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Abstract001

We propose a new model for topological text002
analysis based on so-called flow graphs (TOP-003
TEXT). Our model refines existing approaches004
insofar as its architecture has a built-in dis-005
tinction between syntax (horizontal structure)006
and semantics (vertical structure). The hori-007
zontal structure is generated by the individual008
sentences of the text while the vertical struc-009
ture is generated by lexical recurrence or se-010
mantic fields. The whole flow graph embeds011
in a two-dimensional oriented surface whose012
geometry is richer than the one-dimensional013
models traditionally used in distributional se-014
mantics. The combinatorics of the flow graph015
allow for several transparent and interpretable016
algorithms of topic modeling and focus detec-017
tion. The windows of distributional semantics018
are replaced here with so-called boundary cy-019
cles, well known in mathematics and not de-020
pending on any choice of parameter. The se-021
mantic fields can be generated manually or via022
existing word embeddings. Our model is well023
suited for analyzing literary texts (e. g. poems),024
scientific texts or philosophical texts.025

1 Introduction026

With the digitalisation and use of quantitative meth-027

ods in literature, linguistics and philosophy, several028

methods have been developed to identify ‘themes’029

in a text through keywords. Particular interest has030

been given to the so-called ‘topic modeling’. The031

output is usually a set of keywords intended to032

describe the main topics of the text. Although ex-033

isting models, see e. g. Deerwester et al. (1990);034

Blei (2012), have been successful in applications, it035

seems appropriate to reconsider the basic assump-036

tions of such approaches, first and foremost, the037

underlying conception of language.038

The methods used in NLP models rely, in one039

form or another, on the hypothesis that the meaning040

of a word is determined by its frequency distribu-041

tion. This goes back, amongst others, to Harris042

(1951), and roughly claims that two words have 043

similar meaning if they occur in similar contexts. 044

A word is often represented as a vector, whose 045

dimension corresponds to the size of context, and 046

whose coordinates count the number of occurrences 047

in this context (Turney and Pantel, 2010). 048

One of the basic motivations for TOPTEXT was 049

to propose a model for text analysis which remains 050

as long as possible independent from any statistical 051

hypothesis. For us, text analysis includes at least 052

a determination of the main themes/rhemes of a 053

text: a theme is what is being discussed, what is at 054

issue, or the context in which information becomes 055

comprehensible; a rheme is what is said about the 056

theme, what is relevant and in focus. A text is 057

an explication of a theme (or several themes) by 058

means of rhemes. This functional distinction has 059

been discussed by the Prague School, see Benes 060

(1973); Danes (1974); Mathesius (1975) as well 061

as in the Anglo-American sphere Halliday (1967), 062

where it appears under the designation topic-focus 063

or topic-comment, e. g. Chomsky (1990). 064

In many of the existing text analysis methods, 065

crucial decision-making processes are not really 066

transparent or interpretable and take place within 067

a black box. It is often impossible to understand 068

how the system works and what steps it performs 069

(transparency) or how it produces certain results 070

(interpretability) (Serrano and Smith, 2019; Lipton, 071

2018; Vanni and Mayaffre, 2026). At the same 072

time, these results are only reproducible to a limited 073

extent; consequently, stability is not guaranteed and 074

errors occur that are difficult to explain (Arkoudas, 075

2023). 076

In general, the ‘distributional view’ of language 077

is successful when dealing with everyday language, 078

where the level of complexity is relatively low. Lit- 079

erary, philosophical, and scientific texts, on the 080

other hand, are characterised by intertextual and 081

intratextual references, self-referentiality, rhetor- 082

ical figures etc., where understanding requires a 083
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“grasp of the objective internal process logic of084

the works and their contextual meaning. [. . . ] It085

is not the depicted meaning, but the meaning ar-086

ticulated through internal appropriateness, form,087

organisation and functionality that creates mean-088

ingful connections.” (our transl.) (Zittel, 2026)089

The question therefore arises as to whether such090

structures are better accounted for by other models091

than by distributional semantics.092

The originality of the TOPTEXT model lies in093

the fact that a text is represented from the outset094

as a two-dimensional object, in which sentences095

form the horizontal structure while intersentential096

word repetitions (or semantic fields) form the ver-097

tical structure. Syntax and semantics thus gener-098

ate a two-dimensional graphical network of words.099

The usual representation of words as vectors is dis-100

pensed with as is the choice of a window width101

familiar in distributional semantics. Instead, the102

context of a word is entirely determined by the103

horizontal and vertical structure of the surrounding104

graph. The mathematical structure of this graph105

is what we call a flow graph. It is intended to be106

shown that the flow graph of a text carries more107

‘hermeneutic information’ than existing models for108

text analysis.109

It is possible to incorporate additional informa-110

tion in form of semantic fields into the flow graph.111

These semantic fields can be specified manually,112

or generated automatically. In the latter case, we113

use word embeddings to generate a word similarity114

matrix, and some elementary clustering methods115

to determine the semantic fields. Even in this case,116

transparency and interpretability remain largely117

preserved, since the generated semantic fields can118

be supervised, and corrected if necessary.119

The advantages of the TOPTEXT model lie par-120

ticularly in the analysis of texts where formal as-121

pects are highly relevant to semantics, i. e. in philo-122

sophical, scientific, and lyrical texts. We hope that123

our model puts the digital access to literary, philo-124

sophical and academic texts on a new footing. A125

prototype was presented in Boehm (2023) and for126

all examples so far analyzed the result has been127

very satisfactory.128

2 Architecture129

The flow graph of a text contains, as mentioned be-130

fore, two classes of edges, the horizontal edges de-131

scribing the syntactical order of the words in the in-132

dividual sentences, and the vertical edges represent-133

ing lexical recurrences or semantic fields. The con- 134

struction of the flow graph implies that the edges 135

around a term of the text are cyclically ordered. 136

This induces the existence of so-called boundary- 137

cycles, as well as an embedding of the flow graph 138

into a two-dimensional surface. The latter induces 139

so-called homology cycles. Our hypothesis is that 140

boundary cycles contain thematic information, ho- 141

mology cycles rhematic information. The occur- 142

rences of words along these paths can then be exam- 143

ined using conventional statistical methods. In this 144

way, we replace linear one-dimensional statistics 145

with a two-dimensional model of semantic circula- 146

tion, accounting for long-range semantic connec- 147

tions in the text. Meaning is not bound to local 148

proximity but arises from participation in a global 149

recurrence structure. 150

1. Sentence cycles Sentences possess a natural 151

syntagmatic order, which we model as closed edge 152

paths and hereafter refer to as sentence cycles. Two 153

consecutive words (nodes) as well as the last and 154

the first are connected by an edge (see Fig. 1). The 155

sentence cycle takes account of the intuition that a 156

sentence is ordered and can be read several times. 157

Thus, the TOPTEXT model also incorporates as- 158

pects of human cognition and memory. Every term 159

of a text is thus located in a specific sentence cycle. 160

2. Relational cycles Relationships between 161

terms are also represented by cycles. In the sim- 162

plest case, all identical words (homonyms) that 163

appear in different sentences are linked by a rela- 164

tional cycle. In more complex cases, words that 165

have similar semantic content are likewise linked 166

by a relational cycle. Here, the cycle structure 167

is generated by the natural order of the sentences 168

inside the text. Word repetitions thus generate a 169

second vertical dimension. The relational cycles 170

take account of the intuition that, when reading 171

a text, we retain word repetitions and similar se- 172

mantic references and incorporate them into our 173

text interpretation. In principle, intertextual associ- 174

ations, connotations or other world knowledge can 175

also be incorporated into relational cycles. 176

The word similarity classes are represented by 177

text-specific semantic fields. These can be speci- 178

fied either manually or generated automatically. In 179

the latter case, we accept a possible loss of trans- 180

parency and interpretability, in order to gain, from 181

a hermeneutic perspective, a preliminary under- 182

standing that might contribute to the coherence of 183

the interpretation. In academic texts, lexical re- 184

currence generally suffices to produce a connected 185
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Figure 1: Two sentence cycles (blue) and one relational
cycle (red), which links the word “example” appearing
in both cycles. Together, all sentence and relational cy-
cles in a text form what we call flow graph. This graph
is in general non-planar.

Figure 2: The intersections of sentence and relational
cycles are cyclically ordered.

flow graph; in poems, however, this is not the case,186

and semantic fields provide essential hermeneutic187

extra-information.188

Sentence cycles and relational cycles together189

form what we call the flow graph of the text (see190

Fig. 1). This structure ties in with Algirdas Greimas191

structural semantics: “Language is not a system of192

signs, but an association of structures of meaning”193

Greimas (1971), p. 15; cf. also Rastier (2001).194

3. Boundary cycle The flow graph is endowed195

with a specific structure known in mathematics:196

The intersection points between sentence and rela-197

tional cycles are cyclically ordered according to the198

following rule: 1. the sentence edge entering the199

node, 2. the relational edge entering the node, 3.200

the sentence edge leaving the node, 4. the relational201

edge leaving the node.202

This additional structure makes it possible to em-203

bed the flow graph into a two-dimensional oriented204

Figure 3: A schematic representation of five sentence
cycles (a, b, c, d, e in blue), linked by relational cycles
(red and other colours). One of the boundary cycles is
shown in black.

surface (Labourie, 2013), the topology of which 205

provides important clues for the hermeneutics of 206

the text. In particular, edge paths can be formed 207

in the flow graph in which sentence and relational 208

edges are used alternately. Such an edge path is 209

necessarily closed and is called a boundary cycle 210

because it bounds a two-dimensional cell of the 211

aforementioned oriented surface. Every edge of 212

the flow graph is traversed exactly twice, either 213

by two different boundary cycles or by the same 214

boundary cycle. Thus, all terms of the text are in- 215

corporated into boundary cycles. The surface is 216

divided into cells, each bounded by a uniquely de- 217

termined boundary cycle of the flow graph. One 218

can visualise an edge traversed twice as a ribbon. 219

For this reason, the flow graph with cyclically ori- 220

ented nodes is referred to in mathematics as a rib- 221

bon graph. 222

One of the key features of the TOPTEXT ar- 223

chitecture is therefore the embedding of the flow 224

graph into an oriented surface. This represents an 225

innovation compared to other models, which are 226

essentially one-dimensional. The two-dimensional 227

surface contains the text as a graph. Each term 228

corresponds to a node. A term is a word located 229

within a sentence, i. e. a word that carries both an 230

index indicating its sentence membership and an 231

index indicating its position within the sentence. 232

4. Homology cycles The embedding surface is 233

a compact two-dimensional topological space. It is 234

characterised by a topological invariant, the Euler 235

characteristic χ = V − E + F = 2 − 2g. In this 236

formula, V,E, F denote the number of vertices, 237

edges and faces (equal to the number of boundary 238
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Figure 4: An embedding space of genus g = 5. The fig-
ure shows a schematic representation of some homol-
ogy cycles.

cycles); g is the genus of the surface. For a torus,239

g = 1; for a double torus, g = 2; for a pretzel,240

g = 3. The surface is further characterised by241

the so-called first homology group H1, which is242

generated by 2g homology cycles. Visually, one243

can imagine that the homology cycles ‘entangle’244

the embedding surface (cf. Fig. 4).245

3 Hermeneutics246

The first hypothesis of TOPTEXT is that terms con-247

tained in the same boundary cycle of a flow graph248

form a thematic unit of the underlying text. This249

is prima facie plausible since each boundary cycle250

surrounds a cell of the surface and all cells together251

partition the surface in a unique manner. Moreover,252

the cells can be contracted so that the words within253

the same boundary cycle can be brought into arbi-254

trary proximity inside the embedding surface. This255

hypothesis has to be tested empirically by compar-256

ing these thematic units with human expectations257

regarding interpretation.258

There are longer and shorter boundary cycles,259

and the latter can be understood not only as the-260

matic units but also (and often better) as motives.261

As second hypothesis we claim that the homol-262

ogy cycles correspond to the rhematic units of the263

text. This hypothesis can be justified by the fact264

that homology cycles ‘entangle’ the embedding sur-265

face (cf. Fig. 4) and, in this sense, may represent266

progressions between certain thematic units. In this267

paper though, we shall focus on thematic units.268

4 Implementation269

To ensure efficient processing and to handle longer270

texts, our model has been implemented in Python.271

The current code (approx. 800 lines) uses five272

Python packages: networkx, matplotlib (for flow273

graphs), sympy (for linear algebra), gensim.models 274

and sklearn.cluster (for word embeddings and se- 275

mantic clustering). 276

For a given text, the program computes: flow 277

graph, dual graph, boundary cycles, homology cy- 278

cles, surface genus, and various correlation matri- 279

ces representing the word distribution with respect 280

to the boundary cycles. All cycles can be plotted 281

graphically. 282

Our lemmatisation follows established standards: 283

the terms are replaced with their normal forms 284

resp. lexemes (verbs in infinitive, nouns in nom- 285

inative singular). Punctuation marks, definite and 286

indefinite articles, prepositions, pronouns and auxil- 287

iary verbs are eliminated. Among the conjunctions 288

only the temporal, correlative and causal ones are 289

retained. 290

The determination of semantic fields is via word 291

embeddings (we use fasttext) and DBSCAN. The 292

algorithm is such that the semantic fields are ‘small- 293

est possible’ in order to get a connected flow graph. 294

So, if the flow graph is already connected, the se- 295

mantic fields are singletons, and semantic circula- 296

tion reduces to lexical recurrence. 297

In the dual graph of a flow graph, the bound- 298

ary cycles are represented by nodes and any two 299

nodes are joined by a weighted edge. The weight 300

is a measure of the proximity of the correspond- 301

ing boundary cycles. The dual graph, weighted 302

in this way, makes it possible to assemble bound- 303

ary cycles (i. e. thematic units) into themes: these 304

themes correspond to the connected components 305

of the reduced dual graph, where only those edges 306

are kept whose weight exceeds a certain threshold 307

(in practice a trimmed average of all weights). 308

To assign to a boundary cycle (i. e. a thematic 309

unit) a list of keywords describing it, we propose 310

three methods: The first just extracts the most fre- 311

quent words within the boundary cycle. The sec- 312

ond (resp. third) method involves computing what 313

we call the T-centrality (resp. C-centrality) of a 314

word. The T-centrality of a word is the number of 315

terms in the text corresponding to this word. The C- 316

centrality of a word is the sum of the C-centralities 317

of all terms corresponding to this word, where the 318

C-centrality of a term is the probability that an arbi- 319

trary term of the text is connected to the given term 320

via a boundary cycle. For each thematic unit (or 321

theme), the words with highest T-centrality (resp. 322

C-centrality) are extracted. In practice the three 323

methods produce similar results. 324

Instead of extracting keywords we also propose 325
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Figure 5: The four types of cycles for a text example consisting of three sentences. For the sake of clarity, only 2 of
the 8 relational cycles (left-hand image) and 1 of the 14 boundary cycles (middle image) are shown. The homology
cycles are shown in full (right-hand image).

Figure 6: Feynman’s original text before preprocess-
ing.

to locate sentences in the text ‘describing’ a given326

thematic unit (resp. theme). We extract those sen-327

tences that are most frequently intersected by a328

boundary cycle (resp. the boundary cycles) corre-329

sponding to a thematic unit (resp. theme).330

5 Examples331

The selection of our examples is guided by the idea332

that they should treat different genres, but also carry333

complexity and literary quality. Their referential334

structures are therefore likely to be better described335

by our two-dimensional model than by the one-336

dimensional models of distributional semantics.337

Our first example is an excerpt from Richard338

Feynman’s popular science book on quantum elec-339

trodynamics (Feynman, 1985), p. 13-14.340

The output of the TOPTEXT algorithm provides341

Figure 7: Input text for the Python code after prepro-
cessing according to our lemmatisation rules. The aux-
iliary verbs “can, be, should, will” and “must”, and the
pronouns “I, we, he, it, this” and “that” have been elim-
inated. Contrasting words such as “but” and “not” have
been kept.

the following list of themes into which the text is 342

divided: 343

theme 1 in boundary components [1, 2, 4, 6, 7, 344

9, 12] in sentences [2] keywords : ’light’ T-central 345

words : [(’light’, 73), (’not’, 30), (’color’, 22), 346

(’red’, 18), (’all’, 18)] C-central words : [(’light’, 347

23.76), (’not’, 11.59), (’all’, 6.6), (’color’, 6.12), 348

(’thing’, 5.47)] 349

theme 2 in boundary components [3] in sen- 350

tences [1, 3] keywords : ’find’, ’white’ T-central 351

words : [(’find’, 2), (’white’, 2)] C-central words : 352

[(’find’, 0.75), (’white’, 0.75)] 353

theme 3 in boundary components [5] in sen- 354

tences [2, 3] keywords : ’light’, ’white’ T-central 355
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Figure 8: Flow graph for the Feynman text, cf. Fig. 1.
The sentence cycles are here depicted linearly for the
sake of clarity; the last word in each line is thought to
be linked to the first. The blue edges are sentence edges,
while the red edges are relational cycles. The graph is
connected.

words : [(’light’, 2), (’white’, 2)] C-central words :356

[(’white’, 0.75), (’light’, 0.59)]357

theme 4 in boundary components [8] in sen-358

tences [3, 4, 5, 10, 12, 20] keywords : ’light’ T-359

central words : [(’light’, 3), (’not’, 2), (’different’,360

2), (’each’, 2), (’number’, 2)] C-central words :361

[(’light’, 1.05), (’called’, 0.91), (’not’, 0.75), (’num-362

ber’, 0.75), (’each’, 0.59)]363

theme 5 in boundary components [10, 11] in364

sentences [5, 17] keywords : ’quantum’, ’electro-365

dynamics’ T-central words : [(’quantum’, 4), (’elec-366

trodynamics’, 4)] C-central words : [(’quantum’,367

1.18), (’electrodynamics’, 1.18)]368

theme 6 in boundary components [13] in sen-369

tences [8, 10] keywords : ’red’, ’blue’ T-central370

words : [(’red’, 2), (’blue’, 2)] C-central words :371

[(’red’, 0.59), (’blue’, 0.59)]372

theme 7 in boundary components [14] in sen-373

tences [14, 15] keywords : ’change’, ’number’ T-374

central words : [(’number’, 2), (’change’, 2)] C-375

central words : [(’number’, 0.59), (’change’, 0.59)]376

theme 8 in boundary components [16, 17, 15]377

in sentences [18, 19] keywords : ’make’ T-central378

words : [(’make’, 6), (’particle’, 4), (’light’, 2),379

(’up’, 2)] C-central words : [(’particle’, 1.82),380

(’light’, 0.75), (’make’, 0.63), (’up’, 0.01)]381

Figure 9: In the dual graph for the Feynman text, each
node represents a boundary cycle (17 in total). The
edge weights in the dual graph indicate how many
edges in the flow graph are shared. For instance, bound-
ary cycle 1 and boundary cycle 2 share almost half
of their edges (0.48) and can therefore be regarded as
neighbouring regions in the embedding surface.

For instance, the output “theme 3 in boundary 382

components [5] in sentences [2, 3]” means: The 383

third of the eight extracted themes is “white light”, 384

which is the most frequent term in boundary com- 385

ponent 5. It is best expressed or articulated in sen- 386

tences 2 and 3: “He separated white light with a 387

prism into various colors, but when he put light 388

of one color – red, for instance – through another 389

prism, he found it could not be separated further. 390

Thus Newton found that white light is a mixture of 391

different colors, each of which is pure in the sense 392

that it cannot be separated further.” Here, keywords, 393

T-central words and C-central words coincide up 394

to ordering. 395

If one were to ask human readers ‘what this text 396

is about’ or how they would summarise it or struc- 397

ture it thematically, a plausible answer would be: i) 398

The text is about light. ii) Newton found that white 399

light is a mixture of different colours; iii) Light 400

does not refer solely to visible light such as red 401

or blue. Changing the frequency yields different 402

wavelengths; iv) All this is described in quantum 403

electrodynamics; v) Light therefore consists of par- 404

ticles, as Newton had already surmised. 405

One can now easily assign the above themes to 406

this answer: i) The text is about light (theme 1). ii) 407

Newton found (theme 2) that white light (theme 408

3) is a mixture of different colours; iii) Light does 409

not only refer to visible light such as red or blue 410

(theme 6). If one changes the frequency, one arrives 411
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Figure 10: Shakespeare’s original text before prepro-
cessing.

at different wavelengths (theme 7); iv) All this is412

described in quantum electrodynamics (theme 5);413

v) Light therefore consists, as Newton had already414

assumed, of particles (theme 8). In this context,415

theme 4 is redundant in relation to the main theme,416

as evidenced by the fact that, like theme 1, it is417

expressed through many sentences in the text.418

Notably, this result is achieved purely through419

the text itself, without the addition of semantic420

fields or any external additions such as world421

knowledge. This is interesting for the envisaged422

application to literary, philosophical, and scien-423

tific texts where formal elements are important424

for meaning. Furthermore, the vocabulary used425

in these types of text differs from that found in426

everyday and ordinary texts: literary texts contain427

specific, carefully chosen, and rare words. In philo-428

sophical and academic texts it is important that the429

terminology remains consistent. Both aspects are430

precisely taken care of by the relational cycles.431

After this scientific text, our second example is432

a poetic text from Shakespeare’s play King Lear.433

Here, the sentence cycles are verses.434

Based on the grouping of boundary cycles in435

the dual graph shown in Fig. 13, the text is divided436

into four thematic components, whose output is as437

follows:438

theme 1 in boundary components [1, 2, 3] in439

sentences [15] keywords : ’we’ T-central words :440

[(’we’, 20), (’daughter’, 10), (’shall’, 8), (’care’, 8),441

(’you’, 8)] C-central words : [(’we’, 6.5), (’daugh-442

ter’, 4.93), (’care’, 3.94), (’you’, 3.94), (’now’,443

3.94)]444

Figure 11: Input text for the Python code after prepro-
cessing according to our lemmatisation rules.

Figure 12: Flow graph for the Shakespeare text.

theme 2 in boundary components [4] in sen- 445

tences [1, 4, 10, 12] keywords : ’daughter’, ’me’, 446

’we’, ’young’ T-central words : [(’we’, 2), (’me’, 2), 447

(’young’, 2), (’daughter’, 2), (’map’, 1)] C-central 448

words : [(’we’, 0.99), (’me’, 0.99), (’young’, 0.99), 449

(’daughter’, 0.99), (’strength’, 0.49)] 450

theme 3 in boundary components [5, 6] in sen- 451

tences [5, 6] keywords : ’son’ T-central words : 452

[(’son’, 4), (’Cornwall’, 2), (’Albany’, 2)] C-central 453

words : [(’son’, 1.97), (’Cornwall’, 0.99), (’Al- 454

bany’, 0.99)] 455

theme 4 in boundary components [7] in sen- 456

tences [7, 13] keywords : ’we’, ’will’ T-central 457

words : [(’we’, 2), (’will’, 2), (’have’, 1), (’this’, 1), 458

(’hour’, 1)] C-central words : [(’we’, 0.99), (’will’, 459

0.99), (’have’, 0.49), (’this’, 0.49), (’hour’, 0.49)] 460
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Figure 13: In the dual graph for the Shakespeare text,
each node represents a boundary cycle. In this example,
there are 7 boundary cycles in total, with two connected
components: boundary cycles 1, 2 and 3, as well as 5
and 6, due to the number of shared edges exceeding the
average.

This thematic structure is also highly plausible:461

the main character is Lear, who speaks of himself462

in the plural majestatis, using “we”, and makes a463

declaration of intent regarding his succession (“we464

will”), in which he calls upon his ‘sons’ Cornwall465

and Albany, who are already married to Lear’s first466

two daughters, the third of whom is now also to467

be married. This paraphrase becomes clearer when468

the themes, as indicated above, are formulated or469

expressed in respective sentences.470

Note that the extracted keywords are not merely471

the most frequent words in the text, but occur with472

roughly the same frequency as others. The result473

was achieved by incorporating manually defined474

semantic fields, namely: {purpose, intent}, {age,475

death}, {kingdom, court}, {Cornwall, Albany},476

{tell, speak} making the text more coherent in line477

with what we said above.478

6 Outlook479

At this stage, the criteria for a successful text analy-480

sis are simply consistency with human expectation.481

In principle, this issue could be objectified by in-482

creasing the number of interpreters and the number483

of texts in an empirical survey. The text selection484

described above, comprising texts that are as var-485

ied and diverse as possible, is also beneficial for486

this purpose. One difficulty in defining criteria lies487

in the fact that the TOPTEXT model seeks to un-488

derstand texts not merely in general terms, but in489

their particularity and immanent to the text itself.490

It is therefore not possible, as with distant reading, 491

to calculate averages across many texts and then 492

compare them with general thematic expectations. 493

We are well aware that the analysis presented 494

leaves many open questions such as: what is the 495

influence of the lemmatisation on the results? What 496

can be gained in terms of accuracy by including 497

semantic fields? How well does the model capture 498

different thematic structures (concentrated, scat- 499

tered, linearly structured, circularly structured, hi- 500

erarchical)? How does our model compare to other 501

methods? Regarding the first question, we have 502

carried out extensive tests using varying numbers 503

and types of stop words. The model proved to be 504

suffiently stable, most of the topics remaining un- 505

changed. Regarding other models we must first 506

work out a method for a fair comparison as our 507

model is, for instance, per se not trained on any 508

data unless semantic fields are included. 509

Striking features of the TOPTEXT model are: 510

Full transparency and interpretability. In line with 511

the requirement for explainable AI, our algorithm 512

clearly delivers comprehensible results. Prior train- 513

ing on a reference corpus is not required. Where 514

external semantic fields are incorporated, the pro- 515

cesses are controllable and scannable. This pro- 516

vides the basis for a transparent hermeneutic analy- 517

sis of texts. Due to the simple architecture, the re- 518

sults are obtained in an efficient and cost-effective 519

way. 520
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