 
CAVAA-specifc type called the Testers. These users are politically 
interested and convicted but prefer to probe the chatbot rather
than receiving voting advice from it. Furthermore, our results show 
that the chatbot behavior signifcantly afects users’ completion
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rate. Here, the active condition signifcantly reduced the number 
of turns users interacted with the CAVAA. 

Establishing such a frst user typology of CAVAAs and providing 
a pipeline for dialogue act classifcation during CAVAA interac-
tion, this study gives practitioners further design insights for the 
development of type specifc solutions that can help prevent user 
drop-out. 

2 Related Work 

2.1 (CA)VAA user typology 
As electoral information shortcuts, VAAs sufer from an inherent 
self-selection bias [15]. Users tend to be highly educated [30, 41], 
politically interested [25, 26], young [10, 11], and male [25, 26], 
though some diferences are diminishing [1]. Van De Pol et al. [38], 
analyzing 52,999 Kieskompas users via LCA identifed three classes, 
distinguishing users by political interest, efcacy, vote certainty, 
and motivation: doubters (9.9%), seekers (31.8%), and checkers (58.3%). 
Seekers access the tool earlier in the campaign and use it for genuine 
guidance, while checkers—the majority—use it mainly to confrm 
pre-existing views. This typology has been reafrmed for second-
order elections [39] and was extended by Dieing [8] by profling 
users who consult multiple VAAs within the same election cycle. 

Since their introduction by Kamoen and Liebrecht [19, 20], CAVAAs 
have shown potential to improve VAA comprehension and enhance 
users’ political knowledge. Beyond LLM-based extensions [7] and 
safeguards [9], studies on diferent modalities indicate that struc-
tured chatbots with clickable buttons are preferred and encour-
age more information-seeking than unstructured designs, though 
knowledge gains are similar across formats [19, 20]. However, a 
gap remains: no typology exists for CAVAA users, who may difer 
from traditional VAA user types. 

While existing VAA typologies rely on self-reported survey data, 
Stenmark [33] showed that interpretable user typologies can be de-
rived solely from interaction features, producing predictively useful 
profles. CAVAAs, as conversational tools that save chat histories, 
ofer an ideal context to develop such log-based typologies. 

VAAs can be seen as online surveys [37] capturing users’ political 
stances, and CAVAAs enrich this by adding interactive features. 
Xiao et al. [44] found that chatbot surveys (� ≈ 600) increased 
engagement and elicited responses that were more informative, 
relevant, specifc, and clear. This suggests that the conversational 
format of CAVAAs may elicit richer, more authentic opinions than 
static VAAs, motivating our exploration of whether free-dialogue 
engagement patterns can inform user typology. Such a typology 
could then be used to better explain CAVAA usage and efects, and 
to design customized CAVAAs tailored to the requirements of each 
type. 

2.2 Completion & chatbot personas 
For CAVAAs and VAAs alike, users can only maximize the advan-
tages of the tools if they complete them in order to receive voting 
advice. Studies show break-of rates are similar across CAVAA 
designs, indicating that non-completion is driven more by user-
level factors than interface features [19, 20]. LLM-driven CAVAAs 
exhibit similar behavior: Zhu et al. [46] reported roughly 61% non-
completion, highlighting that dropout is a persistent issue. High 

dropout rates limit CAVAAs’ efectiveness, as incomplete users 
cannot receive voting advice or learn about the political landscape. 

Recent research on chatbot interaction highlights how personas 
and anthropomorphism shape user engagement. A chatbot persona 
encompasses human-like traits—personality, tone, communication 
style, and social role—that infuence interactions [35]. With LLMs, 
persona creation via prompting has become common [4]. Stud-
ies show extraverted chatbots boost engagement [21], assertive 
or anthropomorphized bots increase trust [5, 45], and agreeable 
personalities enhance satisfaction [32]. Conversely, frustrating in-
teraction loops reduce usage and engagement [12], and users may 
experience fatigue when responding to question-focused bots [47]. 
Thus, careful design of chatbot personas and behaviors is crucial 
for efective user interactions. 

For CAVAAs, modality studies examined whether chatbot per-
sonas afect tool use, comparing formal and anthropomorphic bots. 
While tool evaluations were similar, users of anthropomorphic bots 
showed greater factual knowledge gains [16]. Further studies found 
that the renownedness of embodied CAVAAs did not afect user be-
havior, and users generally preferred classic disembodied chatbots 
[42]. 

While early studies highlight how diferent chatbot personas 
afect CAVAA users, many chatbot types remain untested. Although 
prior research shows that more engaging, question-asking chatbots 
can have positive [44] or negative efects [47], it is unclear if these 
fndings apply to CAVAAs or whether engagement impacts com-

pletion rates. Additionally, personality congruence between users 
and chatbots can boost engagement [22], suggesting that CAVAA 
user types might moderate possible chatbot persona efects. 

3 Methods 
3.1 Dataset 
We analyze the available chats from ChatEP2024, a LLM-based 
CAVAA for the 2024 European Parliament elections [46]. The dataset 
contains 189 German-language conversations, with a total of 3,189 
conversation turns, and an average of 17 turns per user. Each con-
versation is structured into a fxed fve-phase protocol: (1) greeting, 
in which the chatbot introduces itself and the VAA task; (2) free 
dialogue, in which users discuss topics before committing to a struc-
tured evaluation; (3) topic and party selection, in which the chat-
bot presents all available topics and parties for the user to choose 
from; (4) statement evaluation, in which the chatbot presents up 
to ten numbered policy statements, and the user responds with 
their stance; and (5) party-alignment recommendation, in which the 
chatbot summarizes the user’s positions and recommends parties 
that best match their expressed views. 

During the statement evaluation phase, the participants were 
split into two conditions: in one condition, the users were inter-
viewed by an active bot, which asked follow-up questions after 
each of the user’s answers; in the other condition, the chatbot was 
passive, i.e. merely recorded the user’s response and went on to 
the next statement. This between-subjects design was intended by 
Zhu et al. [46]; however, not reported in the original paper. We are 
not aware of any other confguration diferences across the two 
conditions. 



Towards a Typology of User Engagement in Conversational Agent Voting Advice Applications CUI ’26, July 21–24, 2026, Bremen, Germany 

Table 1: Dialogue act label set used for user-turn annotation, 
adapted from Stolcke et al. [34] and Prahallad and Mamidi 
[29] 

Label Description 

Statement Factual claim without explicit opinion. 
Opinion Subjective view, evaluation, or position. 
Agreement Explicit agreement with a position of the bot. 
Reject Explicit disagreement with the bot. 
Hedge Uncertain, conditional, or qualifed response. 
Qestion Question directed at the assistant. 
Backchannel Minimal acknowledgment (e.g., “Ok”). 
Challenge Questioning a claim of the bot. 
Rebuttal Counter-argument with explicit justifcation. 
Explanation Seeking elaboration or reasoning. 
Correction Explicit correction of a misunderstanding. 
Reqest Request an action of the bot. 

3.2 Text Classifcation 
3.2.1 Dialogue Acts. For Dialogue Act Classifcation, we com-

bine two dialogue-act (DA) schemes to capture the full range of 
moves in political conversation. The Switchboard Dialog Act cor-
pus (SWBD-DAMSL) provides categories for cooperative dialogue-
statements [34]. However, designed for casual speech, it lacks cat-
egories for confrontational or persuasive moves. BEADS [29] ex-
tends DAMSL for political discourse, adding challenge, rebuttal, 
and explanation-seeking acts. The combined annotation scheme 
from elements of SWBD-DAMSL and BEADS resulted in a set of 12 
labels tailored to the political chatbot dialogue context (see Table 1). 

3.2.2 Prompt Types. In addition to dialogue act coding, each user 
turn was automatically assigned a prompt type, refecting CAVAA-
relevant inquiries. The label set is adapted from Dieing [7], who 
identifed fve prompt types in rule-based CAVAAs and extended 
these with categories covering broader political questions and 
content-flter-relevant prompts (see Table 2). Based on initial analy-
sis, we added two categories to the existing prompt types: Answer 
and Off_Topic. This extension addresses user interactions in a 
conversational interviewing setup. 

3.2.3 Conviction Scoring. In a standard VAA, stance is directly en-
coded by Likert-scale responses to structured policy statements; 
in the free-dialogue phase, by contrast, the intensity of any ex-
pressed political view must be measured separately. To character-
ize the intensity of users’ expressed political positions during the 
free-dialogue phase, we use an ideological conviction score. Each 
Phase 2 turn is assigned a value on a three-point scale (0 = no stance, 
1 = moderate, 2 = strong). Turn-level scores were aggregated into a 
mean conviction per conversation. 

3.2.4 LLM classification. In order to classify each turn for the three 
interaction features, we leveraged a locally hosted open-source LLM. 
The choice of an LLM-based annotation approach was preferred 
over rule-based classifers as the tags are sensitive to context. Three 
human annotators independently labeled a sample of 200 turns 
across all three tasks and therefore established a gold standard 
for model evaluation. Inter-annotator agreement was substantial 
across all dimensions (Krippendorf’s � = 0.80, 0.68, and 0.63 for 

Table 2: Prompt type label set used for user-turn classifca-
tion, adapted from Dieing [7]. 

Label Description 

Semantic_Meaning Question about the meaning of a word or 
concept in a VAA statement. 

Statement_Explanation Request for elaboration or background on a 
VAA statement. 

Current_Affairs Question about current political events rele-
vant to a statement. 

Pros_And_Cons Request for arguments for and against a pol-
icy position. 

Party_Position Question about a specifc party’s stance on 
a topic. 

Political_Knowledge General political question extending beyond 
the VAA statements. 

Party_Ideology Question about a party’s broader political 
orientation or ideology. 

Critical Sensitive, ofensive, or discriminating 
prompt requiring content fltering. 

LLM_Opinion Prompt attempting to elicit the chatbot’s 
own political opinion. 

Vote_Intention Prompt asking the chatbot for a voting rec-
ommendation. 

Answer Direct response or Likert-scale answer to a 
VAA statement. 

Off_Topic Prompt unrelated to the VAA context or pol-
itics. 

dialogue act, prompt type, and conviction scoring, respectively) 
with a cross task mean of � = 0.71. We benchmarked eight models 
across four families (Mistral, Qwen, Llama, GPT-5.4) and selected 
Llama 3.3-70B based on its top-tier agreement with the gold stan-
dard (Cohen’s � = 0.69, 0.58, and 0.68 for dialogue act, prompt type, 
and conviction scoring, respectively; mean � = 0.65) while being 
fully open-weight and locally reproducible. All classifers used zero-
shot prompting at temperature 0.0, with German-language system 
prompts providing the full label set and disambiguation rules, and 
each turn was classifed in context with the preceding bot message 
(up to 1 000 characters). 

3.3 Experimental Setup 
3.3.1 RQ1: Latent Class Analysis. To identify latent engagement 
typologies, we apply LCA to per-conversation behavioral profles, 
following the methodology of van de Pol et al. [38]. For each conver-
sation, we construct a feature vector from three sources: dialogue 
act rates, prompt type rates, and early conviction score. Only turns 
from Phase 1 and Phase 2 (the free dialogue phases) are included. 
The feature set comprises 25 features (12 dialogue act rates, 12 
prompt type rates, and early conviction score). All features are 
standardized (z-scored) prior to ftting to ensure that diferences in 
absolute scale do not distort the latent class solution. The number 
of classes is selected from a sweep of � = 2–8. A BIC/AIC sweep 
showed decreasing values from � = 2 (BIC = 6209) through � = 7 
(BIC = −4965); however, solutions beyond � = 3 produced classes 
with fewer than 15 observations, which are too small for reliable 
interpretation given the total � = 189. 
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3.3.2 RQ2: Completion Prediction. We operationalize completion 
as the fraction of statements a user responded to. This count cap-
tures variation in engagement depth that a binary measure would 
conceal: two users who both drop of may have engaged with very 
diferent numbers of statements. We then test whether completion 
difers across the latent classes identifed in RQ1. As a supplemen-

tary analysis, we test which specifc features correlate with com-

pletion independent of class membership. This is achieved with an 
OLS regression on the completion per user. Lastly, we also compare 
completion across experiment conditions (active and passive bot). 

4 Results 
4.1 RQ1: Engagement Typology 
4.1.1 Class identification. Of the initial 25 features, six were re-
moved due to near-zero variance (raw standard deviation < 0.05): 
Challenge, Agreement, Critical, Reject, Correction, and Re-
buttal, leaving 19 features for the LCA. We selected � = 3 based 
on interpretability, balanced class sizes, and clear separation; higher 
values of � yielded increasingly fragmented classes with less dis-
tinct profles. The solution shows excellent classifcation certainty: 
average normalized entropy was 0.01, average maximum posterior 
probability was 0.99, and all 189 conversations were assigned to 
their modal class with posterior probability above 0.80. The three 
resulting types are Checkers (� = 124, 65.6%), Seekers (� = 39, 
20.6%), and Testers (� = 26, 13.8%). Figure 1 displays the ten most 
discriminating features per class, and Figure 2 shows clear sep-
aration in a two-dimensional Linear Discriminant Analysis pro-
jection. Kruskal–Wallis tests with Benjamini-Hochberg correction 
confrmed that 7 of the 19 features difer signifcantly across classes 
(� = 0.05); the strongest discriminators are LLM_Opinion rate 
(� = 101.4, �2 = 0.53), Party_Ideology rate (� = 69.0, �2 = 0.36), 
and Pros_And_Cons rate (� = 52.2, �2 = 0.27). 

4.1.2 Checkers. The Checkers, as the biggest group, are mainly 
defned by their more traditional use of the CAVAA. As such, 
they mainly exhibit dialogue acts such as Answer, Statement, 
and Opinion, while they also show below the cross-class mean 
characteristics of asking fewer Qestions, Pros_And_Cons, and 
Party_Ideology items. In comparison with the other identifed 
CAVAA user types, the Checkers therefore appear to be more pas-
sive users who mostly use the CAVAA like a normal VAA, giving 
the conversational agent their positions on statements and then 
moving on, rather than asking specifc questions. With this behav-
ior, they come closest to the largest VAA user type, also named 
Checker, who are already politically interested users, utilizing the 
VAA predominantly to check whether their chosen party actually 
matches with them [38]. This core utilization of a VAA as a “check-
ing tool” appears to also be the case for these CAVAA users, as they 
too exhibit a higher mean for asking the CA for voting advice, i.e., 
checking if the CAVAA recommends the party they intend to vote 
for. 

4.1.3 Seekers. As the second largest CAVAA user group, the Seek-
ers exhibit more dialogue acts in which the conversational agent is 
asked Qestions such as about general Political_Knowledge, 
Party_Ideology, and Pros_And_Cons. Simultaneously, the users 

in the Seeker class ask fewer Statement_Explanation, Seman-
tic_Meaning, have fewer Reqest and Backchannel acts, and 
display an overall lower political conviction. These distinctive class 
features draw a picture of more politically uncertain users who are 
in need of voting advice as the main focus and ask more questions 
about parties and general political topics to receive such advice, 
instead of asking more detailed questions about statements and 
their meaning or about the chatbot. 

Therefore, this group is more or less the reversal of the Checker 
and is not politically informed and certain of whom to vote for, but 
actually utilizes the CAVAA as an information shortcut for vote 
choice. Like the Checkers, the Seekers also appear in normal VAA 
user typologies [8, 38]. Here, the Seekers distinguish themselves 
from the other types via low vote certainty and political interest. 
Hence, Seekers engage more with the chatbot compared to the more 
traditional Checkers and might beneft more from the interactive 
conversational ofer made by CAVAAs. 

4.1.4 Testers. The Testers is the smallest group of the three class 
CAVAA typology. They display above average usage of LLM_Opinion, 
Off_Topic, Backchannel, and Reqest acts and ask more about 
semantic meanings. Furthermore, their inquiries display fewer un-
certainties (Hedge), and they ask fewer questions about parties or 
whom to vote for. These dialogue-acts present the Tester as a unique 
group that neither uses the CAVAA to check their party choice nor 
fnd out whom to vote for, but rather to test the conversational 
agent as an addition to the VAA design. As such, they mainly focus 
on testing the chatbot’s limits and capabilities instead of asking 
questions to gain more political knowledge. When compared to the 
existing VAA typology, the Tester appears to be a distinct group in 
the context of CAVAAs and therefore can not directly be found in 
the types of normal (non-CA) VAAs. Hence, the Tester is a unique 
group that arises because of the chatbot, which can help developers 
fnd the limits of new CAVAAs, but might also bias efect studies, 
as they do not use the CAVAA as the intended information tool per 
se. 

4.2 RQ2: Completion prediction 
4.2.1 RQ2A: User types. With a full completion rate of only 51.9% 
only roughly half of the 189 CAVAA users answered all ten state-
ments and subsequently received their voting advice. The result of 
an OLS regression with the derived three-class CAVAA typology 
as an independent variable shows that neither type is statistically 
more signifcant than the other in completing the CAVAA. Testers, 
nevertheless, exhibit the lowest full completion rate (34.6%), likely 
because of their lower interest in a voting advice. 

While the user types do not seem to infuence the number of 
answered statements, several individual features do signifcantly 
correlate with completion. An OLS regression revealed that, for 
example, Qestion (� = −0.47, � < 0.001), Off_Topic (� = −2.86, 
� < 0.001), and Political_Knowledge (� = −0.93, � < 0.001) 
are among the strongest negative predictors. Conversely, Answer 
(� = 0.64, � < 0.05) and mean word count per user message (� = 
0.07, � < 0.01) are positively associated with completion, indicating 
that users who write longer responses progress further through the 
VAA. 
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Figure 1: Top-10 most discriminating features per user type shown as a diverging bar chart (standardized mean diference from 
the grand mean). 

Figure 2: Linear Discriminant Analysis (LDA) projection of 
conversational feature vectors, showing separation of the 
three latent classes. 

Figure 3: Number of CAVAA statements encountered per 
participant, split by user type and chatbot behavior. 

4.2.2 RQ2B: Chatbot Engagement. The chatbot persona had a strong 
signifcant efect on the completion rate. The active bot, asking 
follow-up questions, resulted in signifcantly lower completion 
rates than the passive chatbot (� = 5.60, �� = 2.79 vs. � = 9.25, 
�� = 1.82; Welch’s � = −10.16, � < 0.001). This fnding is also in 
line with previous modality studies that show that users prefer click-
able, less interactive CAVAAs [20]. As such, it seems that CAVAA 
users are more inclined to use them as information resources, not 
as an interactive discussion partner. 

In a last step, we analyze whether the fndings of RQ2A persist if 
controlling for the strong efect of the chatbot persona. As shown 

by the results in Figure 3, we fnd that Seekers exhibit a stronger 
reaction to the chatbot behavior, as such, demonstrate a lower like-
lihood of completion when the chatbot is active. Moreover, we con-
frm that several individual features retain their predictive power 
even after controlling for the chatbot persona. An OLS regression 
with condition as a covariate reveals that Qestion (� = −0.20, 
� = 0.023) and Political_Knowledge (� = −0.39, � = 0.042) re-
main signifcant predictors of completion. Notably, the mean word 
count of the chatbot (� = −0.007, � = 0.024) emerges as a new 
signifcant predictor that was not among the strongest efects in 
the uncontrolled model. This aligns with the negative efect of the 
active chatbot persona: longer bot responses appear to overwhelm 
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users and reduce completion. This fnding underscores that verbose 
chatbot behavior, whether by design or by prompt type, detracts 
from the user’s progression through the CAVAA. 

5 Conclusion 
Driven by a missing typology of CAVAA users, this study inves-
tigates whether distinct users could be established based on their 
interactions with a chatbot. A LCA reveals three distinct CAVAA 
user types: While the Checkers and the Seekers appear similar to 
the two largest VAA user groups, the Testers emerge as a unique 
CAVAA user type. Additional analyses indicate that user types do 
not help predict CAVAA completion, while chatbot personas (active 
vs. passive) signifcantly do—with users of a more active chatbot 
dropping out 3-4 turns (out of 10) earlier on average. As such, this 
study contributes to the ongoing research on CAVAAs and general 
chatbot systems by presenting an original typology, possible efects, 
and design recommendations to mitigate user dropout. 

Meanwhile, we acknowledge several limitations of this study. 
First, the quality of the utilized data is limited, as the dataset is 
very small and only stems from an experimental German CAVAA. 
The 189 conversations represent all interactions recorded during 
the ChatEP2024 deployment, with the sample size constrained by 
the scope of that single study. This limits the stability of the LCA 
solution, particularly for the smallest class (Testers, � = 26). Fur-
thermore, while the LLM-based categorization was benchmarked 
against expert coders, using LLMs could still have biased the results. 
Lastly, the derived typology based on interaction features can only 
approximate real demographic markers of the types. In particular, 
the Tester type may be specifc to research settings, where curios-
ity about the LLM infates testing behaviour that may not occur 
in real-world deployments. We recommend that future research 
reinvestigates the established three-class typology on larger and 
more diverse datasets, accounting for socio-cultural diferences as 
well as adding additional survey items [8, 38] to the interactional 
features for a clearer interpretation of the types. Such validation 
would also allow researchers to assess whether the typology can 
serve as a practical tool for tailoring CAVAA design to specifc user 
needs, for instance by adapting chatbot personas or information 
depth to the predominant user type. Despite these limitations, this 
study establishes a novel typology for electoral information chatbot 
systems, as well as giving developers further insights into chatbot 
persona efects. These results can help better understand CAVAAs 
efects on users, design tailor-made solutions and personas for type-
specifc needs, thereby increasing the usability of CAVAAs and their 
completion. 
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