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Abstract

We present an interdisciplinary approach to cre-001
ating a dataset on a highly subjective text an-002
notation task. The task thus requires explicit003
insight into broader human annotator perspec-004
tives and perceptions, and conscious curation005
of what will be annotated. In this, with strong006
inspiration from best practices in the social sci-007
ences, we add to emerging and increasing calls008
for greater accountability with regard to data009
and its quality. For our task, we choose the010
annotation of perceived human values in song011
lyrics. Drawing from a representative US pop-012
ulation sample, we present our strategy to se-013
lect song lyrics to be annotated, estimate the014
amount of annotators needed, and assess data015
quality. Based on this, we obtain a dataset of016
360 richly annotated song lyrics. We substanti-017
ate the benefit of having more annotators, and018
show how annotations show promising consis-019
tency with earlier insights on personal value020
proximity from a validated cross-cultural instru-021
ment study. Finally, we give a first illustration022
of how our data can be employed in connection023
to applied machine learning approaches.024

1 Introduction025

With growing interest in AI and the rising popular-026

ity of Large Language Models, AI advances appear027

to push for larger datasets to train models, which028

ideally need few human annotations. At the same029

time, language is a cultural phenomenon, in which030

human interpretation plays a key role in transmis-031

sion and understanding.032

In broader situations in which applied machine033

learning techniques may automate and scale up ac-034

tions that formerly relied on human perception and035

judgement, the question of what makes for good036

data and ‘ground truth’ to depart from has been less037

articulated and appreciated than the promise of gen-038

eralizability and scalability by the applied machine039

learning techniques (Birhane et al., 2022; Sambasi-040

van et al., 2021). However, calls for data-centric AI041

have recently been emerging1, and recognition that 042

human annotator disagreement can be a meaning- 043

ful signal, rather than noise suggesting unreliable 044

annotation is increasing (Aroyo and Welty, 2015). 045

Furthermore, awareness is rising on the need for 046

more explicit data documentation, mostly from the 047

perspective of higher accountability on responsible 048

data handling and reporting, and out of concern 049

for potential societally harmful consequences of 050

irresponsible practice (Gebru et al., 2021; Mitchell 051

et al., 2019; Geiger et al., 2020). Efforts to more 052

strongly institutionalize responsible practice also 053

are visible in the *ACL communities (Rogers et al., 054

2021), where the completion of a Responsible NLP 055

Checklist presently has become a mandatory ele- 056

ment of manuscript submissions. 057

Computational researchers historically may not 058

have been trained to be aware of data quality consid- 059

erations. As such, standardized checklists, forms 060

and best practice ‘rules of thumb’ help lowering 061

the threshold to report and discuss these. At the 062

same time, a simple rule of thumb may not stimu- 063

late critical reflection on current common practice. 064

For example, as for the question, “How many an- 065

notators would be needed for NLP corpus ground 066

truth?”, a well-cited book on natural language an- 067

notation for machine learning (Pustejovsky and 068

Stubbs, 2013) suggests to “have your corpus anno- 069

tated by at least two people (more is preferable, but 070

not always practical)” before being ready to move 071

on to gold standard data. This is a remarkably low 072

number, without clear substantiation of whether 073

this indeed would be sufficient. 074

Beyond the computational domain, other do- 075

mains and disciplines have (typically for a much 076

longer time than the computational domain) been 077

building expertise on how to properly curate for 078

data, and capture aspects of the data that may 079

not trivially be measurable. For example, both 080

1see https://datacentricai.org/
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in archives and museums, long-standing traditions081

of purposeful and well-documented curation ex-082

ist (Jo and Gebru, 2020; Huang and Liem, 2022).083

Furthermore, in the quantitative social sciences,084

well-established best practices exist for situations085

in which constructs, i.e., phenomena that cannot086

directly physically be measured, are to be quan-087

tified in valid and reliable ways, based on hu-088

man responses. For this, the discipline of psycho-089

metrics (Furr and Bacharach, 2014) is taught as090

an entry-level course to students in psychology,091

whereas long-standing expertise from survey sci-092

ence (Groves et al., 2009) can further assess in093

robust sampling, and designing for robust human094

responses. While this expertise has been referred to095

in several works targeting computationally oriented096

research communities (Welty et al., 2019; Jacobs097

and Wallach, 2021; Kern et al., 2023), to the best098

of our knowledge, institutionalized methodological099

uptake of the expertise remains rare.100

The current paper resulted from work in an in-101

terdisciplinary team, including members with dis-102

ciplinary backgrounds in the computational and103

social sciences. Departing from an interest in de-104

veloping well-substantiated ground-truthing pro-105

cedures for (highly) subjective annotation tasks,106

we describe the creation of a dataset with annota-107

tions of perceived human values in song lyrics. We108

approach this task in a way that social scientists109

would: we increase the odds of obtaining valid and110

reliable measurements by being purposeful about111

strata in data sampling, gaining annotations from a112

representative human population sample, explicitly113

investigating the impact of higher numbers of an-114

notations per item, and relying on evidence-backed115

theory, in the sense that phenomena to be studied116

were shown in earlier literature to have scientific117

and general validity, and our results can be related118

to earlier established results.119

2 Background120

2.1 Perspectivist Ground Truthing121

Automated systems often rely on manually anno-122

tated reference data for training and evaluation.123

Multiple labels from multiple annotators are gath-124

ered for reasons associated with the annotators125

themselves, e.g. a lack of trust in crowdsourcing126

or annotations from non-experts, or because there127

is an expectation that people will vary in their re-128

sponses to the phenomenon of interest (Cabitza129

et al., 2023; Basile et al., 2020). These annotations130

are then aggregated to produce a single label that 131

is used to train and / or evaluate systems, as it is 132

often incumbent on automated systems to produce 133

a singular response. 134

Thus, most problems are treated as ‘classifica- 135

tion’ problems. Variance occurring in the reported 136

annotations is removed, usually by taking the la- 137

bel chosen most often by the annotators. Although 138

the sources that give rise to the variance observed 139

in the data may legitimately vary (as is possible 140

even in ‘objective’ problems where annotators are 141

medical experts (Kompa et al., 2021)), variance is 142

often treated as an error even when a case can be 143

made that there are indeed multiple ways to inter- 144

pret the phenomenon of interest (Aroyo and Welty, 145

2015), e.g., when different groups of annotators 146

reliably label media differently (Prabhakaran et al., 147

2023; Homan et al., 2022), or when the task itself 148

is ambiguous (Artstein and Poesio, 2008). 149

A growing movement in the field of ground- 150

truthing has taken to viewing this variation in some 151

instances as being a necessary part of the phe- 152

nomenon of interest2. More specifically, it is ar- 153

gued that the annotation projects occur on a contin- 154

uum: on one end are objective phenomena whose 155

interpretation is not expected to vary based on the 156

perspective of the annotator, and on the other are 157

phenomena where it is indeed expected to vary 158

based on the lived experience, feelings etc. of the 159

annotator (Cabitza et al., 2023). In some instances, 160

the expectation is that there will be multiple valid 161

labels for an item, that will systematically vary 162

based on the social group of the person who is 163

labelling it e.g. (Prabhakaran et al., 2023). 164

Although determining the degree of subjectivity 165

of a task is a challenge, and research is ongoing in 166

terms of appropriate methods and metrics to extract, 167

the Perspectivist approach advocates creating and 168

reporting disaggregated data to allow for a continu- 169

ous update as to knowledge on the dataset (Liem 170

and Demetriou, 2023). 171

2.2 Human values 172

Basic human values can be used to describe peo- 173

ple or groups: social science theory suggests that 174

each person uses a hierarchical list of values as 175

life-guiding principles (Rokeach, 1973). Most 176

widely used in social and cultural psychology is 177

the Schwartz theory, whose formal definition is 178

that values "(1) are concepts or beliefs, (2) pertain 179

2Sometimes referred to as the Perspectivist manifesto.
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Figure 1: Visualization of the Schwartz 10-value inven-
tory from (Schwartz, 1992) used in this paper, such that
more abstract values of Conservation, vs. Openness to
Change, and Self-transcendence vs. Self-enhancement
form 4 higher-order abstract values. Illustration adapted
from (Maio, 2010).

to desirable end states or behaviors, (3) transcend180

specific situations, (4) guide selection or evalua-181

tion of behavior and events, and (5) are ordered182

by relative importance" (Schwartz, 1992). Broadly183

speaking, values are abstract desirable goals that184

guide and motivate actions towards them across185

contexts (Sagiv and Schwartz, 2022).186

The modern study of human values spans over187

500 samples in nearly 100 countries over the past188

30 years, and has shown a relatively stable struc-189

ture (Sagiv and Schwartz, 2022), as illustrated in190

Figure 1. This has been observed across cultures in191

terms of the specific values present, and which val-192

ues are prioritized together. Obtained scores across193

cultures also correlate with a broad range of impact-194

ful phenomena: e.g., cultures that value conserva-195

tion and conforming to authority tend towards reli-196

giosity and away from openness and self-direction,197

altruistic behavior correlates with self-transcendent198

values like benevolence and universalism where199

competitiveness and unethical behavior correlate200

with self-enhancement goals like achievement and201

power, and right-wing political ideology correlates202

with tradition, conformity and security, where uni-203

versalism values better predict left-wing ideology204

(Sagiv and Schwartz, 2022).205

As such, the structure can be used to understand206

what individuals use to guide their actions, but207

also what entire populations prioritize when repre-208

sentative samples are aggregated. In addition, the 209

relative stability of the structure allows for a conve- 210

nient method to estimate the reliability and validity 211

of measurements in novel contexts: these should, 212

in principle, show similar structure. 213

2.3 Human Values in Text 214

Schwartz suggests that we communicate our val- 215

ues in order to gain cooperation and coordinate our 216

efforts (Schwartz, 1992). As such, this communi- 217

cation will likely manifest in the form of words 218

in speech and text (Boyd and Pennebaker, 2017). 219

A vast amount of text and speech is produced and 220

consumed: every minute in 2022 an estimated 1 221

million hours of content were streamed, and over 222

350,000 tweets were shared 3. Thus, studying val- 223

ues perceived in text both is relevant from a social 224

sciences perspective (in order to understand behav- 225

iors and priorities of diverse groups of people), and 226

from a computational perspective (given how much 227

text is available). 228

Although some work estimating the values of 229

the authors of text has been conducted, work on 230

how values in text are perceived is lacking: novel 231

attempts have been made to measure the values of 232

individuals who have written personal essays and 233

social media posts e.g. (Maheshwari et al., 2017; 234

Ponizovskiy et al., 2020), and in arguments ab- 235

stracted from various forms of public facing text 236

(Kiesel et al., 2022). However, we have not ob- 237

served work on how to measure values perceived in 238

text, nor work that treats the estimated values in text 239

as a hierarchical list, in line with theory (Rokeach, 240

1973). Further, how language is perceived may 241

vary substantially depending on what group is per- 242

ceiving it: e.g. perceptions have been shown to 243

vary widely by group in terms of what language is 244

harmful (Solaiman et al., 2023; Prabhakaran et al., 245

2023), and how emotions are described even when 246

there is a common structure (Jackson et al., 2019). 247

2.4 Music Lyrics 248

Music listening is an extremely popular activity. 249

Over 616 million people subscribe to streaming 250

services worldwide4, and out of the music indus- 251

try’s reported 31.2 billion USD5 revenue, more 252

3https://web-assets.domo.com/miyagi/images/product/
product-feature-22-data-never-sleeps-10.png

4https://www.musicbusinessworldwide.com/files/2022/
12/f23d5bc086957241e6177f054507e67b.png

5https://midiaresearch.com/blog/
recorded-music-market-2022-reality-bites
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than 17 billion comes from music streaming6. Out253

of over 1400 number-1 singles in the UK charts,254

only 30 were instrumental7. Lyrics were shown to255

be a salient component of music (Demetriou et al.,256

2018), and thus are likely to be a widely consumed257

form of text of importance to a broad audience.258

As reported in Appendix A.1, the responses of our259

annotation participants, who were drawn from a260

representative sample of the US population, quan-261

titatively confirm the prevalence and importance262

of lyrics to them as music listeners, while lyrics at263

the same time indeed are a good data source for264

soliciting subjective judgements.265

Although the relationship of values within the266

context of contemporary music remains relatively267

understudied, an interview study showed partici-268

pant confirmation that personal values indeed play269

a role in people’s music preferences (Manolios270

et al., 2019). In addition, (Gardikiotis and Baltzis,271

2012) showed correlations between higher order272

value scores derived from the Schwartz Value Sur-273

vey (Schwartz, 1992) and a dimension-reduced set274

of musical preference scores. Although their model275

explained only a small portion of the variance,276

(Preniqi et al., 2022) showed correlations between277

participants’ self-reported moral values, and moral278

values estimated from the lyrical content of artists279

whose Facebook pages participants had liked.280

3 Primary Lyric Data281

Our aim is to collect a sample of lyric data where282

the lyrics are as accurate as possible, and our sam-283

ple is as representative as possible. We sampled284

from the population of songs in the Million Playlist285

Dataset (MPD)8 as it is large and recent compared286

to other similar datasets. The lyrics themselves287

were obtained through the API of Musixmatch9, a288

lyrics and music language platform. Musixmatch289

lyrics are crowdsourced by users who add, correct,290

sync, and translate them. Musixmatch then en-291

gages in several steps to verify quality of content,292

including spam detection, formatting, spelling and293

translation checking, as well as manual verification294

by over 2000 community curators, and a local team295

of Musixmatch editors.296

6https://cms.globalmusicreport.ifpi.org/uploads/
Global_Music_Report_State_of_The_Industry_5650fff4fa.
pdf

7https://en.wikipedia.org/wiki/List_of_instrumental_
number_ones_on_the_UK_Singles_Chart

8https://research.atspotify.com/2020/09/
the-million-playlist-dataset-remastered/

9https://www.musixmatch.com/

3.1 Fuzzy Stratified Song Sampling 297

An initial challenge is determining how to repre- 298

sent the population of songs when it is known to 299

be very large10. An ideal scenario would be one in 300

which we randomly sampled a known number of 301

songs from a set of clearly defined strata (e.g., rele- 302

vant subsets within the overall sample). However, 303

for music, we do not know how many songs we 304

would need to sample in order to reach saturation, 305

what the relevant strata to randomly sample within 306

should be, and how to measure relevant parameters 307

from each stratum. 308

Some measurable strata that affect the use of lan- 309

guage in the song lyrics are clear (e.g., the year of 310

release, which may reflect different events or time- 311

specific colloquial slang). Others are less clear: 312

e.g., there is no single metric of popularity, al- 313

though it can be estimated from various sources 314

such as hit charts. Some may be subjective, such 315

as genre, for which there may be some overlap of 316

human labelling, but no clear taxonomy exists in 317

the eyes of musicological domain experts (Liem 318

et al., 2012). Based upon these considerations, we 319

aim for a stratified random sampling procedure, 320

based on strata that we acknowledge to be justi- 321

fiable given our purpose, yet in some cases con- 322

ceptually ‘fuzzy’: (1) release date; (2) popularity, 323

as estimated via artist playlist frequency from the 324

MPD (Chen et al., 2018); (3) genre, estimated from 325

topic modeling on Million Song Dataset artist tags 326

(Schindler et al., 2012); (4) topic, through a bag-of- 327

words representation of the lyrics data. 328

To draw an initial subpopulation of songs, we 329

first uniformly sub-sampled 60k out of 300k artists 330

from the Million Playlist Dataset (MPD) (Chen 331

et al., 2018). We then queried the Musixmatch API 332

to determine if the lyrics for each of the songs of 333

the 60k sample of artists was available. 334

3.2 Bias Correction 335

We expect that our dataset requires a bias correc- 336

tion. Given the skewness of data concentration with 337

regard to several of our strata, songs that are re- 338

cent and widely popular will most likely be drawn. 339

To correct for this and get a more representative 340

sample of an overall song catalogue, we oversam- 341

ple from less populated bins. For this, we use 342

the maximum-a-posteriori (MAP) estimate of the 343

categorical distribution of each stratum. The over- 344

10e.g., Spotify reports over 100 million songs in its cataloguehttps:
//newsroom.spotify.com/company-info/
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sampling is controlled by concentration parame-345

ter a of the symmetric Dirichlet distribution. We346

heuristically set this parameter such that songs in347

under-populated bins still will make up up 5-10 %348

of our overall pool11. Through this method, we349

subsampled 2200 songs with lyrics.350

3.3 Inclusion Criteria351

As the annotation of highly subjective perceived352

values in lyrics has not been studied yet, it is un-353

clear whether any valid and reliable annotations354

can be obtained from it. As such, together with355

the ambition to investigate many annotations from356

a representative population sample, it may be un-357

wise to immediately annotate thousands of songs,358

but rather focus on rich insights on smaller well-359

curated data. For this, the following screening360

procedure was followed. Three members of the361

research team manually screened several hundreds362

of songs randomly sampled from our 2200 songs.363

They verified the match of songs to lyrics, the avail-364

able metadata, and rejected songs that had words365

that were not English, contained very few words,366

were only onomatopoetic, or were only repetitions.367

As a consequence, we finally kept 380 songs.368

4 Survey Measures369

Our annotation procedure seeks to obtain human370

perceptions on perceived values in song lyrics. To371

obtain such perceptions, we design a survey, in372

similar fashion to how in psychometrics, a survey373

will be designed as a measurement instrument for374

psychological constructs.375

With many lyrics being in the English language,376

we choose to obtain our annotations from repre-377

sentative samples of the US population in terms of378

self-reported sex, ethnicity and age. Such samples379

can be obtained through the Prolific12 platform. We380

follow Prolific’s guidelines on fair compensation to381

set our compensation rates. Survey design and data382

handling were pre-discussed with our institutional383

data management and research ethics advisors, we384

obtained formal data management plan and human385

research ethics approval, and participants give in-386

formed consent before proceeding with the survey.387

4.1 Lyrics affinity and subjectivity perception388

To gain further measurable evidence on the degree389

to which song lyrics are important yet subjective390

11Full code of our sampling procedure is at https://anonymous.
4open.science/r/lyrics-value-estimators-CE33/1_
stimulus_sampling/stratified_sampling.py

12https://prolific.co

to a representative population sample, our survey 391

starts with 16 general questions about song lyric 392

preferences. Furthermore, after participants per- 393

formed their annotations, we also ask them to rate 394

how subjective they considered the task to be. As 395

gaining a general understanding of these phenom- 396

ena is not the main purpose of our current study 397

though, but rather further substantiation supporting 398

our current work, we will report on findings from 399

these questions in Appendix A.1. 400

4.2 Short Schwartz Values Survey 401

Our primary annotations involve impressions of the 402

values expressed in song lyrics. To this end, we 403

adapted the Short Schwartz Values Survey (SSVS) 404

(Lindeman and Verkasalo, 2005) to determine the 405

wording of the questions, as it is the shortest in- 406

strument that has shown adequate reliability. The 407

original wording of the questionnaire displays the 408

name of the value being rated, followed by a num- 409

ber of words to describe it e.g. "POWER (social 410

power, authority, wealth)"13. Original instructions 411

can be found in Appendix A.2. 412

We made three adaptations to this questionnaire. 413

First, we adjust the question text to ask not for rat- 414

ings of life-guiding principles for the individual 415

responding to the survey, but rather for the respon- 416

dent’s impressions of the ‘speaker’ of the lyrics. 417

This ‘speaker’ is the someone or something whose 418

perspective is reflected through the lyrics, and this 419

may not be the author or artist expressing the lyrics. 420

For example, the speaker in the song ‘I gave you 421

power’ by the artist Nas is a gun, and the speaker in 422

‘Rosetta Stoned’ by the rock band Tool is a person 423

hallucinating from psychedelics. In other words, 424

the creator may use a persona in the writing of 425

song lyrics for artistic purposes, which may not 426

directly represent their values. As such, an anno- 427

tator’s impression of the creator may differ from 428

their impression of the person represented by the 429

lyrics. As we are interested in the values perceived 430

in the text, we explicitly ask participants to respond 431

with the perspective of the speaker in mind, and 432

not the author. Further illustration of our explicit 433

instructions is given in Appendix A.2. 434

Secondly, the original SSVS uses a 9 point 435

Likert-Scale where 0=“Opposed to My Principles", 436

1=“Not Important", and 8=“Of Supreme Impor- 437

tance". In order to gather continuous measure- 438

13Actual wording of items was retrieved from https:
//blogs.helsinki.fi/everyday-thinking/files/2015/11/
The-Short-Schwartzs-Value-Survey.docx.
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ments, we aimed for a continuous scale where 0439

essentially indicates that the value is either not dis-440

cussed or otherwise not estimatable from the lyric441

text. Next to this, we balance the scale to have442

maximum opposition to a given value be at -100,443

where maximum importance will be at 100. As444

such, in contrast to the original SSVS, our scale is445

symmetric with a rating of 0 indicating neutrality.446

Thirdly, (Cabitza et al., 2020) suggested that447

a rater’s confidence is an indication of intra-rater448

reliability. Thus, we also asked participants “How449

confident are you in your ratings of these lyrics?",450

to which they responded on a scale of 0 (Not at all451

Confident) to 100 (Completely Confident).452

4.3 Annotation Interface453

The survey was implemented on an instance of454

the Qualtrics14 platform. The annotations were455

collected using the response format shown as illus-456

trated in Figure 10, following explicit instructions457

as discussed in Appendix A.2. More specifically, a458

set of lyrics are displayed, with a clickable interface459

below them. The interface contains brief descrip-460

tions of each of the 10 Schwartz values, followed461

by a vertical bar on which participants can indicate462

a continuous response, as described in Section 4.2.463

An option to select “Not Applicable" was also avail-464

able for each value. We considered that “0" and465

"Not Applicable" responses both indicate that the466

importance of that given value to the speaker based467

on the lyrics could not be determined by the partici-468

pant (i.e., they were either not discussed in the song469

lyrics, or were otherwise unclear). As we expect470

that not all songs will discuss all values, and most471

songs may discuss very few values, we initialize472

the rating bar at “0".473

With this, we now have the setup to gather an-474

notation data. In the remainder of this paper, we475

discuss how this was done to research three ques-476

tions: (1) How many annotator ratings are needed477

for stable annotations to emerge? (2) Do our ob-478

tained value perception annotations relate to exist-479

ing validated knowledge on stable structures among480

values? and (3) Can our refined annotations be used481

in computational NLP setups?482

5 Number of Ratings483

Our procedure to determine the number of ratings484

to gather was inspired by (DeBruine and Jones,485

2018). Specifically, we first recruited a represen-486

14https://www.qualtrics.com/

Figure 2: Distribution of Cronbach’s α from a repre-
sentative US Sample (N=505) rating 20 songs, for the
values Achievement and Tradition. Vertical line repre-
sents the α threshold for comparison.

Figure 3: Rotated scaled density plots of ICC for sub-
samples from annotations on the 360 songs.

tative pilot sample (N=505), in which respondents 487

used our interface to annotate perceived values for 488

a fixed set of 20 songs. From these annotations, 489

we computed canonical mean ratings per value, per 490

song. For each of the values, we then estimated 491

Cronbach’s α for a range of subsample sizes (5 to 492

50 participants, in increments of 5), repeating this 493

procedure 10 times per increment. Following this, 494

we visually examined density plots of the distribu- 495

tion of Cronbach’s α. In the social sciences, an 496

α >= 0.7 is commonly considered an acceptable 497

level of reliability. Taking a conservative estimate, 498

we choose to obtain 25 ratings per song lyric in our 499

main study; for that amount of ratings, Cronbach’s 500

α in our pilot data would comfortably exceed 0.8. 501

From this, we perform our main study data col- 502

lection. We recruit a new representative US pop- 503

ulation sample (N=600), where each participant 504

goes through our survey questions, and receives 505

18 randomly selected song lyrics to annotate for 506

perceived values. As a result, we obtained 22-30 507
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Figure 4: Rotated scaled density plots of Pearson corre-
lations between canonical mean and subsample means,
from a mean 27 ratings per each of the 360 songs.

annotations per song, with an average of 27.508

From these, checking for the reliability of our509

annotations from this sample, we repeatedly sub-510

sample 5, 10, 15 and 20 ratings for each value511

within each song, and calculate and visualize intra-512

class correlations (ICC, Figure 3), as well as Person513

correlations between subsample means and canoni-514

cal means (Figure 4). From this, we see that higher515

numbers of raters lead to higher ICCs and Pearson516

correlation, thus indicating more stable outcomes517

that approach the canonical mean that would be518

obtained from a large sample of annotators. Seeing519

Pearson correlation to the canonical mean already520

exceeds 0.9 for all values from 15 subsampled rat-521

ings, our target of 25 annotations per songs indeed522

can be considered too conservative, and in future523

work, 15 ratings on average will likely suffice.524

For our further analysis, we will have to aggre-525

gate the subjective labels. Being unaware of a sin-526

gle ideal method to achieve this, for the purposes527

of this work, we report results using an aggregation528

method inspired by (Cabitza et al., 2020). Specifi-529

cally, we estimate confidence-weights by dividing530

participant’s self-reported confidence of a given531

rating by the highest possible response (100), and532

then compute aggregated means weighted by these.533

6 Structural comparison534

As a first attempt to assess the relative validity of535

our procedure, we depart from the earlier observa-536

tions that cross-cultural stable structure was found537

on what values are likely to cluster together. We538

compare distances as derived from the upper trian-539

gle of a correlation matrix reported in (Schwartz540

et al., 2001) to those derived from proximity in541

ratings obtained in our study. For both, we gen-542

Figure 5: MDS plots derived from the correlation plot
reported in (Schwartz et al., 2001), and our participant
responses as confidence-weighted means15.

Figure 6: Pearson correlations between NLP systems /
word counts, and participant ratings of songs, by value.

erate a multi-dimensional scaling plot (MDS) for 543

visual comparison, which has previously been used 544

as method to assess confirmation of earlier the- 545

ory (Ponizovskiy et al., 2020). From these plots 546

(Figure 5, in as little as our 360 annotated lyrics, we 547

surprisingly indeed see similar clusters and relative 548

positioning relations emerging as those obtained 549

from a formal cross-cultural study. 550

7 Comparisons with NLP models 551

Finally, as first step towards ways in which our data 552

may be connected to computational NLP methods, 553

we perform a preliminary comparison on how com- 554

putational NLP-based value assessment of lyrics 555

data compares to the way in which our annotators 556

annotated perceived human values. 557

We depart from a dictionary of words associated 558

with the 10 Schwartz values (Ponizovskiy et al., 559

2020). With this dictionary as reference, we 560

computationally perform assessments to the degree 561

to which each value would be reflected in the lyrics 562

text according to traditional word counting (Poni- 563

7



Figure 7: Rank correlations between NLP systems /
word counts and confidence-weighted participant means
transformed to rankings

zovskiy et al., 2020), as well as by assessing564

cosine similarity between dictionary words and565

lyrics texts using four classes of pre-trained566

word embeddings: word2vec-google-new,567

a generic English word embedding trained568

on Google News dataset (Mikolov et al.,569

2013); glove-common-crawl, another generic570

English word embedding trained on Com-571

mon Crawl dataset (Pennington et al., 2014);572

faruqui-mxm-[1∼10], trained on the collected573

initial lyrics candidate pool, employing the Glove574

model (Pennington et al., 2014) (using ten models575

populated from ten cross-validation folds, whose576

parameters are tuned based on English word simi-577

larity judgement data (Faruqui and Dyer, 2014).);578

and cv-mxm-[1∼10], ten variants of lyrics based579

word-embeddings from cross-validation folds580

selected by Glove loss values on the validation set.581

We weigh terms in the lyrics texts in two dif-582

ferent ways: uniformly and weighted by Inverse583

Document Frequency (IDF). Then, we compare584

value assessments from these computational meth-585

ods to the ones obtained from our annotators, in586

two ways. First, we consider Pearson correlations587

of computational value similarity assessments to588

our raw participant song value annotations (Fig-589

ure 6). Second, we take the earlier-theorized the590

perspective that value assessments should be seen591

as ranked lists, and we consider rank correlations592

between the machine and human value assessments593

based on Kendall’s τ (Figure 7).594

In earlier work (Richard et al., 2003), Pearson595

correlations of 0.1-0.2 were considered as moderate596

evidence of the validity of a proposed dictionary in597

relation to a psychometrically valid instrument. As598

such, considering our data as good reference data,599

only the more generic Glove and Google news em- 600

beddings seem to reach those levels of correlation. 601

From a rank correlation perspective, the word count 602

methods and these two embedding models hint at 603

slightly positive rank correlations. This may be 604

promising in terms of the degree of specialization 605

needed to assess values; at the same time, neither of 606

the methods presented here have thoroughly been 607

optimized, and as such, these results should not 608

be seen as strong benchmarking evidence. Future 609

work will be needed to more deeply connect com- 610

putational NLP techniques with our data. 611

8 Limitations and future work 612

In this paper, we described our procedure for 613

ground-truthing perspectives on highly subjective 614

text. By paying attention to grounding in social 615

sciences theory and purposeful sampling strategies, 616

the discussion of how to get to ‘good data’ has been 617

much more extensive than commonly is done in 618

computational domains. With this, we hope to have 619

illustrated how beyond (welcome) completion of 620

checklists and data sheets, being purposeful about 621

data can pro-actively shape annotation design. 622

As for limitations to our work, while we are com- 623

mitted to open science practices, we cannot share 624

the primary lyric data due to copyright prohibitions. 625

However, we do release metadata of the songs of 626

interest, together with our participant annotations, 627

and the code used for the analyses and plots in our 628

paper 16. We acknowledge our current sample of 629

360 lyrics is still small and may need expansion, 630

an that, while we had a representative population 631

sample, not every member of the sample rated ev- 632

ery song. We thus did gather diverse opinions, but 633

cannot claim they fully represent the target popu- 634

lation. We also did not assess whether variations 635

on the annotation instrument might result in sub- 636

stantial differences in the annotations we received 637

(Kern et al., 2023), nor did we repeat our procedure 638

(Inel et al., 2023). In addition, we can further con- 639

nect our work to related research on examining how 640

participants from different groups will annotate cor- 641

pora (Homan et al., 2022; Prabhakaran et al., 2023). 642

Finally, while we only provide a preliminary com- 643

parison to computational NLP methods, it will be 644

worthwhile to use our data in the context of more 645

sophisticated state-of-the-art NLP systems. 646

16https://anonymous.4open.science/r/values_in_
lyrics-8F3F/

8

https://anonymous.4open.science/r/values_in_lyrics-8F3F/
https://anonymous.4open.science/r/values_in_lyrics-8F3F/


References647

Lora Aroyo and Chris Welty. 2015. Truth is a lie: Crowd648
truth and the seven myths of human annotation. AI649
Magazine, 36(1):15–24.650

Ron Artstein and Massimo Poesio. 2008. Inter-coder651
agreement for computational linguistics. Computa-652
tional linguistics, 34(4):555–596.653

Valerio Basile et al. 2020. It’s the end of the gold stan-654
dard as we know it. on the impact of pre-aggregation655
on the evaluation of highly subjective tasks. In CEUR656
WORKSHOP PROCEEDINGS, volume 2776, pages657
31–40. CEUR-WS.658

Abeba Birhane, Pratyusha Kalluri, Dallas Card, William659
Agnew, Ravit Dotan, and Michelle Bao. 2022. The660
values encoded in machine learning research. In Pro-661
ceedings of the 2022 ACM Conference on Fairness,662
Accountability, and Transparency, pages 173–184.663

Ryan L Boyd and James W Pennebaker. 2017.664
Language-based personality: A new approach to per-665
sonality in a digital world. Current opinion in behav-666
ioral sciences, 18:63–68.667

Federico Cabitza, Andrea Campagner, and Valerio668
Basile. 2023. Toward a perspectivist turn in ground669
truthing for predictive computing. In Proceedings670
of the AAAI Conference on Artificial Intelligence,671
volume 37, pages 6860–6868.672

Federico Cabitza, Andrea Campagner, and Luca Maria673
Sconfienza. 2020. As if sand were stone. new con-674
cepts and metrics to probe the ground on which to675
build trustable ai. BMC Medical Informatics and676
Decision Making, 20(1):1–21.677

Ching-Wei Chen, Paul Lamere, Markus Schedl, and678
Hamed Zamani. 2018. Recsys challenge 2018: Auto-679
matic music playlist continuation. In Proceedings of680
the 12th ACM Conference on Recommender Systems,681
pages 527–528.682

Lisa M DeBruine and Benedict C Jones. 2018. Deter-683
mining the number of raters for reliable mean ratings.684

Andrew Demetriou, Andreas Jansson, Aparna Kumar,685
and Rachel M Bittner. 2018. Vocals in music matter:686
the relevance of vocals in the minds of listeners. In687
ISMIR, pages 514–520.688

Manaal Faruqui and Chris Dyer. 2014. Community689
evaluation and exchange of word vectors at wordvec-690
tors.org. In Proceedings of the 52nd Annual Meet-691
ing of the Association for Computational Linguistics,692
ACL 2014, June 22-27, 2014, Baltimore, MD, USA,693
System Demonstrations, pages 19–24. The Associa-694
tion for Computer Linguistics.695

R. Michael. Furr and Verne R. Bacharach. 2014. Psy-696
chometrics : an introduction, second edition edition.697
SAGE Publications.698

Antonis Gardikiotis and Alexandros Baltzis. 2012. 699
‘rock music for myself and justice to the world!’: 700
Musical identity, values, and music preferences. Psy- 701
chology of Music, 40(2):143–163. 702

Timnit Gebru, Jamie Morgenstern, Briana Vec- 703
chione, Jennifer Wortman Vaughan, Hanna Wal- 704
lach, Hal Daumé III, and Kate Crawford. 2021. 705
Datasheets for datasets. Communications of the 706
ACM, 64(12):86–92. 707

R Stuart Geiger, Kevin Yu, Yanlai Yang, Mindy Dai, 708
Jie Qiu, Rebekah Tang, and Jenny Huang. 2020. 709
Garbage in, garbage out? do machine learning ap- 710
plication papers in social computing report where 711
human-labeled training data comes from? In Pro- 712
ceedings of the 2020 Conference on Fairness, Ac- 713
countability, and Transparency, pages 325–336. 714

Robert M Groves, Floyd J Fowler Jr, Mick P Couper, 715
James M Lepkowski, Eleanor Singer, and Roger 716
Tourangeau. 2009. Survey methodology, volume 561. 717
John Wiley & Sons. 718

Christopher Homan, Tharindu Cyril Weerasooriya, Lora 719
Aroyo, and Chris Welty. 2022. Annotator response 720
distributions as a sampling frame. In Proceedings 721
of the 1st Workshop on Perspectivist Approaches to 722
NLP@ LREC2022, pages 56–65. 723

Han-Yin Huang and Cynthia C. S. Liem. 2022. Social 724
inclusion in curated contexts: Insights from museum 725
practices. In FAccT ’22: 2022 ACM Conference on 726
Fairness, Accountability, and Transparency. 727

Oana Inel, Tim Draws, and Lora Aroyo. 2023. Collect, 728
measure, repeat: Reliability factors for responsible 729
ai data collection. In Proceedings of the AAAI Con- 730
ference on Human Computation and Crowdsourcing, 731
volume 11, pages 51–64. 732

Joshua Conrad Jackson, Joseph Watts, Teague R Henry, 733
Johann-Mattis List, Robert Forkel, Peter J Mucha, 734
Simon J Greenhill, Russell D Gray, and Kristen A 735
Lindquist. 2019. Emotion semantics show both 736
cultural variation and universal structure. Science, 737
366(6472):1517–1522. 738

Abigail Z. Jacobs and Hanna Wallach. 2021. Measure- 739
ment and fairness. In FAccT ’21: 2021 ACM Confer- 740
ence on Fairness, Accountability, and Transparency. 741

Eun Seo Jo and Timnit Gebru. 2020. Lessons from 742
archives: Strategies for collecting sociocultural data 743
in machine learning. In Conference on Fairness, Ac- 744
countability and Transparency (FAT ’20) January 745
27-30 2020, Barcelona, Spain. ACM, New York, NY, 746
USA. 747

Christoph Kern, Stephanie Eckman, Jacob Beck, Rob 748
Chew, Bolei Ma, and Frauke Kreuter. 2023. An- 749
notation sensitivity: Training data collection meth- 750
ods affect model performance. arXiv preprint 751
arXiv:2311.14212. 752

9

https://doi.org/10.17605/OSF.IO/X7FUS
https://doi.org/10.17605/OSF.IO/X7FUS
https://doi.org/10.17605/OSF.IO/X7FUS
https://doi.org/10.3115/V1/P14-5004
https://doi.org/10.3115/V1/P14-5004
https://doi.org/10.3115/V1/P14-5004
https://doi.org/10.3115/V1/P14-5004
https://doi.org/10.3115/V1/P14-5004
https://doi.org/10.1145/3458723


Johannes Kiesel, Milad Alshomary, Nicolas Handke,753
Xiaoni Cai, Henning Wachsmuth, and Benno Stein.754
2022. Identifying the human values behind argu-755
ments. In Proceedings of the 60th Annual Meeting of756
the Association for Computational Linguistics (Vol-757
ume 1: Long Papers), pages 4459–4471. Association758
for Computational Linguistics.759

Benjamin Kompa, Jasper Snoek, and Andrew L Beam.760
2021. Second opinion needed: communicating un-761
certainty in medical machine learning. NPJ Digital762
Medicine, 4(1):4.763

Cynthia C. S. Liem, Andreas Rauber, Thomas Lidy,764
Richard Lewis, Christopher Raphael, Joshua D.765
Reiss, Tim Crawford, and Alan Hanjalic. 2012. Mu-766
sic Information Technology and Professional Stake-767
holder Audiences: Mind the Adoption Gap. In768
Dagstuhl Follow-Ups, volume 3. Schloss Dagstuhl -769
Leibniz-Zentrum fuer Informatik.770

Cynthia CS Liem and Andrew M Demetriou. 2023.771
Treat societally impactful scientific insights as open-772
source software artifacts. In 2023 IEEE/ACM 45th773
International Conference on Software Engineering:774
Software Engineering in Society (ICSE-SEIS), pages775
150–156. IEEE.776

Marjaana Lindeman and Markku Verkasalo. 2005. Mea-777
suring values with the short schwartz’s value survey.778
Journal of personality assessment, 85(2):170–178.779

Tushar Maheshwari, Aishwarya N Reganti, Samiksha780
Gupta, Anupam Jamatia, Upendra Kumar, Björn781
Gambäck, and Amitava Das. 2017. A societal sen-782
timent analysis: Predicting the values and ethics of783
individuals by analysing social media content. In784
Proceedings of the 15th Conference of the European785
Chapter of the Association for Computational Lin-786
guistics: Volume 1, Long Papers, pages 731–741.787
Association for Computational Linguistics.788

Gregory R Maio. 2010. Mental representations of social789
values. In Advances in experimental social psychol-790
ogy, volume 42, pages 1–43. Elsevier.791

Sandy Manolios, Alan Hanjalic, and Cynthia CS Liem.792
2019. The influence of personal values on music793
taste: towards value-based music recommendations.794
In Proceedings of the 13th ACM Conference on Rec-795
ommender Systems, pages 501–505.796

Tomás Mikolov, Ilya Sutskever, Kai Chen, Gregory S.797
Corrado, and Jeffrey Dean. 2013. Distributed repre-798
sentations of words and phrases and their composi-799
tionality. In Advances in Neural Information Process-800
ing Systems 26: 27th Annual Conference on Neural801
Information Processing Systems 2013. Proceedings802
of a meeting held December 5-8, 2013, Lake Tahoe,803
Nevada, United States, pages 3111–3119.804

Margaret Mitchell, Simone Wu, Andrew Zaldivar,805
Parker Barnes, Lucy Vasserman, Ben Hutchinson,806
Elena Spitzer, Inioluwa Deborah Raji, and Timnit807
Gebru. 2019. Model cards for model reporting. In808
Proceedings of the Conference on Fairness, Account-809
ability, and Transparency (FAT* ’19). ACM.810

Jeffrey Pennington, Richard Socher, and Christopher D. 811
Manning. 2014. Glove: Global vectors for word 812
representation. In Proceedings of the 2014 Confer- 813
ence on Empirical Methods in Natural Language Pro- 814
cessing, EMNLP 2014, October 25-29, 2014, Doha, 815
Qatar, A meeting of SIGDAT, a Special Interest Group 816
of the ACL, pages 1532–1543. ACL. 817

Vladimir Ponizovskiy, Murat Ardag, Lusine Grigoryan, 818
Ryan Boyd, Henrik Dobewall, and Peter Holtz. 2020. 819
Development and validation of the personal values 820
dictionary: A theory–driven tool for investigating 821
references to basic human values in text. European 822
Journal of Personality, 34(5):885–902. 823

Vinodkumar Prabhakaran, Christopher Homan, Lora 824
Aroyo, Alicia Parrish, Alex Taylor, Mark Díaz, and 825
Ding Wang. 2023. A framework to assess (dis) agree- 826
ment among diverse rater groups. arXiv preprint 827
arXiv:2311.05074. 828

Vjosa Preniqi, Kyriaki Kalimeri, and Charalampos 829
Saitis. 2022. " more than words": Linking music 830
preferences and moral values through lyrics. arXiv 831
preprint arXiv:2209.01169. 832

James Pustejovsky and Amber Stubbs. 2013. Natural 833
language annotation for machine learning , first edi- 834
tion edition. O’Reilly Media. 835

F Dan Richard, Charles F Bond Jr, and Juli J Stokes- 836
Zoota. 2003. One hundred years of social psychology 837
quantitatively described. Review of general psychol- 838
ogy, 7(4):331–363. 839

Anna Rogers, Timothy Baldwin, and Kobi Leins. 2021. 840
‘just what do you think you’re doing, dave?’ a check- 841
list for responsible data use in nlp. In Findings of the 842
Association for Computational Linguistics: EMNLP 843
2021. Association for Computational Linguistics. 844

Milton Rokeach. 1973. The nature of human values. 845
Free press. 846

Lilach Sagiv and Shalom H Schwartz. 2022. Personal 847
values across cultures. Annual review of psychology, 848
73:517–546. 849

Nithya Sambasivan, Shivani Kapania, Hannah Highfill, 850
Diana Akrong, Praveen Paritosh, and Lora M Aroyo. 851
2021. “everyone wants to do the model work, not 852
the data work”: Data cascades in high-stakes ai. In 853
proceedings of the 2021 CHI Conference on Human 854
Factors in Computing Systems, pages 1–15. 855

Thomas Schäfer and Peter Sedlmeier. 2009. From the 856
functions of music to music preference. Psychology 857
of Music, 37(3):279–300. 858

Alexander Schindler, Rudolf Mayer, and Andreas 859
Rauber. 2012. Facilitating comprehensive bench- 860
marking experiments on the million song dataset. In 861
ISMIR, pages 469–474. International Society for Mu- 862
sic Information Retrieval. 863

10

https://doi.org/10.4230/DFU.VOL3.11041.227
https://doi.org/10.4230/DFU.VOL3.11041.227
https://doi.org/10.4230/DFU.VOL3.11041.227
https://doi.org/10.4230/DFU.VOL3.11041.227
https://doi.org/10.4230/DFU.VOL3.11041.227
https://proceedings.neurips.cc/paper/2013/hash/9aa42b31882ec039965f3c4923ce901b-Abstract.html
https://proceedings.neurips.cc/paper/2013/hash/9aa42b31882ec039965f3c4923ce901b-Abstract.html
https://proceedings.neurips.cc/paper/2013/hash/9aa42b31882ec039965f3c4923ce901b-Abstract.html
https://proceedings.neurips.cc/paper/2013/hash/9aa42b31882ec039965f3c4923ce901b-Abstract.html
https://proceedings.neurips.cc/paper/2013/hash/9aa42b31882ec039965f3c4923ce901b-Abstract.html
https://doi.org/10.3115/V1/D14-1162
https://doi.org/10.3115/V1/D14-1162
https://doi.org/10.3115/V1/D14-1162


Shalom H Schwartz. 1992. Universals in the content864
and structure of values: Theoretical advances and865
empirical tests in 20 countries. In Advances in exper-866
imental social psychology, volume 25, pages 1–65.867
Elsevier.868

Shalom H Schwartz, Gila Melech, Arielle Lehmann,869
Steven Burgess, Mari Harris, and Vicki Owens. 2001.870
Extending the cross-cultural validity of the theory871
of basic human values with a different method of872
measurement. Journal of cross-cultural psychology,873
32(5):519–542.874

Irene Solaiman, Zeerak Talat, William Agnew, Lama875
Ahmad, Dylan Baker, Su Lin Blodgett, Hal876
Daumé III, Jesse Dodge, Ellie Evans, Sara Hooker,877
et al. 2023. Evaluating the Social Impact of Gen-878
erative AI Systems in Systems and Society. arXiv879
preprint arXiv:2306.05949.880

Chris Welty, Praveen K. Paritosh, and Lora Aroyo. 2019.881
Metrology for AI: from benchmarks to instruments.882
arXiv preprint arXiv:1911.01875.883

A Appendix884

A.1 Lyrics affinity and subjectivity perception885

Our data collection protocols allowed us to gather886

self reports on the importance of lyrics. Our initial887

pool of questions was inspired by the Preference888

Intensity scale in (Schäfer and Sedlmeier, 2009),889

and consisted of Likert-type questions. We turn890

these into 16 question statements on the partici-891

pants’ relation to music lyrics by also adding our892

own suggested quetions. Participants respond to893

the questions using a 5-point Likert scale, which in-894

cluded the points “Strongly Disagree", “Somewhat895

Disagree", “Neither Agree nor Disagree", “Some-896

what Agree", and “Strongly Agree". Percentages897

in the table below indicate the proportion of respon-898

dents that indicated either “Somewhat Agree" and899

“Strongly Agree".900

We currently report on responses given to these901

questions from our two data collection rounds: our902

pilot study (N=505), whose primary aim was the903

estimation of the number of ratings needed per904

song lyric, and our actual annotation collection905

study (N=600) on which the main outcomes in our906

paper are reported.907

In Figure 8, we visualize self-reported percent-908

ages of respondents’ music libraries containing909

lyrics, for both our respondent samples. Here, we910

see that respondents’ music overwhelmingly con-911

tains lyrics, with a median of 90%. Furthermore,912

in Table 1, for both samples of respondents, we913

indicate the percentages of users that indicated to914

somewhat or strongly agree with given statements.915

Figure 8: Distribution of self-reported percentage of
music library containing lyrics from two representative
US samples, N=505 and N=600 respectively.

Figure 9: Distribution of self-reported subjectivity of
lyric annotation task, N=505 and N=532 respectively.

From this, we again observe a strong preference 916

for songs with lyrics (>70% on many of the state- 917

ments). 918

Finally, at the end of our survey, we also ask par- 919

ticipants to self-report a rating of the subjectivity of 920

the lyrics annotation task we gave to them. Distri- 921

butions are visualized in Figure 9. From these, we 922

see confirmed the task indeed is perceived as highly 923

subjective in the eyes of our sample population. 924

As gaining a general understanding of music 925

lyrics affinity is not our current main goal, we chose 926

not to iteratively validate and refine our questions 927

as a formal psychometric instrument at this stage 928

(for this, more explicit iterative analysis would be 929

needed on the instrument being capable of distin- 930

guishing between different types of users by mak- 931

ing use of the full scale). However, we did start 932

analyzing to what extent the current questions may 933

be used as an instrument, or at least as a way to fur- 934

ther characterize sub-populations of human respon- 935

dents. Here, given the large preference towards 936

music that contains lyrics, asking for lyrics vs. non- 937
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Question Pilot Main
I prefer music that contains lyrics, as opposed to music that does not 72% 72%
I always pay attention to the lyrics of a song, if the song has them 70% 72%
If a song has lyrics that I don't like for any reason, I don't listen to it 49% 43%
If I am not sure about the lyrics of a song, I search them on the internet 76% 77%
I memorize the lyrics to the songs I listen to 70% 75%

Table 1: Question wording, and proportion of respondents
rounded to the nearest whole number, that indicated ei-
ther ‘somewhat agree’ or ‘strongly agree’ in two surveys,
N=505, and N=600 respectively.

Figure 10: Visualization of the annotation interface on Qualtrics for two of ten annotated values

lyrics music preference will not allow for us to be938

able to distinguish between respondents. At the939

same time, responses to the degree to which a re-940

spondent pro-actively engages with lyrics (e.g. by941

actively searching for them, writing about them, or942

writing lyrics themselves) may yield interpretable943

factors on which respondents can be distinguished.944

However, we leave a deeper analysis of this for945

future work.946

A.2 Adjusted Short Schwartz Value Survey947

The original Schort Schwartz Value survey appears948

in (Lindeman and Verkasalo, 2005). The original949

question wording17 was:950

"Please, rate the importance of the following951

values as a life-guiding principle for you. Use the952

8-point scale in which 0 indicates that the value953

is opposed to your principles, 1 indicates that the954

values is not important for you, 4 indicates that the955

values is important, and 8 indicates that the value956

is of supreme importance for you."957

• POWER (social power, authority, wealth)958

• ACHIEVEMENT (success, capability, ambi-959

tion, influence on people and events)960

• HEDONISM (gratification of desires, enjoy-961

ment in life, self-indulgence)962

17retrieved from https://blogs.helsinki.
fi/everyday-thinking/files/2015/11/
The-Short-Schwartzs-Value-Survey.docx.

• STIMULATION (daring, a varied and chal- 963

lenging life, an exciting life) 964

• SELF-DIRECTION (creativity, freedom, cu- 965

riosity, independence, choosing one’s own 966

goals) 967

• UNIVERSALISM (broad-mindedness, 968

beauty of nature and arts, social justice, a 969

world at peace, equality, wisdom, unity with 970

nature, environmental protection) 971

• BENEVOLENCE (helpfulness, honesty, for- 972

giveness, loyalty, responsibility) 973

• TRADITION (respect for tradition, humble- 974

ness, accepting one’s portion in life, devotion, 975

modesty) 976

• CONFORMITY (obedience, honoring parents 977

and elders, self-discipline, politeness) 978

• SECURITY (national security, family secu- 979

rity, social order, cleanliness, reciprocation of 980

favors) 981

In our survey, participants were initially shown 982

a set of instructions designed to explain how to 983

use the instrument, and explain our working defi- 984

nitions of ’artist’ as separate from the ’speaker’ of 985

the lyrics, see(Figure 11). We then presented our 986

adjusted question wording: 987

“Between the quotation marks below are some 988

song lyrics. Please take a moment to read them 989
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and think about the SPEAKER the lyrics. Please990

remember that this SPEAKER might be a the AU-991

THOR themselves, or someone or something else:",992

after which lyrics were displayed, along with the993

annotation instrument.994
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Figure 11: Visualization of the instructions page of the annotation interface on Qualtrics.
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