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Abstract

In this work, we develop a pipeline for001
historical-psychological text analysis in clas-002
sical Chinese. Humans have produced texts in003
various languages for thousands of years; how-004
ever, most of the computational literature is005
focused on contemporary languages and cor-006
pora. The emerging field of historical psy-007
chology relies on computational techniques008
to extract aspects of psychology from histor-009
ical corpora using new methods developed010
in natural language processing (NLP). The011
present pipeline, called Contextualized Con-012
struct Representations (CCR), combines ex-013
pert knowledge in psychometrics (i.e., psy-014
chological surveys) with text representations015
generated via transformer-based language mod-016
els to measure psychological constructs such017
as traditionalism, norm strength, and collec-018
tivism in classical Chinese corpora. Consid-019
ering the scarcity of available data, we pro-020
pose an indirect supervised contrastive learn-021
ing approach and build the first Chinese his-022
torical psychological corpus (C-HIS-PSY) to023
fine-tune pre-trained models. We evaluate the024
pipeline and benchmark it against objective025
external data to test its validity. We also re-026
lease our dataset and code for reproducibility027
at https://anonymous.4open.science/r/His-Psy/.028

1 Introduction029

Humans have been producing written language for030

thousands of years. Historical populations have031

expressed their norms, values, stories, songs, and032

more in these texts. Such historical corpora repre-033

sent a rich yet underexplored source of psycholog-034

ical data that contains the thoughts, feelings, and035

actions of people who lived in the past (Jackson036

et al., 2021). The emerging field of “historical psy-037

chology” has been developed to understand how038

different aspects of psychology vary over historical039

time and how the origins of our contemporary psy-040

chology are rooted in historical processes (Atari041

Figure 1: Comparison of model performance on the
three tasks in the test set before and after fine-tuning.
(Model A: bert-ancient-chinese, B: guwenbert-base, C:
guwenbert-large, D: paraphrase-multilingual-MiniLM-
L12-v2, E: text2vec-base-chinese, F: text2vec-base-
chinese-paraphrase, G: text2vec-large-chinese)

and Henrich, 2023; Muthukrishna et al., 2021; Bau- 042

mard et al., 2024). Since we cannot access “dead 043

minds” directly but can access their textual remains, 044

natural language processing (NLP) is the primary 045

method to extract aspects of psychology from his- 046

torical corpora. Previous works are often monolin- 047

gual and in English (Blasi et al., 2022). In addition, 048

much of the literature at the intersection of psychol- 049

ogy and NLP has relied on bag-of-words or word 050

embedding models, focusing on non-contextual 051

word meanings rather than a holistic approach to 052

language modeling. 053

Recently, more research attention in the NLP 054

community has been directed to historical and an- 055

cient languages (Johnson et al., 2021), including 056

but not limited to English (Manjavacas Arevalo and 057

Fonteyn, 2021), Latin (Bamman and Burns, 2020), 058

ancient Greek (Yousef et al., 2022), and ancient 059

Hebrew (Swanson and Tyers, 2022). While all 060
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Figure 2: Pipeline of cross-lingual questionnaire conversion and contextualized construct representation for classical
Chinese.

these languages have historical significance, classi-061

cal Chinese is particularly important in the quantita-062

tive study of history. China has a long history span-063

ning thousands of years, largely recorded in clas-064

sical Chinese. The language served as a medium065

for expressing and disseminating influential philo-066

sophical and religious ideas. Confucianism, Dao-067

ism, and later Buddhism (through translations from068

Sanskrit) all found expression in classical Chinese,069

profoundly shaping Chinese thought, ethics, gov-070

ernance, and norms. As more resources become071

readily available for classical Chinese, scholars072

of ancient China can test more specific hypothe-073

ses using computational methods (Liu et al., 2023;074

Slingerland, 2013; Slingerland et al., 2017).075

Due to its historical significance and geograph-076

ical coverage, classical Chinese represents one of077

the most important languages in the study of histor-078

ical psychology (Atari and Henrich, 2023). Prior079

work in social science has often relied on bag-of-080

words approaches (Zhong et al., 2023) or bottom-081

up techniques such as topic modeling (Slingerland082

et al., 2017). In the NLP community, while differ-083

ent Transformer-based models of classical Chinese084

have been developed, they have not been applied085

to theory-driven psychological text analysis. For086

example, AnchiBERT is a specialized pre-training087

model tailored to analyze classical Chinese litera-088

ture (Tian et al., 2021). Its pre-training data con-089

sists of 39.5 million tokens from ancient Chinese,090

covering many texts, such as historical documents, 091

essays, classical poetry, and verses, over millennia. 092

Employing AnchiBERT for generating Ancient 093

Chinese content involves leveraging a Transformer- 094

based architecture (Vaswani et al., 2017). This 095

model has been used in NLP tasks such as trans- 096

lation (Wang et al., 2023). Still, they have not 097

been used to extract psychological constructs (e.g., 098

moral values, norms, cultural orientation, mental 099

health, religiosity, emotions, and thinking styles) 100

from historical corpora. Transformer-based lan- 101

guage models are crucial for psychological text 102

analysis because psychological constructs are often 103

complex, and sentence-level semantics (and above) 104

will more effectively capture psychological mean- 105

ings than isolated words (Demszky et al., 2023) or 106

non-contextual word embedding models. 107

Here, we create a pipeline called Contextual- 108

ized Construct Representation (CCR) for historical- 109

psychological text analysis in classical Chinese. 110

Although CCR has recently been developed for 111

contemporary psychological text analysis (Atari 112

et al., 2023b), it can be adapted for historical NLP 113

because it relies on Transformer-based models. As 114

a tool for psychological text analysis, CCR takes 115

advantage of contextual language models in NLP, 116

does not require selecting a priori lists of words 117

to represent a psychological construct (e.g., the 118

popular Linguistic Inquiry and Word Count pro- 119

gram, Boyd et al., 2022), and takes advantage of 120
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psychometrically validated questionnaires in psy-121

chology. CCR proceeds in four steps: (1) selecting122

a questionnaire for the psychological construct of123

interest; (2) representing questionnaire items as em-124

beddings using a contextual language model; (3)125

generating the embedding of the target text using126

a contextual language model; (4) computing the127

cosine similarity between the item and text embed-128

dings. This straightforward pipeline is particularly129

useful for social science, wherein researchers are130

interested in interpretability and hypothesis testing.131

Previous work has shown that CCR outperforms132

other top-down methods such as dictionaries (Atari133

et al., 2023b), can replicate prior findings and simi-134

lar methods (Simchon et al., 2023), and performs135

similarly to Large Language Models (LLMs) such136

as ChatGPT for psychological text annotation (Ab-137

durahman et al., 2023).138

2 Related Work139

Psychological Text Analysis Given the increas-140

ing amount of online textual data, many social sci-141

entists are turning to NLP to test their theories. Un-142

like in some computational fields, social scientists143

traditionally give primacy to “theory” rather than144

prediction (Yarkoni and Westfall, 2017). Hence,145

theory-driven text analysis is the first methodolog-146

ical choice in social sciences, including psychol-147

ogy (Jackson et al., 2021; Wilkerson and Casas,148

2017; Boyd and Schwartz, 2021). Given the impor-149

tance of theory development and hypothesis testing,150

many social scientists have developed dictionaries151

to assess psychological constructs as diverse as152

moral values (Graham et al., 2009), stereotypes153

(Nicolas et al., 2021), polarization (Simchon et al.,154

2022), and threat (Choi et al., 2022).155

Distributed Dictionary Representation (DDR)156

Aiming to integrate psychological theories with157

the capabilities of word embeddings, Garten et al.158

(2018) proposed the Distributed Dictionary Repre-159

sentation (DDR) as a top-down psychological text-160

analytic method. This method involves (a) defining161

a concise list of words by social scientists to cap-162

ture a specific concept, (b) using a word-embedding163

model to represent these individual words, (c) com-164

puting the centroid of these word representations to165

define the dictionary’s representation, (d) determin-166

ing the centroid of the word embeddings within a167

given document, and (e) assessing the cosine simi-168

larity between the dictionary’s representation and169

that of the document. DDR has been a useful ap-170

proach in measuring moral and political rhetoric 171

(Wang and Inbar, 2021), temporal trends in politics 172

(Xu et al., 2023), and situational empathy (Zhou 173

et al., 2021). 174

Contextualized Construct Representation 175

(CCR) The Contextualized Construct Repre- 176

sentation (CCR) (Atari et al., 2023b) pipeline is 177

built upon SBERT (Reimers and Gurevych, 2019). 178

This theory-driven and flexible approach has been 179

shown to outperform dictionary-based methods 180

and DDR for various psychological constructs 181

such as religiosity, moral values, individualism, 182

collectivism, and need for cognition. Furthermore, 183

recent work suggests that CCR performs on par 184

with LLMs such as GPT4 in measuring psycho- 185

logical constructs (Abdurahman et al., 2023). 186

Although CCR has not been developed specifically 187

for historical psychology, its flexible pipeline 188

and easy-to-implement steps offer a unique 189

opportunity to extract psychological constructs 190

from historical corpora. In a way, CCR is similar 191

to DDR, but instead of relying on non-contextual 192

word embeddings, it makes use of the power of 193

contextual language models to represent whole 194

sentences (or larger texts). In addition, it obviates 195

the development of word lists; instead, making use 196

a thousands of existing questionnaires that have 197

been validated in psychology over the last century. 198

Semantic Textual Similarity While BERT (De- 199

vlin et al., 2018) can identify sentences with 200

similar semantic meanings, this process can be 201

resource-intensive. To enhance the performance 202

of BERT for tasks like semantic similarity assess- 203

ments, clustering, and semantic-based information 204

retrieval, Reimers and Gurevych (2019) developed 205

Sentence-BERT (or S-BERT). This model employs 206

a Siamese network structure specifically designed 207

to create embeddings at the sentence level. S-BERT 208

outperforms conventional transformer-based mod- 209

els in tasks related to sentences and significantly 210

reduces the time needed for computations. It is 211

engineered to generate sentence embeddings that 212

capture the core semantic content, ensuring that 213

sentences with comparable meanings are repre- 214

sented by closely positioned embeddings in the 215

vector space. Therefore, S-BERT provides an effi- 216

cient and less computationally demanding method 217

for evaluating semantic similarities between sen- 218

tences, making it particularly useful in fields such 219

as psychology (Juhng et al., 2023; Sen et al., 2022). 220
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3 Methodology221

3.1 Cross-lingual Questionnaire Conversion222

The process of converting a contemporary English223

questionnaire Q into a classical Chinese question-224

naire Q̃ is illustrated in the right panel of Figure225

2. For each questionnaire item (qi ∈ Q), the mul-226

tilingual quote recommendation model, “QuoteR”227

(Qi et al., 2022), which is trained on a dataset that228

includes English, modern Standard Chinese, and229

classical Chinese, can identify a set of quotations230

{q̃}i in classical Chinese that are semantically sim-231

ilar to the English sentence qi.232

For each questionnaire, all the items were en-233

tered into the model, resulting in a pool of corre-234

sponding quotations. A manual filtering process235

followed this to eliminate quotations of low quality,236

which can be either inappropriate or irrelevant to237

the psychological construct. Ultimately, the most238

similar quotations q̃i were selected, substituting for239

every English qi to construct Q̃ in classical Chi-240

nese.241

3.2 Indirect Supervised Contrastive Learning242

Figure 3: Pipeline of triplet sampling and contrastive
learning. CLM stands for contextualized language
model.

To obtain better psychology-specific CCR for243

Chinese historical texts, we introduce an indirect244

supervised contrastive learning approach to fine-245

tune pre-trained sentence embedding models, as246

shown in Figure 3.247

Historical Psychology Corpus We as- 248

semble a refined corpus named Chinese 249

historical psychology corpus (C-HIS-PSY) 250

(https://anonymous.4open.science/r/His- 251

Psy/dataset/), which is comprised of 21,539 252

paragraphs (S) extracted from 667 distinct 253

historical articles and book chapters in classical 254

Chinese. The titles of these works (T , |T | ≪ |S|), 255

each carefully selected for their relevance to moral 256

values, serve as labels for their topics, including 257

“節義” (moral integrity), “孝弟” (filial piety and 258

fraternal duty), “盡忠” (utmost loyalty), “廉恥” 259

(sense of shame), “清介” (pure and incorruptible), 260

and “愛己” (love oneself). 261

We divide our data into training, validation, and 262

testing sets, allocating 60%, 20%, and 20% of the 263

data to each set, respectively. The distribution of 264

paragraph lengths across different sets is consistent, 265

as shown in Figure 6. 266

Pseudo Ground Truth from Titles Since the 267

title (ti ∈ T ) of a paragraph (si ∈ S) is a con- 268

cise summary of the moral values reflected in the 269

paragraph, the semantic similarity between titles, 270

sim(ti, tj), can be considered as the pseudo ground 271

truth for the semantic similarity between corre- 272

sponding paragraphs, sim(si, sj). The semantic 273

similarity between titles can be obtained by em- 274

bedding the titles via ET (·) and calculating their 275

cosine similarity cos(ET (ti), ET (tj)). To perform 276

word embedding on the titles, We trained five word 277

vector models on a large classical Chinese corpus 278

containing over a billion word tokens using dif- 279

ferent frameworks and architectures, and picked 280

the best-performing one (see Appendix B for word 281

vector model details). 282

Positive and Negative Sampling We calculate
the cosine similarities between the title embeddings
cos(ET (ti), ET (tj)), obtained through the word
vector model, of all title pairs (the Cartesian prod-
uct T × T ) in the corpus. The distribution of title
similarities is illustrated in Figure 7. We obtain
positive and negative paragraph pairs by threshold-
ing the similarities of title pairs. Paragraphs whose
titles have similarities exceeding the upper thresh-
old δ+, as well as those with identical titles, were
identified as positive pairs (S × S)+, that is,

{(si, sj)+ | sim(ET (ti), ET (tj)) > δ+}

Conversely, those with titles having similarities
below the lower threshold δ− were designated as
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negative pairs (S × S)−, that is,

{(si, sj)− | sim(ET (ti), ET (tj)) < δ−}

We experiment with several threshold settings,283

including 0.5th/99.5th, 1st/99th, 10th/90th, and284

25th/75th percentiles. Our findings demonstrate285

that the 10th/90th percentile threshold yields the286

best performance, see Figure 4. Hence, for the fol-287

lowing experiments, if not specified, the threshold288

setting has been taken as 10th/90th.289

Figure 4: Performance variation with sampling methods
and thresholds.

Triplet Sampling We implement two strategies,290

random sampling and hard sampling, to con-291

struct triplets of anchor-positive-negative para-292

graphs (sA, s
+
A, s

−
A) from the training set. In ran-293

dom sampling, we select one positive instance s+A294

and one negative instance s−A randomly from the re-295

spective positive pairs (sA×S)+ and negative pairs296

(sA × S)− of the anchor sA. In hard sampling, we297

utilize the pre-trained model fθ(·), which is later298

fine-tuned on these triplets, to embed paragraphs299

and calculate cosine similarities between the pos-300

itive and negative pairs as cos(fθ(sA), fθ(s
+/−
A )).301

For the positive instance, we choose the paragraph302

with the lowest similarity to the anchor from its 303

positive pairs, that is, 304

s+A = argmin
s

{cos(fθ(sA), fθ(s)) |

(sA, s) ∈ (sA × S)+}
305

Conversely, for the negative instance, we select the 306

paragraph with the highest similarity to the anchor 307

from its negative pairs, that is, 308

s−A = argmax
s

{cos(fθ(sA), fθ(s)) |

(sA, s) ∈ (sA × S)−}
309

To prevent the model from over-fitting, we ensure 310

that each paragraph is used as an anchor only once, 311

applying this rule across both random and hard 312

sampling strategies. We also compare the two sam- 313

pling ways in Figure 4 with respect to each positive- 314

negative splitting thresholds. It’s interesting to find 315

that the random sampling has been better than hard 316

sampling ever since the threshold is higher/lower 317

than 0.5th/99.5th, we note that the case could be 318

due to the noise in dataset, which makes the hard 319

sampling failed to find more helpful instances. 320

Fine-tuning with Contrastive Learning We 321

fine-tune several pretrained sentence embedding 322

models on the C-HIS-PSY training set, using a 323

triplet loss function, 324

Ltriplet(θ) =
∑
sA∈S

max{D+ −D−, 0}
325

where D+ denotes the distance between the pos- 326

itive pair, i.e. ∥fθ(sA)− fθ(s
+
A)∥

2

2, and D− de- 327

notes the distance between the negative pair, i.e. 328

∥fθ(sA)− fθ(s
−
A)∥

2

2, α is a constant set to be 5, 329

and θ stands for the pre-trained weights to be fine- 330

tuned. This loss function aims to minimize the 331

squared Euclidean norm between the anchor and 332

positive, and maximize the squared Euclidean norm 333

between the anchor and negative. 334

We construct triplets from the C-HIS-PSY val- 335

idation set to validate the models during training, 336

performing a hyperparameter sweep, to select the 337

best-performing configuration, as shown in Table 338

1. The performance metrics of all models substan- 339

tially improved after fine-tuning, as shown in Fig- 340

ure 1. 341

5



Table 1: Fine-tuning models’ results over validation split. We show the best performing configuration selected over
the validation split which was the final configuration used to report each models’ test performance.

Framework Base Model
If Specific to

Classical Chinese
Batch
Size

Warmup
Epochs

Learning
Rate

Pearson Spearman

BERT Bert-ancient-chinese ✔ 32 3 1.0e-05 .43 .42

RoBERTa
Guwenbert-base ✔ 32 2 2.0e-05 .30 .37

Guwenbert-large ✔ 16 1 2.0e-05 .29 .30

SBERT
Paraphrase-multilingual-

MiniLM-L12-v2
✗ 32 1 2.0e-05 .19 .19

MacBERT+CoSENT text2vec-base-chinese ✗ 32 2 2.0e-05 .34 .32

ERNIE+CoSENT
text2vec-base-chinese-

paraphrase
✗ 32 2 2.0e-05 .40 .40

LERT+CoSENT text2vec-large-chinese ✗ 16 2 2.0e-05 .36 .37

Table 2: Fine-tuning models’ final performance under three methods of DDR, CCR, and Prompting.

Framework Base Model

Semantic
Textual Similarity

(Easy Task)

Semantic
Textual Similarity

(Hard Task)

Questionnaire
Item Classification

Psychological
Measure

Pears. Spear. Pears. Spear. Accuracy Pears. Spear.

(a) DDR
Word2Vec (CBOW) / .02±.11 .02±.10 −.03±.02 −.02±.01 .80±.16 .24±.07 .25±.05

Word2Vec (Skip-gram) / .08±.11 .09±.11 .02±.02 .02±.01 .87±.15 .17±.09 .19±.08

FastText (CBOW) / .05±.11 .04±.10 −.01±.01 .01±.01 .90±.13 .24±.06 .26±.05

FastText (Skip-gram) / .10±.10 .11±.10 .03±.02 .04±.01 .85±.16 .18±.08 .20±.07

GloVe / .07±.10 .09±.11 .01±.02 .01±.01 .83±.15 .16±.09 .21±.06

(b) CCR
BERT Bert-ancient-chinese .53±.07 .55±.07 .42±.01 .43±.01 .93±.11 .29±.08 .29±.08

RoBERTa Guwenbert-base .29±.07 .46±.09 .25±.01 .40±.01 .90±.11 .15±.05 .15±.09

RoBERTa Guwenbert-large .41±.05 .44±.07 .28±.01 .31±.01 .83±.13 .23±.01 .21±.06

SBERT
Paraphrase-multilingual-

MiniLM-L12-v2
.20±.15 .21±.14 .18±.01 .19±.01 .82±.19 .16±.01 .14±.02

MacBERT+CoSENT text2vec-base-chinese .41±.09 .40±.09 .32±.01 .31±.01 .95±.08 .15±.03 .15±.02

ERNIE+CoSENT
text2vec-base-chinese-

paraphrase
.45±.09 .45±.09 .38±.01 .37±.01 .93±.11 .10±.09 .10±.09

LERT+CoSENT text2vec-large-chinese .46±.12 .47±.08 .36±.01 .38±.01 .97±.07 .21±.06 .19±.06

(c) Prompting
GPT GPT-3.5 .08 .04 .26 .28 .63 .05±.08 .08±.10

GPT GPT-4 .62 .52 .40 .30 .77 .21±.09 .23±.10

4 Evaluation and Results342

In three tasks, we evaluated CCR (with sentence343

embedding models) and compared it with the stan-344

dard DDR approach (with word embedding mod-345

els) and the prompting method with LLMs. The346

results are shown in Table 2.347

4.1 Semantic Understanding 348

Understanding of Historical Text: Semantic Tex- 349

tual Similarity For the CCR method, we embed 350

whole paragraphs with sentence embedding mod- 351

els, and then calculate the cosine similarity between 352

each pair of paragraphs. For the DDR method, we 353

average the word vectors of all the words in the 354

paragraph, and then calculate the cosine similarity 355

between each pair of paragraphs. For the LLM- 356
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prompting method, we craft a few-shot prompt357

(Figure 8) asking for a similarity score, ranging358

from 0 to 1, between each pair of paragraphs. As359

mentioned, similarities between the titles of each360

pair of paragraphs are used as the pseudo ground361

truth.362

We construct paragraph pairs for evaluation from363

paragraphs in the C-HIS-PSY test set through two364

different sampling methods: random sampling365

(where a paragraph is randomly paired with any366

other paragraph to form pairs) and threshold sam-367

pling (where a paragraph is paired only with posi-368

tive or negative samples filtered by a certain thresh-369

old), respectively. Due to the thresholded sampling,370

the constructed pairs are positive and negative sam-371

ples for each other, with more significant differ-372

ences between them; thus, we refer to it as the Easy373

Task. In contrast, the pairs formed through pure374

random sampling might contain samples that are375

ambiguous and unclear, making the test more chal-376

lenging, which we call the Hard Task, as shown in377

Table 2.378

Understanding of Questionnaire Item: Text379

Classification We convert several broadly ac-380

cepted questionnaires from English into classi-381

cal Chinese, including Collectivism, Individualism382

(Oyserman et al., 2002), Tightness and Looseness383

(Gelfand et al., 2006), by employing the Cross-384

lingual Questionnaire Conversion (CQC) approach385

described in Section 3.1.386

For both the CCR and DDR methods, all the387

items from these questionnaires are embedded.388

Then we conduct 10-fold cross-validation, using389

Support Vector Machines (SVM) as the classifier,390

and text embeddings or averaged word vectors as391

features. For the prompting method, we craft a392

few-shot prompt (Figure 9) directly asking for clas-393

sification.394

4.2 Psychological Measure395

For both CCR and DDR methods, we calculate the396

average cosine similarities between each paragraph397

in the test set and all the items in each questionnaire,398

representing the “loading score” of the paragraph399

on the questionnaire.400

For the prompting method, we craft a few-shot401

prompt (Figure 10) king for a score, ranging from402

0 to 1, to measure each paragraph with respect403

to the topic of each questionnaire. Items in each404

questionnaire are provided in the prompt.405

We built a corresponding dictionary for each psy-406

chological construct. Average similarities between 407

the title of each paragraph and all the terms in each 408

dictionary are used as the pseudo ground truth. 409

5 Benchmarking: Traditionalism, 410

Authority and Attitude toward Reform 411

Moral values and political orientations are closely 412

intertwined (Federico et al., 2013; Kivikangas et al., 413

2021). For example, the attitude of individuals to- 414

ward reforms, policy changes, and new legislation 415

often reflects traditionalism, conservatism, and re- 416

spect for authority (Hackenburg et al., 2023; Kol- 417

eva et al., 2012). Those with stronger traditionalist 418

views are more likely to identify with the existing 419

social order and resist changes to the status quo 420

(Osborne et al., 2023; Jost and Hunyady, 2005). 421

Officials’ Attitudes toward Reform in the 11th 422

Century Throughout Chinese history, there have 423

been numerous instances of significant reforms, 424

one of the most notable of which being the Wang 425

Anshi’s New Policies in the 11th century, which 426

faced mixed reactions from officials. We draw upon 427

a dataset manually compiled by Wang (2022), who 428

annotated the attitudes of 137 major officials to- 429

ward the reform. 430

Individual-level Measure of Traditionalism and 431

Authority We extract writings of these officials 432

documented in the Complete Prose of the Song Dy- 433

nasty. Questionnaires of traditionalism (Samore 434

et al., 2023) (Figure 12) and authority (Atari et al., 435

2023a) (Figure 11) are converted from English into 436

classical Chinese, by employing the Cross-lingual 437

Questionnaire Conversion (CQC), described in Sec- 438

tion 3.1. 439

Employing the best-performing fine-tuned 440

model, we use our CCR pipeline to measure the 441

levels of traditionalism and attitudes toward author- 442

ity expressed in their texts. For each individual 443

official, results are aggregated by calculating the 444

average score across all of their writings. 445

Results In support of the validity of our pipeline 446

and based on our theoretical framework, we found 447

a significant correlation (Figure 5) between offi- 448

cials’ attitudes toward the reforms and the levels 449

of traditionalism and authority measured through 450

CCR. Authority and traditionalism both show a 451

significant negative correlation with support for re- 452

form, with Spearman correlation coeffecients less 453

than 0.4 and p-values less than 0.001. Officials 454
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Figure 5: Correlation between Traditionalism / Author-
ity and Officials’ Attitudes toward Reforms. (a) and
(c) present the average psychological measure scores
with standard errors, utilizing an ordinal variable where
-1 signifies opposition to the reform, 0 indicates a neu-
tral or no explicit attitude, and 1 denotes support for
the reform (Number of observations: 108). (b) and (d)
depict the linear regression lines accompanied by 95%
confidence intervals, employing a continuous variable
that ranges from 0 to 1 to quantify officials’ degree of
support for the reform (Number of observations: 56).

with greater traditionalism and respect for existing455

authority are more likely to oppose reform.456

Table 3: Spearman Correlation between CCR-based
measure of moral values and actual attitude toward re-
form of officials.

Support
for Reform

Attitude toward
Reform

Traditionalism -0.441*** -0.279**

Authority -0.472*** -0.310**

This finding supports the validity of CCR as a457

valid text-analytic pipeline to extract meaningful458

psychological information from classical Chinese459

corpora.460

6 Discussion and Conclusion461

Historical-psychological text analysis is a new line462

of research focused on extracting different aspects463

of psychology from historical corpora using state-464

of-the-art computational methods (Atari and Hen-465

rich, 2023). Here, we create a new pipeline, CCR,466

as a helpful tool for historical-psychological text467

analysis. Evaluating our model against word em-468

bedding models (e.g., DDR) and more recent LLMs 469

(e.g., GPT4), we demonstrated that CCR performs 470

better than these alternatives while keeping its high 471

level of interpretability and flexibility. Classical 472

Chinese is of great historical significance, and the 473

proposed approach can be particularly helpful in 474

testing new insights about the “dead minds” who 475

lived centuries or even millennia prior. We hope 476

our tool motivates future work at the intersections 477

of psychology, quantitative history, and NLP. 478

7 Limitation 479

The judgment of moral values often carries subjec- 480

tivity, and the patterns learned from the model carry 481

the bias of pre-training data. Due to the severe lack 482

of fine-grained data available for training in the 483

fields of classical Chinese literature and historical 484

texts, the method of indirect supervised learning we 485

adopt may lead to the model learning some noise 486

from the data, affecting the model’s performance. 487

Compiling more finely annotated datasets manually 488

is our future work direction. 489
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A Historical Psychology Corpus Details 761

A.1 Distribution of Paragraph Lengths 762

To ensure the inclusion of sufficient semantic in- 763

formation, paragraphs containing fewer than 50 764

characters have been merged with the preceding 765

paragraph of the article or chapter, wherever pos- 766

sible. To accommodate the token limitations of 767

models such as BERT, paragraphs that exceed 500 768

characters have been divided into segments with 769

fewer than 500 characters each, while maintaining 770

the integrity of the original sentence structure as 771

much as possible. The average length of paragraphs 772

is 195 characters. 773

Figure 6: Distributions of paragraph lengths in different
sets.

A.2 Distribution of Title Similarities 774

Figure 7: Distribution of title similarities with thresh-
olds.
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B Word Embedding Model Details775

B.1 Corpus776

B.2 Pre-processing777

Before training the word vector model, we778

conducted word segmentation on the cor-779

pus, employing the pretrained tokenizer780

“COARSE_ELECTRA_SMALL_ZH” from HanLP781

(https://hanlp.hankcs.com/docs/782

api/hanlp/pretrained/tok.html).783

After word segmentation, the corpus consists of784

1.04 billion word tokens and an initial vocabulary785

containing 15.55 million unique words. By trun-786

cating the vocabulary at a minimum word count787

threshold of 10, the final vocabulary size is reduced788

to 1.27 million words.789

B.3 Training Hyperparameters790

We train our word vector models on the same cor-791

pus using various frameworks and architectures,792

such as Word2Vec (with CBOW and Skip-gram)793

(Mikolov et al., 2013), FastText (with CBOW and794

Skip-gram) (Bojanowski et al., 2017), and GloVe795

(Pennington et al., 2014). The hyperparameters are796

presented in Table 4.797

Figure 8: Few-shot prompt for the semantic textual
similarity task.

Figure 9: Few-shot prompt for the questionnaire item
classification task.

Figure 10: Few-shot prompt for the psychological mea-
sure task.
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Table 4: Word Vector Model Training Hyperparameters and Evaluation Results

Framework Architecture Vector Size Epoch Window Size Other Parameters

Word2Vec
CBOW 300 5 5 negative=5

Skip-gram 300 5 5 negative=5

FastText
CBOW 300 5 5 negative=5, min_n=1, max_n=4

Skip-gram 300 5 5 negative=5, min_n=1, max_n=4
GloVe 300 15 5 x_max=100, alpha=0.75

Figure 11: Questionnaire of Authority in classical Chi-
nese.

Figure 12: Questionnaire of Traditionalism in classical
Chinese.
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