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Abstract
Human evaluations remain important for assess-1

ing large language models (LLMs) due to the lim-2

itations of automated metrics. However, flawed3

methodologies and poor user interface (UI) de-4

sign can compromise the validity and reliability5

of such evaluations. This pre-registered study in-6

vestigates usability challenges and proposes solu-7

tions for UI design in evaluating LLM-generated8

texts. By comparing common evaluation meth-9

ods such as Direct Quality Estimation, AB-Testing,10

Agreement with Quality Criterion and Best-Worst11

Scaling, insights were gained into user experience12

challenges, including inefficient information trans-13

fer and poor visibility of evaluation materials. It-14

erative redesigns improved discoverability, acces-15

sibility, and user interaction through modifications16

of page layout and content presentation. Testing17

these enhancements revealed increased clarity and18

usability, with higher response rates and more con-19

sistent ratings. This work highlights the impor-20

tance of UI design in enabling reliable and mean-21

ingful human evaluation, providing actionable rec-22

ommendations to enhance the integrity and usabil-23

ity of NLP evaluation frameworks.24

1 Introduction25

Human evaluations are considered the gold standard in eval-26

uating natural language processing (NLP) systems [van der27

Lee et al., 2019; Belz et al., 2020; Ruan et al., 2024]. As28

van der Lee et al. [2019] highlight in a review of NLP liter-29

ature, automatic metrics are uninterpretable. In addition, au-30

tomatic metrics do not correlate with human evaluations [Liu31

et al., 2016]. Moreover, issues such as data leaks of bench-32

marks into training data of language models necessitate the33

use of human evaluations to ensure the integrity and authen-34

ticity of evaluation results [Xu et al., 2024].35

At the same time, flaws and confusion are common when36

conducting human evaluations of NLP systems [Howcroft et37

al., 2020; Thomson et al., 2024]. Such flaws and confusion38

can reduce reproducibility, validity and reliability of human39

experiments. In fact, Thomson et al. [2024] emphasize the40

importance of a user-friendly interface to reduce errors in re- 41

sponse collection. A poorly designed interface can increase 42

cognitive load for evaluators, who may struggle to find in- 43

formation relevant for evaluation, understand and operate the 44

interface correctly and – in addition – evaluate NLP system 45

outputs [Thomson et al., 2024]. Moreover, lack of clarity and 46

inconsistency in terminology of quality criteria, and their def- 47

initions [Belz et al., 2020; Howcroft et al., 2020], as well as 48

guidelines for evaluators [Ruan et al., 2024] are known us- 49

ability issues when conducting evaluations of NLP systems 50

with humans. Thus, the question arises how to design user in- 51

terfaces (UI) and provide a good user experience (UX) when 52

evaluating NLP systems like large language models with hu- 53

mans. Our research questions are thus: 54

• What are UX challenges within the task of LLM output 55

evaluation? 56

• How might pain points of evaluators be addressed? 57

In this work, we focus on evaluation of Large Language 58

Models (LLM), which are part of the field of Natural Lan- 59

guage Generation (NLG). NLG is a subset of NLP and we 60

predominantly mention NLP, except when citing papers that 61

specifically refer to NLG. 62

2 Methods 63

2.1 Study Design 64

We chose six widely used evaluation methods in the field of 65

natural language generation (NLG) [Howcroft et al., 2020] 66

in order to gain broad insights into UI issues during evalua- 67

tion of NLP systems that are common across methods. Popp 68

et al. [2025] provides a detailed overview of evaluation re- 69

sults obtained with the various methods and compares them 70

in terms of validity and efficiency. The chosen methods in- 71

clude both quantitative (4 methods) and qualitative (2 meth- 72

ods) approaches. 73

We chose the following quantitative methods: 74

• Direct Quality Estimation (DQE), 75

• Best-Worst Scaling (BWS), 76

• AB-Testing (AB), 77

• Agreement with Quality Criterion (AQC). 78



Figure 1: Study design for our multi-method comparison of human evaluation methods.

We used the following qualitative methods as a means to79

gain qualitative insights about issues of the UI that was im-80

plemented to apply the quantitative methods:81

• Spoken qualitative feedback, i.e. interviews,82

• Written qualitative feedback, i.e. open-text fields.83

Since our research questions focus on the visual interface84

used for evaluation tasks, we compared two versions of an85

evaluation UI. Figure 1 illustrates the study design. We gath-86

ered insights on UI issues from four methods in Study 1,87

which allows us to present patterns of UI issues across meth-88

ods here (cf. 3.1). Implementing and testing redesigns for all89

methods would have exceeded the scope of this study. Thus,90

we picked one method, namely DQE, to redesign in Study91

2. Notably, DQE is described as most efficient of the tested92

methods in Popp et al. [2025]. Comparing Figure D and Fig-93

ure 3 provides a before and after view of the UI design of94

evaluation pages for DQE. The DQE design of Study 1 was95

revised (cf. 2.4), following an iterative design process in ac-96

cordance with the principles of the User Centered Design Pro-97

cess (UCDP, 9241-210:2020-03 [2020]).98

We simulate evaluation of a Retriever Augmented Gener-99

ation (RAG) system [Gupta et al., 2024; Wu et al., 2024],100

specifically a Virtual Workplace Assistant (VWA). We used101

a text excerpt from our organization’s intranet as context for102

the selected LLMs, mimicking a RAG system. The chosen103

evaluation task, dialogue turn generation, is the second most104

common NLG task according to Howcroft et al. [2020]. De-105

tailed information about the generation of evaluation texts as106

well as selection criteria for participants (language aptitude)107

is provided in Popp et al. [2025].108

We selected four LLMs for text generation based on their109

mean win rates from the HELM (Classic) [Liang et al., 2023]110

leaderboard, retrieved on March 7, 2024, namely GPT-4,111

Llama-2-70B, Mistral-7B-v0.1 and Luminous Base (13B).112

The HELM leaderboard served as a predictor of overall text113

generation quality. To ensure a diverse evaluation, we in-114

cluded the highest and lowest-ranked LLMs, along with two115

mid-range models.116

We selected honesty [Gao et al., 2024; Yang et al., 2024] 117

and comprehensibility as the two key constructs for evaluat- 118

ing LLM-generated texts. These constructs were chosen for 119

their relevance to human NLP evaluation and their distinct na- 120

ture, which captures different aspects of quality [Howcroft et 121

al., 2020; Belz et al., 2020; Belz and Thomson, 2024]. Since 122

no standard definitions exist for “honesty” and “comprehen- 123

sibility”, we consider them to consist of multiple quality cri- 124

teria (QC). Accordingly, we identified four QC for each con- 125

struct, as shown in Appendix A. 126

2.2 Data Collection 127

We conducted parts of the data collection using LimeSurvey, 128

an open-source software hosted on a server of the research in- 129

stitution. We chose LimeSurvey for its flexibility in allowing 130

custom adaptations through PHP and JavaScript. Our team 131

developed separate questionnaires for each evaluation method 132

– AB, BWS, DQE, and AQC – through an iterative process, 133

conducting multiple rounds of testing. Participants’ English 134

proficiency was assessed as described in Popp et al. [2025], 135

and those who met the required level were randomly assigned 136

to one of the methods. 137

Before beginning the survey, participants had to provide 138

consent to a data declaration. They were then presented with 139

a disclaimer explaining that the quality of the selected texts 140

might not align with their expectations. This clarification was 141

included to prevent confusion, which was observed during 142

internal testing. 143

Prior to the task instruction, each evaluation page con- 144

tained background information about the context and the 145

question used for prompting the LLM (Figure 2). 146

The task instruction and the presentation of the generated 147

texts differed based on the evaluation method: 148

• BWS followed an incomplete block design, featuring 149

four texts per block and a total of 14 blocks for both 150

honesty and comprehensibility. 151

• AB used pairwise comparisons, where each text was 152

compared against every other, resulting in 28 unique 153



In this study, we generated texts with different large language models based on the original text with the question ”Why are
listening tests conducted?”.

Original Text: Listening Tests As part of our user research activities, we conduct listening tests or provide support in this area.
Listening tests are specifically designed to evaluate audio quality, e.g., for new audio technologies or an updated version. Clicking
on this box will direct you to the listening test sub-page where you can find more detailed information about the different tests,
requirements, and how to reach us if you want to conduct a listening test.

Figure 2: Additional information for evaluators about the method used for LLM-prompting.

combinations evaluated across all metrics.154

• DQE and AQC evaluated each individual text across all155

10 metrics.156

To minimize order bias, the sequence of texts and qual-157

ity criteria was randomized. This included between-subject158

randomization, as each text (or text combination for AB and159

BWS) was shown only once per participant, and within-160

subject randomization, as all texts were evaluated using the161

same quality criteria, but their order varied across evalua-162

tion pages for each participant. For certain matrix formats163

such as the one used for AQC, LimeSurvey did not support164

randomizing quality criteria within an evaluation. In this165

case texts were assessed using the same criterion order per166

evaluator. However, criterion order was randomized across167

evaluators. Responding to evaluation questions was manda-168

tory, while each page included an optional open-text field for169

participants to provide feedback on the survey design, their170

decision-making process, or any other comments. Demo-171

graphic data were gathered at the end of the survey, and par-172

ticipant responses were anonymized using a unique partici-173

pant code to link interview data with survey results.174

A total of 20 participants participated in Study 1, with five175

individuals assigned to each evaluation method. It’s worth176

noting that five participants is common practice in usability177

studies, when identifying UX challenges, as the maximum178

benefit/cost ratio lies at four participants [Nielsen and Lan-179

dauer, 1993]. The assessment was conducted in designated180

office spaces under our supervision, allowing us to promptly181

address any questions participants had about the methodol-182

ogy or technical terms. Participants used an HP EliteBook183

14-inch laptop connected to a 55-inch screen, which enabled184

us to observe them complete the task. Additionally, we con-185

ducted semi-structured interviews to gather qualitative in-186

sights, focusing on which UX challenges participants encoun-187

tered while navigating and processing the survey. Popp et al.188

[2025] includes a complete set of interview questions for user189

experience investigation.190

2.3 Data Analysis191

After the interviews were transcribed, we analyzed the tran-192

scripts using thematic analysis [Braun and Clarke, 2006].193

We applied a combination of inductive and deductive coding194

based on our research question: ”What are UX challenges195

within the task of LLM output evaluation?”. Usability and196

user sentiment were established as the primary code cate-197

gories, which were further divided into subcategories derived198

directly from the data (Appendix B). The data-driven codes 199

were refined and grouped to identify key themes that cap- 200

tured participants’ interactions with and perceptions of the 201

provided UI, highlighting the UX challenges they encoun- 202

tered. 203

2.4 Survey UI Redesign Process 204

Based on the UX challenges identified through qualitative 205

analysis, we formulated “How might we” questions (Table 1), 206

which concretize our second research question “How might 207

pain points of evaluators be addressed?”. HMW questions 208

are a design thinking technique, reframing UX challenges 209

into open-ended questions that encourage creative solutions, 210

while always focusing on the original problem [Siemon et 211

al., 2018]. In multidisciplinary teams, we generated potential 212

solutions and further refined and prioritized those in expert 213

discussions. We conducted best practice research to explore 214

topics like text readability [Nanavati and Bias, 2005], cogni- 215

tive overload in choice situations [Iyengar and Lepper, 2001] 216

and answer scale design [Menold, 2017]. We used the results 217

to derive concrete design decisions for a new survey UI, and 218

specified UX metrics to measure its effects on the associated 219

UX challenges. 220

2.5 Second Study 221

In Study 2, we replicated a part of Study 1 to test the value of 222

the survey redesign. Therefore, we decided to collect both 223

written and spoken qualitative feedback from five subjects 224

who didn’t participate in the first Study. There three out of 225

five participants were native English speakers, with an aver- 226

age age of 31. Similarly, in Study 2, three out of five partici- 227

pants were native English speakers, with an average age of 34. 228

To keep task conditions as constant as possible, participants 229

were asked to assess the evaluation content from Study 1. We 230

selected DQE as evaluation method, because the UI used for 231

DQE in Study 1 represented all UX challenges that we ob- 232

served across experimental groups. We gathered additional 233

post-evaluation feedback through a questionnaire that specifi- 234

cally addressed the UX and UI aspects of the study (Appendix 235

C). To explore the effects of the redesign, we connected the 236

findings to our UX metrics and compared metrics between 237

Study 2 and the DQE group from Study 1. Furthermore, we 238

calculated the intraclass correlation coefficient (ICC) for each 239

group (DQE group from Study 1, Study 2) to compare the rat- 240

ing consistency between the two design conditions [Shoukri, 241

2004]. Additionally we calculated the mean differences in the 242

ratings and the differences between raters. 243



3 Results244

3.1 UX Challenges of First Study245

The first cluster of UX challenges is related to the inefficient246

information transfer, including task instructions and defini-247

tions of quality criteria. Evaluators reported challenges in248

understanding abstract evaluation criteria, such as honesty.249

Although definitions were provided, they were often ignored,250

overlooked, or not located. We observed that a majority of251

participants struggled to discover the task instructions and252

the definitions for the specific quality criteria. During the253

interviews five participants expressed issues with the acces-254

sibility or discoverability of relevant information within the255

instruction header or tooltips. Participants who did not inde-256

pendently use the definition pop-ups at first were only able to257

locate the definitions after the experimenter provided verbal258

instructions.259

To view the definitions, participants needed to hover over260

an information (i) icon, which triggered a small definition261

tooltip to appear. However, this interaction proved difficult262

for two reasons: a delay in the hover effect caused many par-263

ticipants to miss the hovering initially, and attempts to access264

the definition by clicking on the (i) icon instead led to the265

system jumping to the top of the page rather than displaying266

the tooltip. This indicates that the hover interaction was not267

intuitive and likely to lead to incorrect clicking behavior that268

would fail to achieve the intended outcome.269

Another feature that was not discovered or used widely are270

the integrated open-text fields. Participants gave written feed-271

back irregularly, often only after we reminded them that they272

could document the thoughts they were sharing with us ver-273

bally. The open-text field was used a total 66 times, which is274

18,3% of all open-text fields that were provided to all partici-275

pants across methods.276

The second cluster of UX challenges concerns the format-277

ting and layout of the evaluation material and evaluation ques-278

tions. We observed that in AB and DQE participants had to279

scroll up and down repeatedly if they wanted to consult the280

evaluation material for each evaluation question. In contrast,281

AQC and BWS had shorter page lengths because all evalua-282

tion questions were presented together in a single large ma-283

trix, rather than being listed individually for each question.284

Scrolling was mentioned as a concern in 70% of interviews285

with AB and DQE participants. Specifically, all participants286

who completed the DQE method expressed frustration with287

the layout and the need to scroll. They suggested that this288

issue could be resolved by keeping the evaluation material289

constantly visible through a fixed positioning.290

Furthermore, three participants raised concerns about the291

readability related to font size and line length. A contribut-292

ing factor for these sentiments were age or individual prefer-293

ences.294

3.2 Redesign of Evaluation UI295

We based the redesign on two HMW questions (Table 1) that296

are associated with the UX challenges we identified before.297

From all generated solutions, we integrated the following298

ideas into the redesigned UI (Figure 3) to be used in Study 2:299

300

• Introductory page (HMW 1): We added an introduc- 301

tory page that details task instructions and provides 302

background information as well as an explanation of 303

question-answering prompting for participants who are 304

not familiar with the concept. The introductory page 305

also includes a mock-up of the evaluation material and a 306

list that groups and defines the ten evaluation metrics. 307

• Evaluation criteria fold-outs (HMW 1): We replaced 308

the tooltips with fold-out definitions for each criterion. 309

To provide an additional signifier and potentially nudge 310

the click interaction that opens the definition, we styled 311

evaluation criteria according to text links conventions 312

(underline, blue). 313

• Specify open-text field instruction (HMW 1): We nar- 314

rowed down the instruction to only elaboration of the 315

decision-making process. The rest of the former instruc- 316

tion was moved into a post-evaluation questionnaire. 317

• Efficient evaluation page layout (HMW 2): We placed 318

text containers, showing the original and the generated 319

text, next to each other and embedded them into a sticky 320

container, overlaying the page content in case of ver- 321

tical scrolling. Furthermore, we integrated all answer 322

scales for the different quality criteria into one, more 323

condensed matrix. We reduced page length to around 324

50% of the page length in the first survey design with 325

the aim of reducing the time per page. 326

• Consistent rating scale labeling (HMW 2): With the new 327

all-in-one matrix, we had to change the rating scale la- 328

bels from Study 1 (Appendix D), which used individual 329

labels for each quality criterion. We converted the rating 330

scales into a 5-point Likert-type agreement scale that is 331

consistent across all quality criteria, and verbally labeled 332

all answer categories. 333

• Accessible text presentation (HMW 2): To improve the 334

text presentation for the text items used in our studies, 335

we chose a maximum width of 60 characters for the orig- 336

inal and generated text. 337

3.3 Redesign effects 338

With one exception, all participants read the added introduc- 339

tory page very thoroughly. All participants mentioned in the 340

post-evaluation questionnaire that the overall task was easy to 341

understand. 3 out of 5 participants intuitively used the fold- 342

out definitions to confirm their interpretation of the different 343

evaluation criteria before giving a rating. However, 2 par- 344

ticipants still struggled with discovering the definitions. We 345

did not collect any negative feedback about the accessibility, 346

readability and visibility of evaluation material. One partic- 347

ipant, however, had difficulties in detecting the intended an- 348

swer option when the answer scale was scrolled out of the 349

visible area. 350

Participants took on average 16 minutes longer to complete 351

evaluation section of the survey, despite the condensed lay- 352

out of the evaluation pages (Table 2). The completion times 353

varied strongly among participants. While some participants 354

skipped over the instructions and additional questions, others 355



HMW question Measured by...

1. How might we encourage and enable evaluators to discover
and process relevant instructions and definitions?

• Time on page: Introduction

• Task understanding (qualitative feedback)

• Discovery rate for evaluation criteria

• Usage rate for open-text field

2. How might we minimize the cognitive effort needed for read-
ing, comparing and evaluating sample texts?

• Time per page: Evaluation pages

• Accessibility of evaluation page content (qualitative feed-
back)

• Text readability (qualitative feedback)

Table 1: HMW questions and specified UX metrics for measuring redesign effects.

Figure 3: Redesigned UI for DQE evaluation, displaying evaluation material in a sticky container (1), a verbally labelled 5-point-Likert scale
(2), evaluation criteria with fold-out definitions (3) and a precise open-text field instruction (4).

spent more time thoroughly reading and answering all ques-356

tions, including optional written feedback. Most of the addi-357

tional time was dedicated to elaborating on decision-making358

in open-text responses. We saw a 130% increase in the re-359

sponse rate of written feedback, following the implementa-360

tion of more concise and call-to-action wording in the written361

feedback prompt. In Study 2, participants wrote an average362

of 177 words—more than three times the average of 52 words363

recorded in Study 1. We have summarized the results with our 364

subjective categorization of the redesign effect in Table 3. 365

The inter-rater reliability in Study 1 (ICCTotal = 0.965; 366

[95%-CL:-0.18, 0.26], p ¡ 0.05) was lower than in Study 2 367

(ICCTotal = 0.975; [95%-CL:-0.18, 0.26], p ¡ 0.05). Eval- 368

uators selected the middle rating ‘3’ more often in Study 1 369

(59 times) than in Study 2 (33 times), indicating a decrease in 370

central tendency after the redesign. 371



Evaluation page Study 1 Study 2

GPT-4 Best 2:28 (0:52) 3:46 (2:13)

GPT-4 Worst 4:15 (1:29) 7:40 (6:56)

LLaMa-2-70B Best 2:59 (2:49) 5:25 (3:49)

LLaMa-2-70B Worst 3:27 (1:03) 4:37 (2:19)

Mistral-7B-v0.1 Best 2:47 (1:42) 6:18 (6:02)

Mistral-7B-v0.1 Worst 1:16 (0:36) 3:01 (2:07)

Luminous Base (13B)Best 2:59 (1:49) 3:50 (3:01)

Luminous Base (13B)Worst 2:13 (1:02) 1:29 (0:46)

Total 20:64 (5:02) 36:05 (15:20)

Table 2: Comparison of Study 1 and Study 2 mean times in minutes
and seconds mm:ss with the standard deviation in brackets.

UX metric Redesign effect
Task understanding mixed

Discovery and usage of evaluation
criteria

mixed

Accessibility of evaluation material
and rating questions

positive

Text readability positive

Usage of open-text field positive

Time on page (introduction) longer

Time on page (evaluation pages) longer

Table 3: Comparison of UX metrics from Study 1 and Study 2.

4 Discussion372

To our knowledge, this is the first study to focus on UI design373

of evaluation interfaces for NLP systems, like LLM. While374

other studies have highlighted that poor UI design can com-375

promise accurate evaluation of NLP [Thomson et al., 2024],376

we expanded on this theme in two successive studies by iden-377

tifying common UI issues of NLP evaluation interfaces across378

methods (Study 1), redesigning an evaluation UI based on379

these insights and evaluating effects of the redesign (Study 2).380

For evaluating the redesign, we utilized insights from Study381

1 to define UX metrics that measure common UI issues and382

their effects. We found that our redesign positively affected383

accessibility, readability, open-text commenting, and reading384

of instructions. Results on task understanding and discovery385

of evaluation criteria are mixed, which suggests that there is386

room for design optimization.387

Interestingly, we found that participants in Study 2 spent388

on average 16 minutes longer on the evaluation task (Table389

2). We observed that the main reasons for evaluators taking390

longer in Study 2 was that they took more time engaging with391

the quality criteria definitions and completing the open-text392

fields more often, which takes time writing. Notably, while393

there was more content on the redesigned introduction page394

(Study 2), there was no more instructional content on the eval-395

uation pages, which suggests that the difference in reading396

time can not exclusively be attributed to having to read more 397

content, but instead may suggest that evaluators took more 398

time thinking about the instructions and their implications for 399

evaluation. If this interpretation of the increase in evaluation 400

time is correct, the redesign might have prompted evaluators 401

to think slowly [Kahneman, 2011], which is associated with 402

increased accuracy in complex tasks. Having participants 403

spending more time on a task may be considered undesirable, 404

unless it comes with a notable increase in quality. Participants 405

reported positive user experiences in Study 2, and had less us- 406

ability issues than in Study 1. Notably, results on inter-rater 407

reliability support that the redesign increased accuracy since 408

inter-rater reliability improved in Study 2 (ICCTotal = 0.975) 409

compared to Study 1 (ICCTotal = 0.965), suggesting better 410

overall consistency. Additionally, we observed that evalua- 411

tors chose the central rating of ‘3’ (on a 5-point scale) almost 412

twice as often before (59 times) than after the redesign (33 413

times). This suggests that central tendency bias is reduced 414

by the redesign. This observation is in line with Lawson et 415

al. [2020], who show that slow thinking can reduce decision 416

biases like central tendency and increased accuracy. 417

Given claims like AI-models performing on PhD-level 418

[Franzen, 2024] or AI superintelligence being within reach 419

[Al-Sibai, 2024], mixed with insecurities about the validity 420

and meaningfulness of AI benchmarks [van der Lee et al., 421

2019; Liu et al., 2016; Xu et al., 2024] and the inaccuracy 422

of results reported by companies [Lafuente, 2024] evaluation 423

seems to fall into the category of complex tasks that profit 424

from slow, deliberate and effortful reasoning. Increased ac- 425

curacy of evaluation promises societal benefits for assessing 426

claims about AI performance. Our study is a starting point, 427

however additional studies with larger number of participants 428

are needed to validate our hypothesis of improved evaluation 429

quality through iterative UI design. 430
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A Appendix: Quality Criteria552

Honesty Comprehensibility
Correctness Fluency
Context adherence Non-redundancy
Relevancy Understandability
Completeness Readability

Table 4: This table shows the metrics used in our present study.
We assume a hierarchical structure of the metrics, with honesty and
comprehensibility being the overarching constructs that encompass
the listed sub-constructs.

The definitions of the quality criteria for honesty and com-553

prehensibility are described in Popp et al. [2025].554

B Taxonomy of Qualitative Data Analysis555

1. Usability556

(a) Definition dicoverability: Includes challenges users557

face in locating the definitions within the interface.558

(b) Fixed text positioning: Participants prefer text el-559

ements to remain visible while scrolling for easier560

access.561

(c) Hover interaction: Challenges with the hover inter-562

action of definition tooltips.563

(d) Instruction presentation: Comments on discover-564

ability and information richness of provided in-565

structions.566

(e) Introductory page: Importance of accessible and567

understandable introductory page.568

(f) Metrics presentation: Improving the clarity and or-569

ganization of metrics presentation.570

(g) Navigation: User experiences and preferences re-571

lated to navigating the interface.572

(h) Placement of generated text/ layout: This focuses573

on how generated text is displayed in relation to574

original text.575

(i) Readability: Concerns about text size and layout576

affecting reading comfort.577

2. User Sentiment578

(a) Approach: This encompasses various methods and579

strategies participants employ to evaluate and com-580

pare texts.581

(b) Assumption: This reflects participants’ precon-582

ceived notions and expectations about features or583

outcomes.584

(c) Confusion: Participants expressed uncertainty and585

misunderstanding regarding features of the study.586

(d) Content: Participants express satisfaction with the587

contents or navigation of the interface.588

(e) Curiosity: This reflects a desire for deeper under-589

standing and exploration of information.590

(f) Dislikes: Participants expressed dissatisfaction591

with various features.592

(g) Doubt: Participants express uncertainty and skepti-593

cism regarding the evaluation process.594

(h) Likes: Participants express positive sentiments 595

about features of the study. 596

(i) Struggle: Participants experience challenges either 597

in terms of understanding the methodology or in 598

regards to UI aspects. 599

(j) Surprise: Participants expressed astonishment at 600

the quality of generated texts. 601

(k) Wishes: This reflects participants’ desires for im- 602

provements in their experience. 603

C Appendix: Post-Evaluation Questionnaire 604

Statements rated on a 5-point agreement scale: 605

1. General Usability 606

(a) I think that I would need the support of a technical 607

person to be able to complete the survey. 608

(b) I found the overall task easy to master. 609

(c) I found it easy to complete the survey. 610

(d) I found it easy to navigate through the survey. 611

(e) I found it easy to understand the survey. 612

2. Navigation 613

(a) There was sufficient guidance or instructions on 614

how to complete each section of the survey. 615

(b) The survey navigation was intuitive and easy to fol- 616

low. 617

(c) Overall, I am satisfied with the support information 618

when completing the tasks. 619

3. Clarity of Questions and Response Options 620

(a) The answer options were appropriately formatted 621

for the questions. 622

(b) It was easy/intuitive to find the word definitions. 623

(c) It was easy to choose an appropriate response. 624

(d) The questions were clearly worded and understand- 625

able. 626

4. Visual Design and Layout 627

(a) The color contrast was comfortable to read. 628

(b) The visual design helped you stay focused on the 629

questions. 630

(c) Overall, I liked the survey design and layout. 631

(d) The font size was easy to read. 632



D Appendix: Evaluation Page UI Study 1 633

Figure 4: Evaluation page UI for DQE of Study 1.
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