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Abstract 

The origin of Karez in Turpan, China remains contested among three hypotheses: Central Asia 

Introduced (CAI), Central Plains Introduced (CPI), and Local People Innovated (LPI). Fragmented 

multilingual literature, circular citation practices, and inconsistent evidentiary standards hinder this 

debate. An auditable multilingual, multi-LLM evidence-synthesis hypothesis evaluation framework was 

proposed, comprising progressive literature retrieval, RAG-based candidate-passage localization, 

parallel multi-LLM evidence discovery, source-constrained validation, Evidence Family consolidation, 

and robustness analysis. From 275 full-text publications, 141 text chunks were retrieved and 727 

candidate evidence records generated by DeepSeek V4 Pro, GLM-5.2, and Qwen3.7-Plus. Integrating 

evidence sufficiency, net evidence balance, scholarly consensus, and evidence-type diversity yielded 

scores of 0.5735, 0.5125, and 0.3321 for CAI, LPI, and CPI, respectively. CAI ranked first in 82.6% of 

10,000 family-level bootstrap iterations. The framework enhances the traceability and auditability of 

historical evidence synthesis and offers a new paradigm for investigating heritage origins where decisive 

evidence is unavailable. 
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Introduction 1 

The history of water-resource development and utilization provides an important 2 

perspective for understanding the connection between human societies and their environments1. 3 

In arid regions, karez is a groundwater-utilization technology that has persisted for millennia 4 

and remains in use across many parts of the world. A typical karez system comprises a mother 5 

well, underground channels, vertical shafts, an outlet, and surface open channels2 (Fig. 1a). 6 

Underground channels convey groundwater from aquifers in the mountains to lower plains for 7 

domestic water supply and agricultural irrigation3. This technology has played a vital role in 8 

the formation and development of oases and has become a distinctive cultural symbol of arid 9 

regions4. 10 

The origin and diffusion of karez technology have long been debated. The prevailing view 11 

holds that underground water-collection tunnels first emerged around 1000 BCE on the Iranian 12 

Plateau and in adjacent parts of West Asia and the Arabian Peninsula5,6. These processes 13 

produced a global distribution spanning Asia, Africa, Europe, and the Americas, with the 14 

Iranian Plateau serving as a major early center and diffusion hub (Fig. 1b)5. 15 

 16 
Fig. 1 | Karez and its global distribution. (a) Typical Karez system. (b) Global distribution and hypothesized diffusion routes. 17 

Against this background of global diffusion and regional evolution, the Turpan Basin 18 

provides a representative setting for investigating the eastward transmission and local 19 

adaptation of karez technology because of its distinctive natural environment and strategic 20 

location7. Situated in eastern Xinjiang, Turpan connects the Central Plains with Central and 21 

West Asia. The basin is surrounded by high mountains and has a low, relatively flat interior with 22 

extensive piedmont alluvial–proluvial fans. Its surface gradients and aquifer structure facilitate 23 

gravity-driven groundwater conveyance8,9 (Fig. 2a–c). Remote-sensing data from the past five 24 

years indicate that mean annual evapotranspiration ranges from 365.0 to 1,420.9 mm, whereas 25 

mean annual precipitation ranges from 9.5 to 402.8 mm10. These data reveal an arid, low-26 

precipitation basin interior surrounded by comparatively wetter mountainous areas8,10. Existing 27 

karez systems are concentrated primarily along the northern mountain front, forming an east–28 

west distribution across Toksun, Gaochang, and Shanshan, with local clusters around towns and 29 

traditional agricultural areas. They are comparatively sparse in the southern basin and at higher 30 

elevations9 (Fig. 2d, e). This spatial pattern is closely associated with mountain water recharge, 31 

groundwater flow, suitable terrain gradients, and water demand from oasis agriculture4,8,9. 32 

(a) (b)



 33 

Fig. 2 | Environmental setting of the Turpan Basin. (a) Location of Turpan Basin. (b) Elevation of Turpan. (c) 34 

Hydrogeological section. (d) Mean annual evapotranspiration. (e) Mean annual precipitation and karez distribution. 35 

Turpan's location at an important crossroads suggests that its karez systems may be 36 

associated with the eastward diffusion of underground water-conveyance technology from West 37 

and Central Asia, while also reflecting influences from the Central Plains well-channel tradition 38 

and local hydraulic practices5,11,12. Consequently, broader debates over single-origin models, 39 

technological diffusion, and polycentric development of karez systems are particularly complex 40 

in Turpan. The initial construction date, technological origins, transmission processes, and local 41 

adaptation remain central points of contention regarding Xinjiang karez systems7,11,13. Scholars 42 

have long debated the origin of the Turpan karez; however, no golden evidence has been 43 

identified; that is, there is no single piece of evidence that can provide either a "one-vote veto" 44 

or "one-vote confirmation"11. The available evidence neither decisively rules out competing 45 

explanations nor independently confirms any single interpretation. Accordingly, the debate 46 

centers on three competing hypotheses: Central Plains Introduced (CPI), Central Asia 47 

Introduced (CAI) and Local People Innovated (LPI) become the debate center.  48 

The CPI hypothesis can be traced to Tao Baolian (1862-1938), a historical geographer of 49 

the late Qing Dynasty, in his book Xinmao Shixing Ji14 (《辛卯侍行记》Travel Notes of the 50 

Xinmao Year) published in 1897, in which Tao linked the Turpan karez to the well-channel 51 

project constructed during the Western Han Dynasty. The CPI hypothesis was formally 52 

proposed by Wang Guowei (1877–1927), a leading Chinese historian of the late Qing and early 53 

Republican eras, in his treatise Xiyu Jingqu Kao15 (《西域井渠考》, A Study on the Canal-54 

Wells in the Western Regions), published in 1919. In this treatise, Wang argued that the Turpan 55 

karez originated in the Central Plains and bore structural similarities to the Longshou Canal of 56 

Shaanxi Province built in the Han Dynasty. His view was subsequently supported by numerous 57 

scholars in subsequent studies16,17. 58 
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The CAI hypothesis was first proposed by Huntington (1876–1947), an American 59 

geographer. In his 1907 travelogue, which drew largely on local oral narratives, Huntington 60 

inferred that Xinjiang karez technology had been introduced from Persia or the Trans-Caspian 61 

region around 178018. Stein (1862–1943), a Hungarian-born British archaeologist and explorer, 62 

endorsed this viewpoint and linked Xinjiang karez to the Persian-Central Asian tradition. In his 63 

1933 book, a comprehensive report on his three Asian expeditions, he argued that the 64 

technology had arrived in Turpan no earlier than the 18th century19. Huang20 and Yang21 65 

similarly supported the CAI hypothesis, whose core arguments rest on parallels in engineering 66 

structure and operational principles, alongside etymological evidence. 67 

Unlike the CPI and CAI hypotheses, the LPI hypothesis was not formally advanced by any 68 

individual or institution but emerged gradually from accumulating evidence. The Xinjiang 69 

Tuzhi (《新疆图志》, Illustrated Gazetteer of Xinjiang), published in 1911, noted that "this 70 

method is sometimes said to have originated under Emperor Wu of the Han Dynasty … yet the 71 

method had already existed in the Western Regions."22 Liu Hongliang (1986) further attributed 72 

the Qing-era expansion of karez chiefly to local communities' adoption and adaptation of 73 

indigenous techniques23. Citing the piedmont alluvial–proluvial fans, groundwater recharge, 74 

topographic gradients, and agricultural water demand, Zhang Xiru and co-workers held that 75 

Turpan met the environmental prerequisites for karez to emerge locally24. While the Panjier 76 

Mountain petroglyphs have been interpreted as early karez depictions, their date and cultural 77 

context remain archaeologically unresolved25.  78 

However, none of the three hypotheses possesses definitive supporting evidence. The 79 

ongoing debate is constrained not merely by the scarcity of direct archaeological finds, but also 80 

by fragmented evidence and reliance on heterogeneous sources7,12. Relevant records are 81 

scattered across multilingual, multidisciplinary literature, including Chinese, English, Russian, 82 

French, Arabic, and other languages. Earlier scholarship frequently drew upon limited source 83 

materials, in which researchers’ own arguments, paraphrases of prior viewpoints, and primary 84 

historical evidence are often intertwined. A single archaeological find or historical document 85 

may also be repeatedly cited across numerous publications, such that the number of publications 86 

does not correspond to the number of independent lines of evidence. Accordingly, consistent 87 

evaluation of these competing origin hypotheses, with respect to evidentiary basis, scholarly 88 

support and robustness, remains challenging. Large-scale manual literature screening, stance 89 

classification and evidence extraction are further hampered by issues of efficiency, consistency 90 

and reproducibility26. 91 

Against such methodological constraints, existing computational tools have partially eased 92 

the workload of large-scale literature processing. CiteSpace and VOSviewer map research 93 

trends and knowledge structures via co-citation analysis, keyword co-occurrence analysis, and 94 

cluster analysis27,28. Latent Dirichlet allocation {LDA} enables large-scale text clustering and 95 

topic detection29, whereas tools such as Abstrackr and ASReview facilitate literature screening 96 

for systematic reviews26,30. However, these approaches mainly serve document retrieval, sorting 97 

and filtering; they are poorly equipped to extract substantive scholarly claims and underlying 98 

evidence, or to clarify how such evidence relates to competing hypotheses. Subsequent 99 

advances in natural language processing (NLP) extended scientific text analysis beyond 100 

document-level bibliometric organization. SciBERT generates domain-specific semantic 101 



representations for academic texts31, SciCite performs citation-intent classification32, and 102 

SciFact supports the validation of scientific claims against source documents33. Even so, these 103 

models are trained and validated on task-specific annotated datasets, mostly in English, limiting 104 

their direct applicability across languages and disciplines, particularly for heterogeneous 105 

historical corpora. Furthermore, they lack dedicated functions to separate researchers’ original 106 

interpretations from cited viewpoints and critical citations. 107 

Large language models (LLMs) open new avenues for extracting structured evidence from 108 

intricate texts and have seen growing adoption in literature screening, data extraction and 109 

evidence synthesis for systematic reviews, as exemplified by TrialMind and Evidence 110 

Triangulator34. Still, parametric knowledge embedded within LLMs is limited by weak source 111 

traceability, temporal constraints, and the risk of hallucinating content unsupported by source 112 

texts35. Retrieval-augmented generation (RAG) mitigates this issue by grounding model 113 

judgements in retrieved source-text excerpts36, and platforms such as OpenScholar have 114 

demonstrated the feasibility of large-scale scientific literature retrieval and evidence synthesis35. 115 

Even with RAG, challenges persist: incomplete corpora, OCR artifacts, contextual degradation 116 

during text chunking, and retrieval inaccuracies. Hence, the retrieved snippets still require 117 

independent validation to confirm whether they constitute valid supporting evidence. 118 

Accordingly, this study developed a human–LLM collaborative framework tailored for 119 

contested historical questions. This framework integrates multilingual literature collection, 120 

bibliometric screening, RAG-driven evidence retrieval, multi-model structured information 121 

extraction, and human verification. We compiled a multilingual karez corpus covering Chinese, 122 

English, Russian, French, Persian and Arabic sources. RAG was deployed to retrieve candidate 123 

evidence passages, after which multiple LLMs extracted key information, including claimed 124 

origin locations, chronological estimates, evidentiary statements, and the relationships between 125 

evidence and competing hypotheses. Source-text cross-checking and human expert review were 126 

implemented to govern evidence inclusion and attribution. This framework was designed to 127 

build a searchable, comparable and traceable evidence repository to evaluate the three 128 

competing hypotheses regarding the origin of the Turpan karez. 129 

Methods 130 

We developed a multilingual, traceable, multi-model evidence-synthesis framework for 131 

investigating the origin of the Turpan karez (Fig. 3). First, a full-text corpus was established 132 

through a three-stage progressive multilingual search, with study identification and screening 133 

conducted and reported in accordance with PRISMA 202037. The full texts were then extracted, 134 

cleaned, and divided into hierarchical text chunks. BM2538 and TF-IDF39 retrieval results were 135 

integrated using reciprocal rank fusion (RRF)40 to produce a traceable and cost-controlled 136 

candidate-passage set. Under identical input conditions, three LLMs from different model 137 

families independently extracted the proposed place and date of origin, evidentiary content, 138 

authorial stance, and provenance information34,41. The candidate outputs were merged and 139 

deduplicated, verified against the source text across models, and subjected to tiered human 140 

review to produce the validated evidence set. 141 

The verified evidence records were subsequently consolidated into Evidence Families 142 

based on their shared primary sources, historical events, and citation lineages, thereby 143 



controlling evidence inflation caused by repeated citations. Competing origin hypotheses were 144 

then compared across four dimensions: evidence sufficiency, net evidence balance, scholarly 145 

consensus, and evidence-type diversity. Ranking robustness was evaluated through threshold 146 

perturbation, leave-one-model-out analysis, weight perturbation, evidence-deletion tests, and 147 

family-level bootstrap analysis42,43. All analytical outputs retained provenance information, 148 

including the original publication, page number, text chunk, and Evidence Family, and were 149 

used to support hypothesis comparisons and to construct an evidence timeline and evidence 150 

graph. 151 

 152 
Fig. 3 | Overall workflow of the auditable multi-LLM evidence synthesis framework. 153 

Multilingual corpus construction 154 

We conducted a three-stage progressive multilingual search across eight databases: Web 155 

of Science Core Collection, Scopus, Ei Compendex, CNKI, eLIBRARY.RU, OpenEdition, 156 

Almandumah and Noormags. After candidate records were retrieved, deduplication, screening, 157 

full-text retrieval, and eligibility assessment were performed in accordance with the PRISMA 158 

2020 framework. We defined ܭ  as the core-term set comprising qanat, karez, 坎儿井, and 159 

their multilingual variants; ܶ  as the thematic-term set comprising terms related to origin, 160 

history, antiquity, heritage, and diffusion; and ܩ  as the geographical-term set comprising 161 

China, Xinjiang, Turpan, Shanshan, and the Western Regions. Terms within each set were 162 

combined using the Boolean operator “OR”, whereas the three sets were combined using 163 

“AND”. The search strategies are presented in Table 1 and the three-stage search strategy is 164 

formulated in Eq. (1): 165 

 ܳ1 = 2ܳ，ܭ = 3ܳ，ܶ⋀ܭ =  ܩ⋀ܶ⋀ܭ
(1)  

The three stages served different retrieval functions rather than constituting a single 166 

progressively restrictive query path. The first-stage K search established a broad candidate 167 

literature set. At the second stage, direct K+T database searches were supplemented by thematic 168 

screening of the broader K-stage candidate set, thereby retaining potentially relevant records 169 

that might not have been retrieved by the more restrictive combined query. At the third stage, 170 
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direct K+T+G searches were similarly supplemented by geographical screening of the 171 

preceding candidate set. The resulting geographically focused candidate set was then subjected 172 

to PRISMA 2020 screening. This staged strategy was intended to progressively increase 173 

thematic and geographical specificity while reducing omission associated with reliance on a 174 

single high-constraint K+T+G query. Here, “progressive” denotes increasing thematic and 175 

geographical specificity rather than the automatic exclusion of records not returned by 176 

subsequent higher-constraint queries. 177 

Records retained through the direct-search and supplementary-screening paths were 178 

consolidated at each stage, and the final geographically focused candidate set was merged 179 

across databases and deduplicated using DOIs, database accession numbers, normalized titles, 180 

authors, and publication years. Potential cross-linguistic duplicates were further reviewed by 181 

comparing translated titles, transliteration variants, and semantic title similarity. Publications 182 

that passed full-text eligibility assessment, together with their normalized metadata, constituted 183 

the traceable RAG corpus used in the subsequent analyses. 184 

Table 1 | Database-specific implementation of the multilingual three-stage progressive search strategy 185 

Platform Coverage Stage 1: system-term block Stage 2: thematic block Stage 3: geographic block 

Scopus 
1999-

2026 

TITLE-ABS-KEY(qanat OR karez 

OR foggara OR khettara OR falaj 

OR aflaj OR kanerjing) 

AND (basin OR ancient OR origin 

OR history OR heritage) 

AND (China OR Xinjiang OR 

Turfan OR Turpan) 

Web of Science 
2000-

2026 

TS=(qanat OR karez OR foggara 

OR khettara OR falaj OR aflaj OR 

kanerjing) 

AND TS=(basin OR ancient OR 

origin OR history OR heritage ) 

AND TS=(China OR Xinjiang 

OR Turfan OR Turpan) 

Ei Compendex 
1884-

2026 

(qanat OR karez OR foggara OR 

khettara OR falaj OR aflaj OR 

kanerjing) WN KY 

AND (basin OR ancient OR origin 

OR history OR heritage) WN KY 

AND ( Asian OR China OR 

Xinjiang OR Turfan OR 

Turpan)WN KY 

CNKI 
1959-

2026 
SU=‘坎儿井’ OR SU=‘Karez’ 

AND SU=('文化遗产' OR '丝绸之路' 

OR '起源' OR '井渠' OR '来源') 

AND SU=(‘中亚’ OR ‘'吐鲁番' 

OR '鄯善县' OR '西域' OR '亚尔

村'OR'新疆') 

eLIBRARY.RU 
1989-

2026 

кяриз OR кяризы OR кариз OR 

каризы OR кяризная система OR 

karez OR qanat 

AND ( бассейн OR древний OR 

происхождение OR история OR  

наследие ) 

AND(Синьцзян OR Турфан OR 

Китай) 

OpenEdition 

Search 

1900-

2026 

karez OR qanat OR foggara OR 

khettara OR falaj OR aflaj OR 

kanerjing 

AND (basin OR ancient OR origin  

OR history OR heritage ) 

AND ( Asian OR Turfan OR 

Tourfan OR Turpan OR Xinjiang 

OR "Turkestan oriental") 

Almandumah 
1968-

2026 

جوفية قناة OR كهريز OR كاريز  OR 

الجوفية القنوات   OR  الفقارة OR جϼفϷا 

OR karez OR qanat 

AND (صلϷا OR المنشأ OR النشأة OR 

 التأريخ  OR اϻنتقال OR اϻنتشار OR التاريخ

OR " اϵثار علم ") 

AND( تورفانOR توربان OR شينجيانغ 

OR " الشرقية تركستان ") 

Noormags 
1913-

2026 

 OR "کهريز " OR "قنات" OR "کاريز"

karez OR qanat 

AND ("منشأ" OR "خاستگاه" OR 

 OR "باستانی" OR "تاريخ" OR"پيدايش"

 ("انتقال" OR "گسترش" OR"ميراث"

AND ("تورفان" OR "تورپان" OR 

" کيانگسين " OR " شرقی ترکستان " OR 

 ("چين"



RAG retrieval and evidence extraction 186 

Native text was preferentially extracted from machine-readable PDF files using pdf2txt 187 

parsing tools. For PDFs requiring structured document parsing, GROBID was used to extract 188 

textual content and document structure, whereas optical character recognition (OCR) was 189 

applied to pages without a usable text layer or with text of insufficient quality41,44. The resulting 190 

text outputs were converted into machine-readable TXT representations. During preprocessing, 191 

repeated headers and footers, anomalous line breaks, invisible characters, and clearly 192 

identifiable OCR noise were removed without rewriting the source text. The extracted texts 193 

were subsequently normalized with respect to Unicode representation, whitespace, and 194 

character encoding. Original files, OCR outputs, tool versions, and processing logs were 195 

retained to preserve traceability. The normalized texts then entered hierarchical chunking for 196 

subsequent retrieval. 197 

Full texts were divided into chunks following a hierarchical publication–section–page–198 

chunk structure while retaining provenance metadata, including the document identifier, section, 199 

page number, language, and file path. The target chunk length was 1,000 characters, with an 200 

overlap of 150 characters between adjacent chunks and minimum and maximum lengths of 180 201 

and 1,600 characters, respectively. Residual text shorter than 180 characters at the end of a 202 

section or document was retained when it could not be merged with the preceding chunk. Chunk 203 

boundaries were preferentially placed at the ends of sentences or paragraphs. Eight retrieval 204 

targets were defined to cover origin-related claims and evidence for the CPI, CAI, and LPI 205 

hypotheses, together with dating evidence and authorial stance. One multilingual query was 206 

constructed for each target by combining Chinese and English search terms, together with 207 

additional language variants where relevant, into a single query string. This produced eight 208 

executable queries in total. The complete query strings, applicable hypotheses, query identifiers, 209 

and version information were retained as part of the audit data45. 210 

The relevance of query q to chunk d was calculated independently using BM25 and term 211 

frequency–inverse document frequency (TF–IDF)39. The BM25 score is defined in Eq. (2), and 212 

the inverse document frequency of each term is defined in Eq. (3). 213 

 
ܵBM25(ݍ, ݀) =∑IDF(ݐ) ,ݐ)݂ ݀)(݇1 + ,ݐ)݂(1 ݀) + ݇1(1 − ܾ + ܾ |݀|݈݀̅ )௧∈௤  （2） 

 IDF(ݐ) = ln(1 + ܰ − ݊௧ + 0.5݊௧ + 0.5 ) （3） 

Here, q denotes the query, d the text chunk, and t a query term. ݂(ݐ, ݀) is the frequency 214 

of term t in chunk d, ݀ is the length of the chunk, and |݀| is the mean length of all chunks. 215 

The term-frequency saturation parameter ݇1  was set to 1.5, and the document-length 216 

normalization parameter ܾ was set to 0.7538. IDF(ݐ) denotes the inverse document frequency 217 

of term 218 .ݐ 

In parallel with BM25, a TF–IDF lexical representation was constructed39. Non-zero term 219 

frequencies were logarithmically scaled to reduce the disproportionate influence of frequently 220 

repeated technical terms and duplicated text introduced by OCR. The TF–IDF weight of term 221 ݐ in chunk ݀ is defined in Eq. (4). 222 



௧,ௗݓ  = TF(ݐ, ݀) × [ln (ܰ + 1݊௧ + 1) + 1] （4） 

Logarithmic term-frequency scaling was applied when term ݐ occurred at least once in 223 

chunk ݀; otherwise, its weight was set to zero. After L2 normalization of the TF–IDF vectors, 224 

the relevance between a query and a chunk was calculated using cosine similarity39, as defined 225 

in Eq. (5). 226 

 ܵTF−IDF(ݍ, ݀) = ௤ݒ ·  ௗ‖ （5）ݒ‖‖௤ݒ‖ௗݒ

Here, the relevant terms denote the TF–IDF vectors of query ݍ and chunk ݀ and their 227 

Euclidean norms. Cosine similarity was defined as zero when either vector was a zero vector. 228 

For each query, the ݇ highest-scoring chunks were retained independently by BM25 and 229 

TF–IDF. The Top-k results returned by an individual retriever are defined in Eq. (6). 230 

(ݍ)௔(௞)ܮ  = TopKௗ∈஽(ܵ௔(ݍ, ݀), ݇)      ܽ ∈ {BM25, TF − IDF} （6） 

Here, ܽ denotes the retriever, ܦ is the complete set of text chunks, and ܵ௔(ݍ, ݀) is the 231 

relevance score assigned by retriever ܽ to query ݍ and chunk ݀. Each retriever returns ݇ =232 50 results. 233 

Because raw BM25 and TF–IDF scores are not directly comparable, reciprocal rank fusion 234 

(RRF) was used to integrate and rerank the two result sets40. The RRF score is defined in Eq. 235 

(7). 236 

 ܵRRF(݀, (ݍ = ∑ 1ܿ + ,݀)௔ݎ ௔:∈௅(ೌೖ)(௤)(ݍ  （7） 

A retriever contributed to the RRF score only when the chunk appeared among its Top-k 237 

results; otherwise, its contribution was set to zero. The resulting RRF score was determined 238 

jointly by the rank of each chunk across the two retrievers, with the rank-smoothing constant 239 

set to 6040. 240 

For each query, the 30 highest-ranked chunks after RRF were retained as candidate 241 

passages, as defined in Eq. (8). 242 

(ݍ)ܥ  = ,݀)ௗ(ܵRRFܭ݌݋ܶ ,(ݍ  RRF) （8）ܭ

The resulting set represents the RRF-ranked candidate chunks associated with query 243 .ݍ 

The post-fusion retention threshold was 30 chunks, and the RRF scores were used to determine 244 

their order. 245 

Results from the eight multilingual queries were subsequently combined and deduplicated 246 

by chunk_id, as defined in Eq. (9). 247 

 ܵ௦௨௠(݀, (ݐ = ∑ ॴ[݀ ∈ ݀)RRFܵ[(ݍ)ܥ ∣ ௤∈ொ೟(ݍ  （9） 

This procedure produced a traceable candidate-passage set for subsequent parallel multi-248 

model extraction and cross-model validation. The complete query set, retrieval parameters, and 249 

candidate results from every stage were frozen and retained to support reproducible reruns and 250 

audits of retrieval errors41,44. 251 



Parallel Evidence Extraction and Aggregation 252 

Candidate passages retrieved through RRF were independently processed for evidence 253 

extraction using DeepSeek V4 Pro, GLM-5.2, and Qwen3.7-Plus. Each model received 254 

identical target chunks, document metadata, section headings, retrieval intents, field definitions, 255 

label schemes, and task instructions, and operated without access to the outputs of the other 256 

models. To restore context potentially truncated during text chunking, each target chunk was 257 

accompanied by one valid preceding and one valid following chunk from the same 258 

document36,46; at document boundaries, only available adjacent content was provided. Adjacent 259 

chunks served solely as contextual information and were not treated as additional processing 260 

units. Each model was required to identify the actual location of the extracted evidence using 261 

source_chunk_id. 262 

The models were instructed to identify evidence only from the supplied text concerning 263 

the origin, dating, transmission routes, technological sources, or origin hypotheses of karez 264 

systems in Turpan or Xinjiang. They were prohibited from using the internet, external tools, or 265 

parametric knowledge encoded in model parameters to supplement information not explicitly 266 

stated in the source text34,47. Passages concerning only general hydraulic engineering, modern 267 

conservation, ecological conditions, or management policies were labeled 268 

has_relevant_evidence = false.The structured output fields included input_id, target_chunk_id, 269 

evidence_quote, evidence_statement, source_chunk_id, origin_place, origin_time, hypothesis, 270 

stance, source_role, directness, the primary evidence category and subtype, original source, and 271 

certainty. The hypothesis field comprised CAI, CPI, LPI, MULTI, and NONE; stance comprised 272 

support, oppose, qualified_support, neutral, uncertain, and not_applicable; and source_role 273 

distinguished primary materials (primary_material), reported views (reported_view), authorial 274 

inferences (author_inference), and explicit authorial conclusions (author_conclusion). 275 

Evidence was classified into three predefined primary categories—material, documentary, and 276 

legendary evidence—following Huang Xianfan’s “Triple Evidence Method,” an extension of 277 

Wang Guowei’s Dual Evidence Method48,49. 278 

All evidence_quote values were required to be copied verbatim from the target chunk or 279 

its adjacent context. Translation, paraphrasing, correction of OCR errors, and reconstruction of 280 

missing content were prohibited. After model inference, each quotation was mechanically 281 

matched against the source text. Quotations that could not be located were labelled 282 

validation_error, and the original responses were retained for auditing but excluded from the 283 

formal candidate evidence set. 284 

All three models used the same frozen evidence-extraction prompt, field dictionary, and 285 

JSON Schema; only the API wrapper differed among providers. The temperature was set to 0.0, 286 

Top-p was left at the provider default, the maximum output length was 3,000 tokens, and the 287 

request timeout was 180 s. Failed requests were retried up to three times using exponential 288 

backoff, with external tools and internet access disabled (Table 2). For each call, we recorded 289 

the experiment version, actual model ID, input identifier, target_chunk_id, prompt and schema 290 

versions, generation parameters, token usage, response time, raw response, parsed output, and 291 

error logs. Results were written incrementally, and checkpoint-based resumption was 292 

implemented to ensure that the experiments were recoverable and auditable. 293 



Table 2 | Configuration parameters of the three large language models used for parallel evidence extraction. 294 

Model ID Provider Temperature Top-p 
Max 

tokens 

Output 

format 

Web/External 

tools 

API 

timeout 

API 

retries 

DeepSeek V4 Pro DeepSeek 0.0 Default 3000 JSON Disabled 180s 3 times 

GLM-5.2 Zhipu AI 0.0 Default 3000 JSON Disabled 180s 3 times 

Qwen3.7-Plus Alibaba 0.0 Default 3000 JSON Disabled 180s 3 times 

Let ܧ௠ denote the set of candidate evidence records extracted by model m. The union of 295 

candidate records is defined in Eq. (10). 296 

௖௔௡ௗ௜ௗ௔௧௘ܧ  = ⋃ ௠3ܧ
௠=1  （10） 

The candidate union aggregated evidence independently identified by all models. A union 297 

rather than an intersection was used at this stage to retain as much potentially relevant evidence 298 

as possible. Both agreement and disagreement among the models were preserved for subsequent 299 

cross-model verification against the source text. The number of models identifying an evidence 300 

record was used neither to determine its validity nor to establish the final ranking of the three 301 

origin hypotheses. 302 

Cross-model source-text validation and standardized evidence inclusion 303 

The candidate union was first subjected to field normalization and candidate-level 304 

deduplication. Duplicate extractions from the same publication and text location were 305 

normalized and merged when their quotations and core meanings were consistent. Matching 306 

was based on the document identifier, source_chunk_id, verbatim quotation, hypothesis, and 307 

stance, while all model labels and original API-call records were retained. Repeated accounts 308 

of the same historical source across different publications were not removed at this stage but 309 

were subsequently consolidated into Evidence Families. 310 

A second round of blind, source-constrained cross-validation was then conducted using 311 

the same three LLMs employed during evidence extraction. Each model received the 312 

normalized candidate evidence record, corresponding source passage, section heading, page 313 

number, and necessary adjacent context, but was not shown the identity of the model that 314 

identified the candidate or the assessments made by other models. Based exclusively on the 315 

supplied source text, each candidate was classified as supported by the source (entailed), 316 

contradicted by the source (contradicted), or insufficiently supported (insufficient). The models 317 

also verified the proposed place and date of origin, evidence quotation, authorial stance, and 318 

hypothesis assignment. When a field was incorrect, the model was required to return both a 319 

corrected value and the supporting source text. Candidates for which no supporting passage 320 

could be located were not admitted to the validated evidence set. 321 

Let ݕ௜௠ denote the validation result assigned to candidate evidence record by model ݉, 322 

taking a value of 1 when the model classifies the candidate as entailed and 0 otherwise. The 323 

number of valid model confirmations received by candidate ݁௜ is defined as: 324 



 ௜ܸ = ∑ ௜௠3ݕ
௠=1  （11） 

where ݅ denotes the candidate-evidence index, ܫ is an indicator function. ௜ܸ represents 325 

the number of valid model confirmations received by candidate evidence record. 326 

A traceability indicator, ௜ܶ , was also defined. ௜ܶ = 1  when candidate evidence record 327 

could be traced to a valid document identifier, page number, chunk identifier, and verbatim 328 

source quotation; otherwise, ௜ܶ = 0. The assessments of the two researchers were denoted by 329 ݖ௜1  and ݖ௜2 , respectively, where ݖ௜௝ = 1  indicates that Researcher ݆  confirmed that the 330 

candidate evidence was supported by the source text, and ݖ௜௝ = 0  indicates rejection. The 331 

standardized evidence-inclusion rule is defined in Eq. (12).  332 

(௜݁)ݏݑݐܽݐݏ  {  
，݂݀݁݅݅ݎܸ݁   ௜ܶ = 1 ∧ ௜ܸ ≥ 2 ∧ ௜1ݖ = ௜2ݖ = ，݀݁ݐ݆ܴܿ݁݁  ，1 ௜ܶ = 0 ∨ ௜ܸ ≤ ，݀݁ݐ݆ܴܿ݁݁                                    ,1 ௜ܶ = 1 ∧ ௜ܸ ≤ 2 ∧ ௜1ݖ = ௜2ݖ = ，݊݅ܽݐݎܷ݁ܿ݊     ,0 ௜ܶ = 1 ∧ ௜ܸ ≥ 2 ∧ ௜1ݖ ≠             .௜2ݖ

 （12） 

Under this rule, candidate evidence records were classified as Verified, Rejected, or 333 

Uncertain. Verified records were included in the formal evidence set, Rejected records were 334 

excluded, and Uncertain records were retained only for sensitivity analyses. Records that met 335 

the traceability requirements and received confirmation from all three models were reviewed 336 

against the source text by Researcher 1 and subsequently checked by Researcher 2. Disputed 337 

records receiving confirmation from two models were independently reviewed by both 338 

researchers. Records confirmed by both researchers were included in the formal evidence set, 339 

those rejected by both were excluded, and records for which their assessments differed were 340 

labelled Uncertain. Model consensus was used solely to triage records for review and was not 341 

interpreted as the probability that the evidence was authentic or that the historical claim was 342 

true. All model assessments, human adjudications, and field revisions were independently 343 

versioned and retained. 344 

Evidence records that passed review were further consolidated into Evidence Families 345 

based on shared primary sources, historical events, archaeological discoveries, and citation 346 

dependencies. Records from multiple publications were assigned to the same Evidence Family 347 

when they cited the same primary historical source, described the same site or archaeological 348 

discovery, or merely repeated an earlier study without contributing new independent material. 349 

Separate families were established when records were based on distinct primary materials, 350 

independent dating results, or additional empirical evidence. The two researchers independently 351 

assigned family membership using normalized source names, verbatim quotations, event 352 

locations and dates, bibliographic relationships, and citation lineages. Disagreements were 353 

resolved through discussion. Evidence records for which dependency relationships could not 354 

be established were retained as separate families and marked as having uncertain family 355 

membership. The reasons for and versions of all merges, splits, and revisions were documented. 356 

Individual evidence records were used for source tracing and timeline visualization, whereas 357 

Evidence Families served as the fundamental analytical units for hypothesis scoring, evidence-358 

deletion tests, and bootstrap analysis. 359 



Hypothesis and Robustness Assessment 360 

Following cross-model validation and human adjudication, the three principal 361 

hypotheses—CAI, CPI, and LPI—were compared. The Other category was used solely to retain 362 

interpretations that did not constitute independent hypotheses and was excluded from the 363 

primary ranking. Only Verified evidence records meeting the source-traceability and human-364 

adjudication criteria described above were included in the primary analysis; Uncertain records 365 

were retained only for sensitivity analyses. 366 

To prevent evidence inflation caused by repeated accounts of the same primary historical 367 

source, archaeological discovery, or historical event across multiple publications, Evidence 368 

Families were used as the fundamental scoring units. Let ܨ  denote the total number of 369 

Evidence Families, ܨ௙ the set of evidence records contained in Evidence Family f, ݁௜  the 370 

evidence record i, and ݏ௜ℎ  the stance of evidence record ݁௜  towards hypothesis ℎ , where 371 ݏ௜ℎ ∈ {−1,0, +1}. 372 

Here, ݏ௜ℎ = +1indicates support, ݏ௜ℎ = 0 indicates neutrality or no explicit relationship, 373 

and ݏ௜ℎ = −1 indicates opposition. Regardless of how many publications repeat the evidence 374 

contained within a family, each Evidence Family contributes at most one supporting count and 375 

one opposing count to a given hypothesis. Accordingly, the number of supporting Evidence 376 

Families for hypothesis ℎ, denoted by ℎܲ, is defined in Eq. (13): 377 

 ℎܲ ௜݁∃)ܫ∑= ∈ :௙ܨ ௜ℎݏ = +1)ி
௙=1  （13） 

The number of Evidence Families opposing hypothesis ℎ, denoted by ܱℎ, is defined as: 378 

 ܱℎ ௜݁∃)ܫ∑= ∈ :௙ܨ ௜ℎݏ = −1)ி
௙=1  

（14） 

where ܫ is an indicator function that equals 1 when the specified condition is satisfied and 379 

0 otherwise, and ∃ indicates that at least one qualifying evidence record exists. If an Evidence 380 

Family contains independent materials that both support and oppose the same hypothesis, it 381 

may contribute once to both ℎܲ and ܱℎ. Such cases were labelled as within-family evidence 382 

conflicts. 383 

Based on the numbers of supporting and opposing Evidence Families, the standardized net 384 

evidence balance, ܤℎ, was used to characterize the overall direction of the evidence: 385 

ℎܤ  = { ℎܲ − ܱℎℎܲ + ܱℎ， ℎܲ + ܱℎ > 0  0, ℎܲ + ܱℎ = 0                    （15） 

Here, ܤℎ ∈ [−1,1] . A positive value indicates that supporting evidence outweighs 386 

opposing evidence, whereas a negative value indicates that opposing evidence outweighs 387 

supporting evidence. ܤℎ = 0 indicates equal numbers of supporting and opposing Evidence 388 

Families. When ℎܲ + ܱℎ =  ℎ  was defined as zero and the hypothesis was labelled as 389ܤ , 0

having “no scorable evidence”, thereby preventing this value from being misinterpreted as a 390 

balance between supporting and opposing evidence. 391 

Scholarly consensus and evidence sufficiency were calculated separately. Each 392 



independent publication contributed no more than one authorial position towards each 393 

hypothesis. Duplicate versions of the same study and records clearly dependent on the same 394 

citation lineage were consolidated. Let ܣℎ+  and ܣℎ−  denote the numbers of independent 395 

scholarly positions supporting and opposing hypothesis ℎ , respectively. The direction of 396 

scholarly consensus, ܥℎ, is defined as: 397 

ℎܥ  = +ℎܣ} − +ℎܣ−ℎܣ + +ℎܣ，−ℎܣ + −ℎܣ > 0 0, +ℎܣ + −ℎܣ = 0                   （16） 

A value of ܥℎ > 0  indicates that more independent scholarly positions support the 398 

hypothesis than oppose it, whereas ܥℎ < 0  indicates that opposing positions predominate. 399 

Neutral publications were excluded from the denominator but were reported separately. When 400 

no explicit supporting or opposing positions were identified, ܥℎ  was defined as zero and 401 

labelled as indicating “no directional scholarly position”, thereby avoiding its misinterpretation 402 

as an exact balance between support and opposition. 403 

To evaluate whether the evidence supporting a given hypothesis was derived from multiple 404 

independent material types, evidence was classified into three primary categories—405 

documentary, material, and legendary evidence—following the Triple Evidence Method. 406 

Evidence-type diversity, ܦℎ , was measured using a normalized Shannon index. Let ݊ℎ௝ 407 

denote the number of Evidence Families in category j that support hypothesis h, 408 ݌ℎ௝ = ݊ℎ௝/∑ ݊ℎ௝௝  the proportion of supporting Evidence Families belonging to that category, 409 

and J the predefined total number of evidence categories. Evidence-type diversity was 410 

calculated as: 411 

ℎܦ   =  −∑ ℎ௝௃௝=1݌ (ܬ)݈݊ (ℎ௝݌)݈݊   （17） 

where ܦℎ ∈ [0,1] , and terms for which ݌ℎ௝ = 0  were defined as zero. Values of ܦℎ 412 

approaching 1 indicate that the supporting evidence is more diverse and more evenly distributed 413 

across evidence categories, whereas ܦℎ = 0  indicates that all supporting evidence is 414 

concentrated in a single category. If no supporting Evidence Families existed for hypothesis ℎ, 415 ܦℎ was defined as zero and labelled as indicating “no supporting evidence type”. 416 

The supporting volume, opposing volume, net evidence balance, scholarly consensus, and 417 

evidence-type diversity were reported separately and then integrated into a composite score. To 418 

obtain the baseline ranking of the three hypotheses, ܵℎ∗ is the evidence-sufficiency measure 419 

obtained by min–max normalizing the number of supporting Evidence Families, ܵℎ, across the 420 

three principal hypotheses. In the baseline analysis, equal weights were assigned to the four 421 

dimensions, such that ݓௌ = ஻ݓ = ஼ݓ = ஽ݓ = 0.25. The composite score was defined as: 422 

 ܳℎ ∗ௌܵℎݓ = + ℎܤ஻ݓ ℎܥ஼ݓ + + ℎܦ஽ݓ ௝ݓ∑   , =  1௝  （18） 

where ܳℎ  is the composite score for hypothesis ℎ , ܵℎ∗  is normalized evidence 423 

sufficiency, ܤℎ is the net evidence balance, ܥℎ is the direction of scholarly consensus, and 424 ܦℎ is evidence-type diversity. 425 

Multiple sensitivity analyses were prespecified to evaluate the effects of the model-426 



validation threshold, model selection, human adjudication, uncertain evidence, Evidence 427 

Family composition, and scoring weights on the hypothesis ranking. Model-confirmation 428 

thresholds were set to at least 1/3, at least 2/3, and 3/3 models. The 1/3 threshold was used only 429 

as a permissive boundary scenario and did not represent the formal evidence-inclusion criterion. 430 

In every scenario, candidate evidence was required to be traceable to the source text. Three 431 

scenarios were considered for Uncertain records: exclusion; inclusion after human confirmation 432 

of the relevant fields; and inclusion in the direction least favourable to the currently leading 433 

hypothesis. 434 

A family-level non-parametric bootstrap used the F Evidence Families as the sampling 435 

units42,43. In each iteration, F families were sampled with replacement, with the same family-436 

level sampling weights applied to all hypotheses. Under the baseline scoring rules, ℎܲ, ܱℎ, ܤℎ, 437 ܥℎ, ܦℎ, ܵℎ and ܳℎ were then recalculated. This procedure was repeated 10,000 times50, and 438 

95% bootstrap intervals were reported using the 2.5th and 97.5th percentiles43. When two or 439 

more hypotheses tied for first place, the first-place weight for that iteration was divided equally 440 

among the tied hypotheses. The complete-ranking preservation rate was defined as the 441 

proportion of bootstrap iterations in which the full hypothesis ranking was identical to the 442 

baseline ranking. The bootstrap analysis quantified uncertainty arising from Evidence Family 443 

composition, whereas the effects of model choice, validation thresholds, human adjudication, 444 

and scoring weights were evaluated through separate sensitivity scenarios. 445 

Results 446 

The 275 publications were qualified to the corpus in 6 languages 447 

The three-stage search progressively increased thematic and geographical specificity. The 448 

first-stage search used qanat, karez, 坎儿井, and their terminological variants as core search 449 

terms and retrieved 4909 records. The second-stage retrieval procedure, combining direct K+T 450 

searches with supplementary thematic screening of the first-stage candidate set, yielded 726 451 

records, corresponding to 14.79% of the first-stage total. The third-stage procedure, combining 452 

direct K+T+G searches with supplementary geographical screening, yielded 289 records, 453 

corresponding to 39.81% of the second-stage results. 454 

The 289 records retrieved in the third stage entered the PRISMA 2020 screening process 455 

(Fig. 4). After nine duplicate records had been removed, 280 records underwent title and 456 

abstract screening, with no further exclusions at this stage. The full texts of five publications 457 

could not be obtained. The remaining 275 publications underwent full-text eligibility 458 

assessment and all met the inclusion criteria. The final corpus comprised 148 TXT documents 459 

and 127 PDF documents with extractable text layers.  460 

Text extraction, cleaning, and document identification were completed for all 275 461 

publications. Text quality was classified as high for 272 publications and moderate for three. 462 

The corpus covered six languages: 150 publications in English, 76 in Chinese, 29 in French, 14 463 

in Russian, 5 in Persian, and 1 in Arabic. The full-text processing success rate was 100%, and 464 

98.9% of the publications were classified as having high-quality text (272/275). 465 



 466 

Fig. 4 | Three-stage progressive retrieval strategy and PRISMA 2020 record flow for corpus construction. 467 

Hierarchical chunking of the 275 full-text publications produced 10,192 text chunks, with 468 

a mean of 37.06 chunks per publication. The median chunk length was 1,325 characters, the 469 

mean was 1,240.3 characters, and the observed range was 70–1,600 characters. Reference-470 

section filtering first identified 202 chunks based on section headings and textual structure. A 471 

further 161 bibliography-like chunks were identified from numbered references, GB/T 7714-472 

style citation markers, and bibliographic features including author names, publication years, 473 

volume and issue numbers, page ranges, and publication information. After the two sets had 474 

been merged and deduplicated, 363 chunks were excluded, representing 3.56% of all chunks. 475 

The remaining 9,829 valid chunks, accounting for 96.44% of the original total, were entered 476 

into the final retrieval index. 477 

For every publication, a correspondence chain was established linking the source file, 478 

document identifier, cleaned full text, text chunks, and source-text locators. Each chunk 479 

retained its doc_id, chunk_id, title, source filename, language, section heading, and either a 480 

page number or TEXT_SECTION locator to support subsequent source tracing. 481 

The final frozen retrieval configuration indexed titles, section headings, keywords, and 482 

body text. BM25 and TF–IDF retrieval results were integrated through RRF using a rank-483 

smoothing constant of 60. Each retriever returned its 50 highest-ranked candidate chunks, and 484 

the 30 highest-ranked fused results were retained for each multilingual subquery. Eight 485 

multilingual subqueries were constructed, one for each retrieval target. After deduplication by 486 

chunk_id across queries, 141 unique target chunks were retained. After the available preceding 487 

and following context chunks were added, the inputs comprised 406 chunk occurrences in total. 488 

Deduplication of target and context chunks by chunk_id yielded 306 unique chunks. The same 489 

target-centered inputs and contextual information were provided to all three LLMs, thereby 490 

controlling for differences in retrieval input. 491 

The 141 unique target chunks were retrieved after Top-K evaluation 492 

To evaluate the suitability of the primary retrieval configuration and retrieval depth, we 493 

compared BM25+TF–IDF+RRF, E5-base vector retrieval, and BGE reranking under both sum 494 

Three-stage Progressive Retrieval

Successive query refinement

Round 1: Broad karez terminology

n=4909 ( selected research databases )

Query: Qanat, karez, kanerjing and terminological variants.

Round 2: Origin and historical themes

n=726 ( 14.79% of Round 1 search hits )

Query: Origin, history, diffusion and terminological variants.

Round 3: Study-area specification

n=289 ( 39.81% of Round 2 search hits )

Query: China, Xinjiang, Turpan and terminological variants.

The 289 third-round records were merged across platforms and 

then entered the PRISMA identification process.

PRISMA 2020 Record Flow

Identification, screening, retrieval and inclusion

Id
en

ti
fi

ca
ti

o
n

S
cr

ee
n

in
g

In
cl

u
d

ed

Records removed before screening

Duplicate records removed  ( n = 9 )

Records marked as ineligible by automation 

tools ( n =0 )

Records removed for other reasons ( n =0 )

Records identified from selected 

research databases 

Databases  ( n =8 : Web of Science, Scopus

Ei Compendex, CNKI, eLIBRARY.RU, 

OpenEdition Search, Almandumah, Noormags )

Records screened ( n =280 ) Records excluded ( n =0 )

Reports sought for retrieval ( n =280 ) Reports not retrieved ( n =5 )

Reports assessed for eligibility ( n =275 ) Reports excluded

Pre-specified reasons reported ( n =0 )

Documents included in the multilingual full-text corpus ( n =275 )

The identified records were deduplicated, screened, retrieved, and 

assessed for final inclusion following PRISMA 2020.



and max aggregation strategies (Fig. 5). Document Coverage@K generally increased across all 495 

configurations as the retrieval depth K increased from 10 to 100. BM25+TF–IDF+RRF 496 

maintained relatively stable document-level coverage across retrieval depths. At K=30, which 497 

was used in the primary analysis, sum aggregation achieved a Document Coverage@30 of 498 

72.55%, covering 111 of the 153 Gold Standard records. E5-base produced comparatively lower 499 

coverage at most retrieval depths, whereas BGE reranking gradually approached the lexical-500 

fusion configuration as K increased but did not consistently outperform BM25+TF–IDF+RRF 501 

across the full depth range. Based on these results, BM25+TF–IDF+RRF with sum aggregation 502 

was retained for the primary analysis. 503 

The Top-K sensitivity analysis employed two marginal-gain metrics to assess the trade-off 504 

between increased coverage and downstream input volume. Increasing K from 20 to 30 yielded 505 

an 8.75-percentage-point increase in Document Coverage for every additional 10,000 506 

characters of candidate text. When K increased from 30 to 40, this marginal gain declined to 507 

4.29 percentage points, representing a decrease of approximately 51%. The Gold-hit metric 508 

showed a similar pattern: the K= (20,30) interval produced the highest marginal gain within the 509 

observed range, corresponding to 15.56 additional Gold Standard records per 100,000 510 

additional characters of downstream input. 511 

Although increasing K further continued to improve cumulative coverage, both metrics 512 

showed that the retrieval gain per unit of additional input declined substantially beyond K=30. 513 

We therefore selected K=30 as the cost-sensitive operating point for the primary analysis.  514 

 515 
Fig. 5 | Retrieval performance and marginal returns across retrieval depths. (a) Document Coverage@K across six 516 

retrieval configurations. (b) Marginal returns of increasing retrieval depth under the selected retrieval setting. 517 

Under this configuration, RAG outputs served only as a candidate-screening layer between 518 

the PRISMA full-text corpus and multi-LLM evidence mining and were not treated directly as 519 

historical evidence. The final set of 141 unique target chunks was frozen as the shared first-520 

round input to the three LLMs, with the same adjacent source context provided for each target. 521 

This design controlled downstream processing volume while maintaining the retrieval coverage 522 

observed at K=30 and ensuring that cross-model comparisons were based on identical and 523 

traceable source materials. 524 

The 727 unique evidences were identified parallelly across three AI models 525 

DeepSeek V4 Pro, GLM-5.2, and Qwen3.7-Plus generated 332, 359, and 256 raw 526 

(a) (b)



candidate evidence records, respectively. After within-model normalization and deduplication, 527 

the 359 records generated by GLM-5.2 were consolidated into 353 unique candidate records, 528 

whereas the counts for DeepSeek V4 Pro and Qwen3.7-Plus remained unchanged. The three 529 

models therefore contributed 332, 353, and 256 normalized candidate evidence records, 530 

respectively. 531 

The normalized outputs of the three models were subsequently merged and deduplicated 532 

across models, yielding 727 unique candidate evidence records. Of these, 37 (5.09%) were 533 

identified by all three models, 140 (19.26%) by two models, and 550 (75.65%) by only one 534 

model. Thus, 75.65% of the unique candidate evidence records were identified by only one 535 

model. 536 

The relationship between the number of models and candidate-evidence coverage was 537 

further examined using the union of 727 unique candidates identified across the three models 538 

as the reference set. A single model identified a mean of 313.7 candidates, corresponding to 539 

43.1% of the candidate union, with normalized candidate counts ranging from 256 to 353 across 540 

models. Combining any two models identified a mean of 543.7 candidates, corresponding to 541 

74.8% of the union, with individual two-model combinations covering 513–585 candidates. 542 

Combining all three models yielded the complete union of 727 candidate evidence records(Fig. 543 

6). 544 

 545 
Fig. 6 | Complementarity and coverage gains across three large language models. (a) UpSet plot showing model-specific 546 

and shared candidate evidence, with percentages relative to 727 unique records. (b) Mean coverage across model subsets. Error 547 

bars indicate minimum–maximum ranges; pp denotes percentage points. 548 

The 633 evidence records were cross-validated by models and human adjudication  549 

After candidate normalization and cross-model deduplication, the first-round extractions 550 

from the three models yielded 727 unique candidate evidence records. Before the second round 551 

of blind validation, the document identifier, source_chunk_id, verbatim quotation, and text-552 

location information of each candidate were programmatically verified. All 727 candidates 553 

were traceable to the corresponding source text ( ௜ܶ = 1); therefore, no records were excluded 554 

because of insufficient traceability. 555 

DeepSeek V4 Pro, GLM-5.2, and Qwen3.7-Plus subsequently performed blind, source-556 

constrained validation of the 727 candidates without access to which model or models had 557 

originally identified each candidate or to the assessments made by the other models. Based on 558 

the number of valid entailed classifications, ௜ܸ, 613 candidates were classified as entailed by 559 

(a) (b)



all three models（ ௜ܸ = 3，84.3%）, 105 by two models （ ௜ܸ = 2，14.4%）, five by one model 560 

（ ௜ܸ = 1，0.7%）, and four by none（ ௜ܸ = 0，0.6%）. Seven candidates did not receive a valid 561 

assessment from GLM-5.2 because of provider-side content filtering. For these candidates, 562 

confirmation counts were calculated using only the assessments returned by DeepSeek V4 Pro 563 

and Qwen3.7-Plus. Missing assessments were counted as neither opposition nor confirmation, 564 

and the corresponding records proceeded to human review. Overall, 718 candidates (98.8%) 565 

received source-support assessments from at least two models. Among the 720 candidates for 566 

which all three models returned valid assessments, the mean pairwise observed agreement 567 

among the three models in the three-class entailed–contradicted–insufficient task was 90.19%. 568 

Under the tiered review rules defined in Eq. (12), the 718 candidates with ௜ܸ ≥ 2 569 

underwent human review, whereas the nine candidates with ௜ܸ ≤ 1 were directly classified as 570 

Rejected. The 613 candidates with ௜ܸ = 3 were reviewed against the source text by Researcher 571 

1 and subsequently checked by Researcher 2. Following human adjudication, 555 records 572 

confirmed by both researchers were classified as Verified, while 58 records were classified as 573 

Uncertain because the researchers disagreed. The 105 candidates with ௜ܸ = 2  were 574 

independently reviewed by both researchers. Of these, 78 were jointly confirmed and classified 575 

as Verified, whereas 27 were classified as Uncertain because of disagreement or a missing 576 

review by Researcher 2. Overall, the 727 candidates comprised 633 Verified records (87.1%), 577 

85 Uncertain records (11.7%), and nine Rejected records (1.2%). Uncertain records were 578 

excluded from the primary hypothesis scoring and retained only for sensitivity analyses. The 579 

633 Verified records constituted the formal input for Evidence Family consolidation and 580 

hypothesis scoring using Eqs. (13)-(18). The complete workflow is shown in Fig. 7. 581 

 582 

Fig. 7 | Cross-model verification, human adjudication, and final evidence-status assignment. 583 

The 0.5735>0.5125>0.3321 points were obtained for CAI > LPI > CPI 584 

Following cross-model validation and human adjudication, 633 Verified evidence records 585 

entered the formal hypothesis evaluation. To control evidence inflation caused by repeated 586 

Model-consensus and final-status percentages use all 727 unique candidates as the denominator, as all candidates were traceable (

V = Verified; U = Uncertain; R = Rejected. Mean observed agreement: =90.19.
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accounts of the same primary historical source, historical event, or archaeological material, the 587 

Verified records were further consolidated into Evidence Families based on the source-588 

dependency criteria described in Section 2.4. All subsequent scoring used the Evidence Family 589 

as the fundamental unit. When a family contained both supporting and opposing evidence for 590 

the same hypothesis, it was counted once among both the supporting and opposing families and 591 

labelled as containing a within-family conflict. 592 

The numbers of supporting and opposing Evidence Families and the net evidence balance 593 

for each hypothesis are presented in Table 3. 594 

Table 3 | Evidence family counts and net evidence balance by hypothesis. 595 

Hypothesis Supporting families(ࢎࡼ)  Opposing families(ࢎࡻ) Net evidence balance (ࢎ࡮) 

CAI 116 32 0.568 

CPI 59 19 0.513 

LPI 54 4 0.862 

CAI had the largest number of supporting Evidence Families, indicating the greatest 596 

accumulation of independent evidence. Although LPI had fewer supporting families, it had only 597 

four opposing families and therefore achieved the highest net evidence balance. Thus, the 598 

volume and direction of supporting evidence were not fully aligned. 599 

The direction of scholarly consensus was further calculated from authorial stances at the 600 

level of independent publications. Supporting and opposing evidence for the same hypothesis 601 

was aggregated within each publication. A publication was coded as support when its 602 

supporting evidence exceeded its opposing evidence, as oppose when the reverse was true, and 603 

as neutral when the two were equal. Neutral publications were excluded from the denominator 604 

of ܥℎ. The results are presented in Table 4. 605 

Table 4 | Distribution of independent scholarly stances and consensus direction across hypotheses. 606 

Hypothesis 
Supporting 

publications (ࢎ࡭+)  

Opposing 

publications (ࢎ࡭−) 

Scholarly consensus 

direction (ࢎ࡯) 

CAI 14 6 0.400  

CPI 15 4 0.579 

LPI 16 2 0.778 

LPI had the highest net evidence balance and the strongest positive direction of scholarly 607 

consensus. Although CAI had the largest number of supporting Evidence Families, its scholarly 608 

consensus direction was lower than those of CPI and LPI. This result indicates that the 609 

accumulation of independent evidence and the distribution of scholarly positions across 610 

publications represent distinct evaluative dimensions. 611 

Evidence-type diversity was assessed using the normalized Shannon index, ܦℎ, across the 612 

three primary categories of documentary, material, and legendary evidence. Among the 116 613 

Evidence Families supporting CAI, 105 were based on documentary evidence, nine on material 614 

evidence, and two on legendary evidence, yielding ܦℎ = 0.326. Of the 59 families supporting 615 

CPI, 57 were based on documentary evidence, one on material evidence, and one on legendary 616 

evidence, yielding ܦℎ = 0.156 . Of the 54 families supporting LPI, 45 were based on 617 

documentary evidence and nine on material evidence, yielding  ܦℎ = 0.410 . Supporting 618 

evidence for CPI was therefore the most heavily concentrated in documentary materials, 619 

whereas LPI had the greatest evidence-type diversity, with CAI occupying an intermediate 620 



position (Fig. 8). 621 

 622 
Fig. 8 | Evidence structure of the three origin hypotheses. (a) Numbers of supporting and opposing Evidence Families for 623 

CAI, CPI and LPI. (b) Net evidence balance, scholarly consensus and evidence-type diversity for the three hypotheses. 624 

Under the equal-weight baseline scenario, the composite comparison incorporated four 625 

dimensions: normalized evidence sufficiency ܵℎ∗ , net evidence balance ܤℎ , scholarly 626 

consensus direction ܥℎ , and evidence-type diversity ܦℎ . Composite scores ܳℎ  were 627 

calculated using Eq. (18), and the results are presented in Table 5. 628 

Table 5 | Evidence-based evaluation, composite scores, and ranking of the three origin hypotheses. 629 

Rank Hypothesis 
Evidence 

sufficiency(ࢎࡿ∗ ) 

Evidence 

balance (ࢎ࡮) 

scholarly consensus 

direction (ࢎ࡯) 

Evidence type 

diversity(ࢎࡰ) 

Composite  

Score(ࢎࡽ) 

1 CAI 1.000  0.568  0.400  0.326  0.5735 

2 LPI 0.000  0.862  0.778  0.410  0.5125 

3 CPI 0.081  0.513  0.579  0.156  0.3321 

The baseline ranking was CAI > LPI > CPI. CAI had the largest number of supporting 630 

Evidence Families, resulting in the highest evidence-sufficiency value. Although LPI had the 631 

lowest evidence-sufficiency value, it achieved the highest net evidence balance, scholarly 632 

consensus direction, and evidence-type diversity, thereby limiting the difference between its 633 

composite score and that of CAI. CPI had a lower composite score than both CAI and LPI 634 

across the four-dimensional evaluation.  635 

Discussion 636 

The current results indicate that, within the materials included and the evaluation 637 

framework adopted in this study, CAI received greater overall support, while LPI remained a 638 

strong competing explanation. By contrast, CPI received relatively weaker support under the 639 

baseline evaluation and most robustness-analysis scenarios. These findings are consistent with 640 

the interpretive direction of some previous studies, although the methods and scope of the 641 

conclusions differ. Through a literature review and cross-regional technological comparison, 642 

Valipour et al.1 examined the structures, diffusion, and sustainability of traditional underground 643 

waterworks and adopted the interpretation that karez technology was introduced into Turpan 644 

from the Middle East in successive stages. In the present study, however, support for CAI 645 

represents a relative advantage within the current evidence framework; it neither establishes 646 

specific stages of transmission nor provides sufficient grounds to rule out LPI. 647 

(a) (b)



Mächtle et al.13 combined radiocarbon dating of plant remains buried in karez spoil heaps 648 

with stratigraphic relationships and oral accounts to date the construction of the oldest 649 

investigated systems to the early fifteenth century. Their recognition of a Persian technological 650 

background broadly aligns with the relative support for CAI in this study. However, their dating 651 

results primarily constrain the construction and maintenance chronology of specific systems 652 

and cannot, on their own, distinguish external transmission from independent local invention. 653 

Using hydraulic modelling of the MGK4 spate irrigation system, Li et al.51 proposed that the 654 

relevant technologies may have developed locally or originated in regions west of Xinjiang. 655 

They emphasized the parallel development of distinct branches of ancient irrigation technology 656 

in Xinjiang, without reaching a clear conclusion favouring either CAI or LPI. 657 

To assess whether this ranking depended on specific evidence-screening and evaluation 658 

conditions, we further examined the effects of the model-confirmation threshold, treatment of 659 

Uncertain evidence, model combination, indicator weights, and Evidence Family composition 660 

on the evaluation results, as shown in Fig 9. The baseline ranking of the three hypotheses 661 

remained unchanged when the evidence-confirmation threshold was tightened to require 662 

unanimous confirmation by all three models and when Uncertain evidence was directly 663 

included. However, when Uncertain evidence was recoded in the direction least favourable to 664 

the currently leading hypothesis, the composite score of LPI exceeded that of CAI. Leave-one-665 

model-out analysis showed a similar pattern, with LPI ranking first after DeepSeek V4 Pro was 666 

excluded. Weight perturbation further revealed the competition between the two hypotheses: 667 

among 231 valid weight combinations, 65.8% preserved the ranking of CAI > LPI > CPI, 668 

whereas LPI ranked first under 34.2%. Leave-one-family-out analysis further showed that 669 

removing any one of the 484 Evidence Families did not alter the baseline ranking, indicating 670 

that the ranking was not driven by a single Evidence Family. Across 10,000 bootstrap iterations 671 

using Evidence Families as the sampling units, CAI and LPI ranked first in 82.6% and 17.3% 672 

of iterations, respectively. These results indicate that CAI retained the leading position more 673 

frequently under the current sampling and scoring rules, while LPI could still achieve a higher 674 

ranking as Evidence Family composition varied. 675 



 676 

Fig. 9 | Robustness of hypothesis ranking under alternative analytical scenarios. (a) Composite scores under different 677 

evidence-admission and leave-one-model scenarios. (b) First-place frequencies across weight perturbation and family-level 678 

bootstrap analyses. (c) Baseline composite scores with 95% family-bootstrap intervals. 679 

From the perspective of technological development, differing interpretations of the origin 680 

of the Turpan karez in previous research may also reflect differences in the historical stages 681 

addressed by the evidence7,11. Materials used in the origin debate may concern technical 682 

antecedents, interregional transmission, local adaptation, or later expansion, rather than a single, 683 

clearly identifiable origin event. Accordingly, some disagreements among the three hypotheses 684 

may arise not only from different interpretations of the same evidence but also from different 685 

understandings of the historical processes encompassed by “origin.” External technological 686 

transmission and subsequent local adaptation are therefore not necessarily mutually exclusive 687 

within the historical process. Further direct evidence that jointly constrains chronology, 688 

engineering characteristics, and transmission relationships is needed to distinguish external 689 

introduction, independent local development, and local modification following transmission. 690 

Evidence synthesis in debates over heritage origins requires not only processing literature 691 

across diverse languages and forms of expression but also distinguishing primary materials, 692 

subsequent interpretations, and repeated citations to avoid treating accounts with shared sources 693 

as independent support. These requirements are consistent with traditional principles of 694 

historical source criticism. However, consistently recording evidence provenance, 695 

standardizing coding, and comparing competing interpretations remain practical challenges in 696 

large multilingual corpora30,45. This study integrates LLM-assisted evidence discovery, source-697 

text validation, human adjudication, Evidence Family consolidation, and hypothesis evaluation 698 

into a documented and auditable workflow. Rather than replacing source criticism and expert 699 

interpretation, this approach applies structured processing to improve the systematic 700 

organization, transparency, and reproducibility of large-scale literature-based evidence 701 

synthesis. 702 

In the technical implementation, retrieval-augmented generation (RAG), multi-model 703 

(a)

(b) (c)



complementarity, and human review serve distinct functions. RAG localizes candidate passages 704 

and their surrounding context³⁶, linking model inputs to identifiable source texts while 705 

controlling input volume. Multiple LLMs independently extract candidate evidence from these 706 

shared inputs, using the complementarity of their outputs to broaden candidate discovery. 707 

Source-constrained cross-model validation then assesses whether the candidate statements are 708 

supported by the supplied passages, while human review examines evidence validity, authorial 709 

stance, and historical interpretation. Grouping source-dependent records reduces evidence 710 

inflation from repeated citation and allows hypothesis evaluation to account for source 711 

relationships alongside evidence volume, direction, and type. At the process level, the links 712 

among publications, page numbers or text locations, candidate statements, validation 713 

judgements, and Evidence Families provide an audit trail for review and correction. 714 

The framework may also inform research on ancient technological diffusion, heritage 715 

origins, and other historical controversies involving dispersed and interdependent textual 716 

evidence. Its transferability lies primarily in its analytical principles and workflow, rather than 717 

in the direct replication of specific parameters or evaluation results. Research contexts may 718 

differ substantially in corpus size, historical source types, evidence preservation, and hypothesis 719 

structure. Accordingly, retrieval strategies, Evidence Family assignment rules, evidence 720 

classification schemes, and evaluation weights require adjustment to the specific research 721 

question. 722 

This study developed a traceable multilingual evidence-synthesis framework, but its 723 

evaluation results remain influenced by corpus coverage, evidence identification, and analytical 724 

rules. Although this study assembled 275 multilingual full-text publications through a three-725 

stage progressive multilingual search, database coverage, search terminology, full-text 726 

availability, and digitization may still affect the representativeness of the corpus. Undigitized 727 

local publications, archives, and field records, as well as materials describing relevant hydraulic 728 

structures using alternative historical terms, may be underrepresented. The corpus is also 729 

linguistically imbalanced, with English and Chinese publications predominating and relatively 730 

few Persian and Arabic sources, which may affect the representation of different scholarly 731 

traditions and interpretations. Future research should expand the corpus through historical 732 

terminology variants, local archives, and cross-language citation tracing. 733 

The retrieval stage further constrains the range of candidate evidence. The selected 734 

configuration achieved a Document Coverage@30 of 72.55%, indicating that some known 735 

relevant materials remained uncovered under the selected retrieval depth. Moreover, the Gold 736 

Standard comprised materials previously identified by the researchers, and retrieval queries 737 

were refined in response to omissions observed in earlier stages. The reported retrieval 738 

performance therefore primarily reflects performance under the current development conditions. 739 

Future research could establish an independent evaluation set and use stratified sampling across 740 

languages, publication periods, and document types to assess omissions among unretrieved 741 

materials. 742 

Cross-model source-text validation and human adjudication remain subject to interpretive 743 

differences. Although the three models belong to different model families, they may share 744 

training data or exhibit similar judgment biases. Human review is also influenced by reviewers’ 745 

disciplinary backgrounds, language proficiency, and understanding of the coding scheme. In 746 



this study, some records unanimously confirmed by the models were subsequently classified as 747 

Uncertain following human review, indicating that source-text support and the validity of 748 

historical interpretations need to be assessed separately. Future research should involve domain 749 

experts with relevant language expertise, implement independent coding, and document the 750 

reasons for disagreement to assess judgment consistency across evidence types and interpretive 751 

tasks. Priority should also be given to tracing records critical to distinguishing the hypotheses 752 

back to primary historical sources. 753 

The definitions, normalization, and weighting of the four evaluation dimensions also affect 754 

the interpretation of the composite scores. Evidence sufficiency, calculated by min–max 755 

normalization of the number of supporting Evidence Families, measures the volume of 756 

supporting evidence rather than the historical evidential strength of individual items. Net 757 

evidence balance reflects the relationship between supporting and opposing evidence within the 758 

included materials; fewer opposing records do not necessarily indicate that a hypothesis has 759 

been thoroughly tested. The direction of scholarly consensus describes the distribution of 760 

stances across the included publications and cannot substitute for an assessment of historical 761 

truth. Evidence-type diversity reflects the composition of the evidence base but does not 762 

automatically establish effective corroboration among different types of evidence. Although 763 

sensitivity analyses demonstrated how selected analytical choices affected hypothesis rankings, 764 

these tests remained limited to the specified scenarios. 765 

The comparison of the three origin hypotheses has not fully distinguished among historical 766 

propositions concerning technological emergence, transmission, modification, and expansion. 767 

Although evidence extraction retained categories such as MULTI, the primary evaluation 768 

focused on CAI, LPI, and CPI. Consequently, the composite ranking may combine materials 769 

addressing different periods, locations, and technological stages. Future research should refine 770 

these broad origin hypotheses into questions testable against specific materials, such as the 771 

initial construction date of a particular system, the origin of a specific engineering feature, and 772 

whether identifiable technological transmission occurred during a given period. The 773 

transferability of the framework also requires cross-case validation. Future research could 774 

examine cases differing in source types, linguistic composition, and degree of scholarly 775 

disagreement, and compare evidence extraction, Evidence Family consolidation, and 776 

hypothesis evaluation with results independently compiled by experts. 777 

Overall, this study provides an auditable framework for synthesizing multilingual evidence 778 

on contested heritage origins. These findings describe relative evidentiary support rather than 779 

establish a definitive historical origin. The framework’s contribution lies in making evidence 780 

provenance, source dependence, validation decisions, and interpretive uncertainty explicit and 781 

open to scrutiny. The framework provides a transparent basis for reassessing these 782 

interpretations as new archaeological, technological, and documentary evidence becomes 783 

available. 784 
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