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greenhouse gas emissions and biodiversity loss. Additionally, understanding LUC in former 

colonies can help fairly distribute the remaining carbon budget. Historical LUC is often 

quantified using a modelling approach and historical data is only sporadically used. To improve 

these models, in this thesis the archives of the Dutch East India Company (Vereenigde Oost-

Indische Compagnie, VOC) are assessed to find information on land use. Additionally, a text 

mining methodology is developed for the identification of such information from transcribed 

archives of the VOC. A total of 14 lists concerning land use were identified with the text mining 

methodology. For Ceylon (modern-day Sri Lanka) a land use reconstruction is made using one 

of these lists. The list is georeferenced onto a contemporary map allowing 34% of the locations 

in the list to be connected to a location on a map. Additionally, two historical maps on land use 

were georeferenced, offering another data source for the estimation of land use. By identifying 

more lists and improving the georeferencing procedure, future research can disentangle the 

drivers for LUC and make land use estimates for all the colonies of the VOC. This thesis offers 

the foundations for such an approach and is a starting point for improving our understanding 

of historical LUC. 

 

 

 

Name: Yannick Egberink 

Student number: 6428231 

Supervisor: Dr. Brian Dermody 

Second Assessor: Dr. Janpieter van der Pol 



2 

 

 

1 INTRODUCTION 4 

2 HISTORICAL BACKGROUND 7 

2.1 Archives 9 

2.2 Ceylon 10 

3 METHODS 11 

3.1 Trade Reconstruction 12 

3.2 Text Mining Methodology 14 

3.3 Applied Methodology 17 

3.4 Land Use Change Reconstruction 19 

4 RESULTS 21 

4.1 Text Mining 21 

4.2 Trade Reconstruction 25 

4.3 Land Use Change Reconstruction 29 

5 DISCUSSION 35 

5.1 Text Mining 35 

5.2 Trade Reconstruction 36 

5.3 Land Use Change Reconstruction 37 

5.4 Future Research 38 

6 CONCLUSION 39 

7 ACKNOWLEDGEMENTS 40 



3 

 

 

8 REFERENCES 41 

9 APPENDIX I 47 

10 APPENDIX II 51 

11 APPENDIX III 56 

12 APPENDIX IV 57 

13 APPENDIX V 58 

14 APPENDIX VI 59 

  



4 

 

 

1 Introduction 

 

Land use change (LUC) such as deforestation and urbanisation attracts a lot of attention in both 

society and scientific literature (Gilg, 2009; van Vliet et al., 2016; Winkler et al., 2021) as it is 

a key driver of greenhouse gas emissions and biodiversity loss (Luyssaert et al., 2014). Most 

literature and news items focus on contemporary deforestation in countries such as Brazil and 

Indonesia (Arima et al., 2014; Austin et al., 2019; Den Elzen & Schaeffer, 2002). However, 

LUC is not new and has occurred throughout human history. Studying historical LUC provides 

insights into the environmental transitions that have happened throughout the world (Foley et 

al., 2005), and for the colonial and post-colonial periods are a crucial data source to estimate 

historical contributions to greenhouse gas emissions and biodiversity loss (IPCC, 2023). In 

addition, land use (LU) shapes society’s views, norms, and values, and historical 

reconstructions of LUC can therefore help understand cultural heritage (Plieninger et al., 2006), 

and aid in the resolution of conflicts (Sterk et al., 2011). Previous studies have quantified 

historical LUC using modelling approaches such as HYDE3.2 (Goldewijk et al., 2017), LUH2 

(Hurtt et al., 2020), and SAGE cropland (Ramankutty & Foley, 1999). Historical documents 

are only sporadically used to inform the parameters of these models (Winkler et al., 2021). 

Therefore, analyses using solely historical documents could offer additional insights into these 

models and might be used to validate the outcomes of these approaches and improve the 

mechanisms for modelling land use change. 

One of the earliest colonial powers was the Dutch Republic whose main instrument for 

trade and colonisation was the Dutch East India Company (Vereenigde Oost-Indische 

Compagnie, VOC). The Dutch East-India Company was established in 1602 and until the 19th 

century controlled most of the colonial trade in Asia (see Figure 1 for a map of the trade 

outposts of the VOC). By establishing colonies, the VOC controlled the production of 

commodities, often agricultural products (Weststeijn, 2014). It is yet unclear what the impact 

of the VOC on land use was, however, the documentation on the operations of the VOC could 

offer insights into the process through which the VOC impacted LU in its former colonies.  

The archives of the VOC contain a variety of documents, ranging from descriptions of 

indigenous medicine (Scott & Hewett, 2008), to comic books (La Nasa et al., 2019). The 

archives also contain information that concerns the general operations of the VOC, such as 

shipped goods, population, and maps of the controlled territories (Meilink-Roelofsz, 2023). 
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However, the size of the archives and the absence of ex-ante knowledge on where relevant 

information regarding LUC can be found and what this information might look like, makes it 

infeasible to analyse the documents by hand. Therefore, a text-mining approach is used to find 

information relevant to land use change. 

Advancements in Artificial Intelligence (AI) and increased digitisation of historical 

documents make it possible to apply text mining approaches to analyse large amounts of 

historical documents (Colavizza et al., 2021). This allowed studies on for example historical 

trade with the British Empire (Hinrichs et al., 2015), LUC in the Mediterranean (Cervera et al., 

2019), and environmental change in the English Lake District (Smail et al., 2021). These 

approaches often require a deep understanding of AI and text-mining to adequately apply the 

methods (Greene, 2024). In addition, many language models and text mining methodologies 

have been developed for the English language, making studies on documents in other languages 

challenging (Medagoda et al., 2013). The increased availability of pre-trained Large Language 

Models (LLMs) creates new possibilities for researchers without a strong background in 

computer science and helps research documents written in languages other than English. 

This study aims to use archival records from the VOC to make reconstructions of LUC 

in former colonies of the VOC. Accordingly, three types of data are analysed: trade data, maps, 

and textual data. All three can be found in the archives of the VOC, however, to make a clear 

distinction between the data sources, when the VOC archives are mentioned in this study, it 

refers to the textual data only. The focus of the research on LUC is on Ceylon, since LU maps 

are available from the time of the VOC (l’Honoré Naber & Boink, 2023), and there is 

documentation of changes in LU during the rule of the VOC (Kanapathypillai, 1969).  

Trade of agricultural commodities is a driver of LUC (Jadin et al., 2016; Meyfroidt et 

al., 2010). Therefore, analysing trade patterns could be a proxy for LU in the times of the VOC. 

For this study, the trade data from Huygens (2022) is used as this includes many regions and 

therefore would allow for applying the methods to other regions in future research. The analysis 

of the trade data is not confined to Ceylon and rather is limited to the nine commodities which 

are specified in the methods (3.1). In this thesis, the quality of this trade data is assessed and 

the usefulness for future research is discussed, but it is not used to inform the LU 

reconstruction, due to time constraints.  

The second aim of the research is to develop a methodology to identify information on 

LUC in the VOC archives using text mining in which no ex-ante knowledge of the content of 
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the archives is needed. The research describes different approaches and assesses them based 

on the speed of the process, and the quality of the outcomes. The approach that was deemed 

the most useful is then described in more detail. To test the methodology, three geographic 

regions are used: Ceylon (now Sri Lanka), Ambon (part of the Mollucas), and the Banda islands 

(also part of the Mollucas). Applying the methodology to different regions and not only the 

Ceylon region ensures more general applicability of the methods. 

The two aims of this study give rise to the following central research questions and sub-

questions: 

 

RQ1 What is a reliable and generalisable method for identifying relevant documents on land 

use change in the archives of the VOC without ex-ante knowledge? 

1. Do automated approaches such as large language models (LLMs) allow the 

identification of places and commodities in historical documents to reconstruct land 

change and trade? 

2. In what ways do automated approaches need to be complemented by other methods to 

answer RQ2? 

 

RQ2 Is it possible to reconstruct land use change in former colonies of the Dutch VOC using 

historical archives? 

1. Can quantitative reconstructions of traded agricultural commodities be made using 

historical sources? 

2. Can land use change be reconstructed from historical sources? 

3. Can the processes of colonial land change be understood by analysing and integrating 

historical sources of land use change and trade? 

 

The goals of this thesis and the research question are inductive, meaning no specific method 

was established beforehand. Since no previous research has addressed a similar task, the 

methodology was developed uniquely for this study. This also means that sometimes pragmatic 

choices are made, i.e. if something works, it works. Therefore, the approach taken in this study 

can be refined in the future, and potential improvements in the methodology are an important 

outcome of the study.  
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 In the following section, a short historical background on the VOC, their archives, and 

Ceylon is given, after which the method is discussed, followed by the results and the discussion. 

In each section, first the text mining is discussed, then the trade reconstruction and lastly the 

LU reconstruction.  

 

2 Historical Background 

 

The VOC was established in 1602 from a fusion of six smaller companies (Karnadipa et al., 

2023). Previously, the six companies had competed for the profits of trade voyages to Asia. 

However, because the Dutch Republic was at war with Spain and Portugal, the government 

forced the companies to unite to play a part in this war (Meilink-Roelofsz, 2023). The ships of 

the VOC were used to fight against the Spanish and Portuguese, and the profits of the operation 

were used to further increase the company’s fighting power: in some ways the VOC operated 

more as a country than as a company (Weststeijn, 2014). The six former companies formed six 

“chambers” led by the heads of the former companies, with a general board (Heren XVII) that 

had representatives of all the chambers. The archives are also structured according to these 

chambers named after the city in which they were founded, as they all kept their own records 

(Meilink-Roelofsz, 2023).  

After the institution of the VOC, it quickly became the largest trading company in Asia. 

It was the first company to leverage the capital market to secure funding for its operations, 

which enabled the VOC to establish itself as the largest and richest company of the time 

(Nijman, 1994). The VOC even had the right to engage in military operations against countries 

and other entities to also establish a monopoly on trade outside of the Netherlands (Meilink-

Roelofsz, 2023). In the Netherlands, the VOC got the monopoly on Dutch trade with Asia by 

right of Octrooi (a sort of patent), which made the VOC the only Dutch company legally 

allowed to trade with Asia (Weststeijn, 2014). The VOC, however, established monopolies that 

went beyond this Octrooi, making the VOC the only company that traded monopolised 

commodities with the whole of Europe, not only the Netherlands. To enforce these monopolies, 

the VOC formed colonies in many countries including in what is now known as Indonesia and 

India (Figure 1).   
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Figure 1: Largest outposts of the VOC in Asia during the 17th century. Some places were gained and lost during this period. 

The VOC also had smaller settlements inland of these colonies, however the map gives an overview of where in Asia the VOC 

was active.  Source: Nijman (1994) 

Initially, the VOC established monopolies for trade in fine spices. The capture of the Banda 

islands in 1622 gave the VOC the monopoly on the trade of mace and nutmeg, and by 

destroying plantations in the Moluccas and the capture of Makassar it achieved a monopoly on 

the trade of cloves (Meilink-Roelofsz, 2023). Lastly, a monopoly on the trade of cinnamon was 

established by fighting off the Portuguese in Ceylon (Meilink-Roelofsz, 2023). At the end of 

the 17th century, European trade with Asia changed to other, larger commodities (Nijman, 

1994). Textiles from India, coffee from Arabia, and tea from China became more important 

than fine spices. The increase in the size of the products also meant that more ships were needed 

for transportation, and they required larger growing areas, making it much harder to maintain 

monopolies (Meilink-Roelofsz, 2023). Other companies and countries were also able to 

establish trade routes to Asia, and the relative importance of the company decreased (Rossum, 

2011). 
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The VOC did not only establish trade routes between Asia and countries in Europe. It 

had a large trade network within Asia as well, transporting four to five times more goods within 

Asia compared to the trade with Europe in the 17th century (Rossum, 2011). This intra-Asiatic 

trade was an important source of income in the early years of the VOC and was the most 

profitable part of the operation during this period (Meilink-Roelofsz, 2023). The intra-Asiatic 

trade, however, steadily diminished in importance to the VOC as it became less profitable due 

to difficulties with the availability of ships and crew (Rossum, 2011).  

The increase in importance of other companies, most notably the British East-India 

company, and the decreased profitability of the intra-Asiatic trade, diminished the financial 

reserves of the VOC (Nijman, 1994). A war between the Netherlands and England in 1780 led 

to a big loss of returning ships (Rossum, 2011), and because the travels of the ships were paid 

for with the prospect of income when the ship returned, the VOC acquired high debts (Meilink-

Roelofsz, 2023). On January the 1st 1800, the right of Octrooi on the trade monopoly with Asia 

was not extended, and the VOC was nationalised. This marked the end of the VOC.  

 

2.1 Archives 

 

As mentioned in section 2, the different chambers and the Heren XVII held their own archives 

in the Netherlands (Meilink-Roelofsz, 2023). In addition to the archives in the Netherlands, 

parts of VOC archives are held in many other countries, for example: Indonesia (Karnadipa et 

al., 2023), Ceylon (Paranavitana, 1999), and the Cape (Twidle, 2013). The archives in 

Indonesia are an especially wealthy source of information as they contain a vast collection of 

documents from the general administration in Batavia (now Jakarta), which was the seat of the 

central government of the VOC in Asia (Meilink-Roelofsz, 2023). These archives are currently 

being digitised but are not yet available for text-mining purposes and therefore not used in this 

study (Karnadipa et al., 2023).  

In 2018, the project Ijsberg was initiated to transcribe a part of the Dutch VOC archives 

along with other historical documents, using hand-written text recognition (HTR) (Keijser, 

2018). In 2021 this project was finished, with the result of 1.5 million documents transcribed 

and digitised (Nationaal Archief, 2021). After 2021, the transcription of these documents 

continued in the GLOBALISE projects, making many more transcriptions (> 4 million) 

available for the public (GLOBALISE, 2023). The documents that are made available through 
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the GLOBALISE project contain the inventory numbers 1053-4454 and 7527-11024 from the 

VOC archives of the Nationaal Archief (index number 1.04.02), and an index of the content of 

the whole archives can be found in Meilink-Roelofsz (2023). These transcriptions are used in 

this study.  

 

2.2 Ceylon 

 

Ceylon was considered one of the most desirable islands for colonial powers. The cinnamon 

grown on the island was of the highest quality and occurred naturally in forests here (Barceloux, 

2008). Even before the arrival of colonial powers, Ceylon’s cinnamon was traded with 

countries in Asia and Europe. Between the 10th and 15th centuries, Arabs controlled most of the 

cinnamon trade and tried to keep the origin of the cinnamon a secret from the European 

countries (Ravindran & Nirmal Babu, 2005). The arrival of the Portuguese in 1505 marked the 

end of the Arabian-controlled trade (De Silva, 1967), followed by the Dutch in 1658, and the 

British in 1796 (Suriyagoda et al., 2021). In 1948 Ceylon gained independence and is now 

known as Sri Lanka (Ananthavinayagan, 2019). 

During the VOC period, the cinnamon production in Ceylon changed dramatically. 

Before the arrival of the VOC cinnamon was harvested in forests while during the later part of 

the 18th century, the VOC established cinnamon plantations (Kanapathypillai, 1969). There was 

a strong belief that cinnamon could not be cultivated in plantations, which was only debunked 

in experiments between 1765 and 1785, and the first cinnamon plantations were therefore 

established after 1770 (Dewasiri et al., 2021).  

Three maps of Ceylon from 1793 show these plantations (see Figure 2 for one of the maps 

and Appendix II for all). The maps specify six types of agricultural LU: cinnamon plantations 

(yellow), coffee plantations (red), areca palm plantations (orange/red), pepper plantations 

(black), areas that are cleared for planting (green), and areas for which it is unclear what is 

planted there (on the old maps specified as “kyaten”, amber). These maps are a valuable source 

of information on LU and therefore play an important role in this study.  
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3 Methods 

 

To reconstruct LUC in Ceylon, the methods shown in the flowchart in Figure 3 are used. The 

method is divided into three aspects: analysis of the trade data (3.1), the text mining approach 

(3.2 & 3.3), and a combined approach using the outputs of the text mining and analysis of maps 

(3.4). Since no previous research has investigated LUC based on the archives of the VOC, the 

research was done using an inductive approach, where the outputs of previous steps informed 

the development of the methods. Therefore, to understand the methods, some results are briefly 

touched upon in the methods. For the text mining approach, both the considerations for 

developing the methodology and the used methods are presented. All data analysis was done 

in Python and the scripts and data used in this study can be found in Appendix VI, and the 

scripts can also be found on GitHub (https://github.com/Yegberink/VOC_land_use/tree/main). 

Figure 2: LU map from the Happitigam Corle in Ceylon. 

https://github.com/Yegberink/VOC_land_use/tree/main
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Figure 3: flow chart for the methods for reconstructing land use (LU) and trade patterns in former colonies of the VOC. Three 

data sources can be distinguished: trade data, historical maps, and the VOC archives. The text mining approach is depicted 

in more detail in Figure 4.  

3.1 Trade Reconstruction 

 

The VOC held extensive archives on the voyages their ships undertook, the cargo these ships 

carried, and the profit the voyages made (Huygens, 2022). These archives have been digitised 

and can offer insights into the trade flows of goods over time (Huygens, 2022). To add to the 

information in this dataset, in this study commodity names are standardised, the units are 

converted to kg, and the data is visualised using two different visualisations. Firstly, the overall 

size of the trade is visualised using line graphs, and secondly, the direction and size of the flows 

are presented in Sankey diagrams.  

To make these visualisations, the total weight of the commodities transported on ships 

is used. This gives a dataset which specifies the year of the travel, the weight, the origin, and 

the destination of the traded commodity. Nine commodities (Table 1) were selected as it was 

not feasible to research all commodities in the trade data. The trade reconstruction is not 

restricted to the three regions that are the focus points in the rest of the thesis, because the trade 

data might show interesting trends for other commodities and locations and can help understand 

the historical context. Within the dataset, different words are used to describe the same 
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commodity and by searching for the commodity name in the VOC glossary (Instituut voor 

Nederlandse Geschiedenis, 2000), synonyms for these commodities were found. A synonym in 

this thesis concerns either a linguistic synonym for the commodity name or if it is produced 

from the same source, for example “foelie” (mace) for nutmeg. The weights for the synonyms 

are simply added together to give an overall weight of the commodity. Products made from the 

commodities are not considered, for example clothing from silk fabric.  

Table 1: Commodities and their different Dutch names as specified in the VOC glossary (Instituut voor Nederlandse 

Geschiedenis, 2000). A synonym here concerns either a linguistic synonym or if the commodity is produced from the same 

source. 

Commodity Dutch synonyms 

Cinnamon ["kaneel", "boskaneel", "kaneel de matte", "candela"] 

Nutmeg ["nootmuskaat", "muskaatnoten", "brouwersnoten", "foelienoten", 

"foelie", "rompen"] 

Cloves ["antoffel", "blom", "caplet", "garioffelnagel", "nagel", 

"kruidnagel"] 

Pepper ["peper", "staartpeper", "cubebe", "piper cubebe", "ruagiepeper"] 

Opium ["amfioen", "opium"] 

Silk ["zijde", "ablako", "agoni", "allegias", "ardasse", "ardassina", 

"armozijn", "baa", "bariga", "bogy", "cabessa", "cannagy", 

"capitoen", "casagy", "chauls", "coetchiaal", "cora", "dom", 

"floretzijde", "floszijde", "fora", "gangali", "gasen", "gert-

kerckerie", "hittou", "kannegie", "kedgoda pessend", "ketsier", 

"khan baffy", "legia", "matiaal", "moghta", "mongo", "pangia", 

"parelzijde", "patteni", "pee", "peling", "poilzijde", "poolzijde", 

"poilzijde", "potti", "quetchoda-passant", "selvatica", "serge", 

"sjesum", "tabijnen", "taffachelas", "tafta", "tamut", "tanna-banna", 

"tanny", "tantianozijde", "thujas", "vloszijde", "volte corte", "zeem"] 

Tea ["thee", "bing", "boei", "congo", "joosjesthee", "pecco", "songlo", 

"souchong", "tscha"] 

Coffee ["koffie", "bun", "cauwa", "kauwa", "kitscha"] 

Sugar ["suiker", "gula", "jagersuycker", "jagru", "poeyer", "stoksuiker", 

"kandijsuiker", "tamarinde"] 
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There were no standard units of weight during the time of the VOC and therefore different units 

of weight are used in the trade data. The weights thus have to be converted to compare the 

various commodities. The conversion of these old weights to kg is also based on the VOC 

glossary and the conversion table can be found in Appendix I. For some units, the glossary did 

not directly give useable numbers. In that case either another source is used, or an assumption 

is made on the conversion of these commodities. In both instances, this is specified in Appendix 

I. Some data points have been disregarded if no good conversion is possible, or if the unit is 

used less than three times in the dataset. This led to the inclusion of >98% of the data points 

for each of the commodities except for coffee (±85%) because it contains only limited data 

points, and silk (±30%) because for silk many data points have a unit for which no conversion 

was found.  

For the line graphs, the total transported weight each year is used regardless of the 

direction of the trade. For example, if cinnamon is first transported from Ceylon to Jakarta and 

later imported back to Ceylon, this would add to the total weight transported. A more detailed 

analysis would be needed to disentangle these kinds of specificities.  

 

3.2 Text Mining Methodology 

 

The VOC archives are extensive, comprising millions of documents. The transcribed portion 

comprises 5 million pages, representing only a small part of the entire collection. Text mining 

is therefore used to identify documents that could contain information on LU. By extracting 

certain criteria from the text, large amounts of VOC documents can be filtered to allow for a 

qualitative assessment of the usefulness of the resulting documents. Ultimately the method 

should achieve the following goals: 1) filter out information that is not useful; 2) find 

quantitative data; 3) be fast enough to use on a large number of documents, 4) be applicable to 

multiple regions in which the VOC was active. Additionally, some consideration is given to the 

applicability of the approach to historical documents in other languages, although this is not 

tested in this thesis.  

To filter the documents three criteria were evaluated: the occurrence of locations, the 

occurrence of commodities, and the occurrence of numbers. It was hypothesised that if these 

three occur together, they might contain either information on LU (e.g. sentences such as: in 
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Colombo there is a field with 900 cinnamon trees), or information on trade (e.g. sentences such 

as: From Colombo 900 kg of cinnamon was transported to the Netherlands).  

The first criterion used for filtering is location. Since the VOC documents were 

generated using an AI model for HTR, the data contains many misspellings. Additionally, the 

texts contain different spellings of the same location. Therefore, it is impossible to simply 

match words with a known list of locations. To deal with this, two different approaches were 

assessed. The first is to replace the misspellings with a correct spelling from a list of known 

locations, and the other is to extract locations using Named Entity Recognition (NER) and then 

use fuzzy matching to find the known locations in a list.  

For the first approach, a generative large language model (LLM) was used. LLMs are 

artificial neural networks trained on large quantities of text data (Meyer et al., 2023). By 

applying Transformer architecture these models can capture the meaning of words in the 

specific context of a sentence and the whole corpus (Vaswani et al., 2017). For example, the 

Transformer architecture makes it possible to identify whether land relates to landing a plane 

or a piece of land. Recently, generative LLMs have become available to the wider public with 

the main example being ChatGPT (OpenAI, n.d.). Generative LLMs can generate a textual 

output based on a textual input and could therefore be useful for correcting spelling mistakes 

in the texts. Llama2 is the best-performing open-source language model (Touvron et al., 2023), 

can be downloaded for free, and runs on a local device. Therefore, Llama2 was used to assess 

the potential of generative LLMs. 

In contrast to generative LLMs, the second approach uses an LLM developed for one 

specific task, in this case NER. NER and especially Bidirectional Encoder Representations 

(BERT) are an often-applied model in text mining. The first BERT model was developed by 

Devlin et al. (2018) and has been adapted for other languages. The model ner_dutch_large 

(Schweter et al., 2020) from the Flair library was used in this study as it is an easy-to-use 

package, with high performance on Dutch texts. The model can be substituted with another 

model in the flair library so that the method can also be applied to documents in other 

languages. The ner_dutch_large model has a relatively large number of parameters meaning 

that it takes more time to run than smaller models, but it increases the performance of the model 

which is preferable for this thesis given the many misspellings in the VOC documents. The 

model runs with the Flair tokenizer, which splits sentences into words.  
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The output of the NER model is matched with the list of known locations using fuzzy 

matching. Fuzzy matching uses Levenshtein distance to compute the difference between two 

strings. One difference is described as one insertion, deletion, or substitution. For example, 

uninformed and uniformed have a Levenshtein distance of 1. With fuzzy matching, this is then 

transformed into a percentage of difference which can be used as a parameter for the maximum 

difference allowed to be considered a match. For example, two words can be considered a 

match when they are similar for more than 98%, which is computed in fuzzy matching.  

To find the most useful text mining approach (NER or generative LLMs), a small 

sample (n=20) of the VOC documents was taken and the different approaches were applied. 

The outputs of this can be found in Appendix III. Initially, the approaches would be assessed 

on multiple criteria, however, most of the approaches were directly deemed impractical due to 

the long run time or gave clearly wrong results and therefore it was not necessary to assess 

these further. The run time of Llama2 was around 30 seconds per document, and with the large 

number of documents that had to be analysed, this was not a viable option. Furthermore, the 

output of Llama2 was very inconsistent and did not give useful results. The NER model 

performed better and gave appropriate results for the sample. Therefore, the NER approach 

was selected to develop the methodology further.  

To check for the occurrence of numbers and commodities in the sentence, the tokenised 

sentences from the previous step are used. Since there are many mistakes in the transcriptions 

and differences in interpunction between current and historic Dutch, it is difficult to accurately 

split the texts into sentences. Therefore, in this thesis, a sentence is considered to be a string of 

30 words around the occurrence of a location (15 on each side of the locations). To check for 

the occurrence of numbers, regular expression (regex) is used. This allows Python to quickly 

check if there are numbers in the sentences. It turned out that almost all sentences (±90%) 

contained some number either through a transcription mistake or for example a date. Therefore, 

this was not the most useful criterion. Finding commodities is more difficult given the different 

spellings and synonyms. Fuzzy matching was applied to identify the commodities in the text; 

however, this did not yield useful results. Depending on the fuzzy matching threshold either 

too many or no useful sentences were found. This criterion was therefore also not used for the 

final methodology.  

Since two of the three criteria were not deemed useful, the approach of finding 

interesting sentences based on the co-occurrence of these was not applied. The final method 
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uses the locations and filters these locations based on a list of known locations that are 

potentially interesting for LUC.  

 

3.3 Applied Methodology 

  

Figure 4: Detailed overview of the text mining methodology used to identify lists on land use (LU) in former VOC colonies 

with Python. An overview of the whole methods used for this thesis can be found in Figure 3. 

The first step in the used methodology is to identify documents concerning one of the regions 

of interest (i.e. Ambon, Ceylon, and the Banda islands). The VOC documents are filtered 

according to a certain region based on the indexing done by the Nationaal Archief. All 

documents under the header of a certain region as specified in the index of Meilink-Roelofsz 

(2023) are used. This gives around 21000 documents for Ambon, 114000 for the Banda islands, 

and 72000 for Ceylon. By filtering the VOC archives in this way, it is possible to apply the 

large NER model without it taking too long to run. 

The second step is to identify locations in the VOC documents using the BERT-based 

NER model ner_dutch_large, as explained before. For Ambon the runtime was around 10 

hours, for Ceylon two days, and for Banda three days. After that, the output of the model is 

evaluated on the sensitivity and specificity of the results. Sensitivity relates to the percentage 

of occurrences a text mining algorithm picks up on, whereas specificity relates to the 

percentage of occurrences it categorises wrongly. For example, when creating the dataset of 
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misspellings, a sensitive Llama2 algorithm might pick up on 95% of the misspellings of a 

certain location meaning 5% of misspellings were missed (false negative), however, 30% of 

the identified misspellings might be wrongly regarded as a misspelling (false positive).  To 

minimise human error during the evaluation, multiple (4) Dutch-speaking evaluators are used, 

which is an often-applied approach in evaluating model outputs (Hendriks et al., 2021). These 

evaluators read over the sentences and assessed whether the algorithm missed and/or 

incorrectly classified an occurrence in this sentence. Afterwards, Fleiss’ Kappa is calculated to 

indicate if the evaluation is likely to reflect the true sensitivity and specificity of the model. 

Fleiss’ Kappa is a statistical measure used to measure agreement among observers (Landis & 

Koch, 1977). It therefore offers insights into whether the evaluation can be used to make claims 

about the performance of the model. 

To apply the fuzzy matching in step five, a list of known locations is needed. For many 

of the locations important to the VOC, there are readily available lists (for example on 

vocsite.nl). However, these are mostly in the coastal regions, since the VOC was mostly 

interested in the coastal areas for trade and seafaring navigation (Guleij, 2017). In contrast, the 

production of the goods, which is interesting for LUC, happened more inland. Maps are 

therefore used to create a more detailed list of inland locations that can be used to match the 

locations found in the NER. These maps were found using literature review (Ceylon) or are 

taken from the Nationaal Archief section 4.VEL (Ambon and Banda), and all placenames on 

the maps are transcribed. The created lists and used maps can be found in Appendix II.   

To filter the locations in the texts for the locations on the maps, fuzzy matching from 

the fuzzywuzzy package is used. The fuzzy matching is applied to the found locations and parts 

of the found locations using a sliding window. The sliding window ensures that if two words 

are pasted together due to mistakes during the HTR, this is still picked up. The sliding window 

takes each possible word embedded in the location without switching letters (for example for 

Banda: b, ba, ban, band, banda, anda, and, a). These elements are then compared to the locations 

in the list. The thresholds for all locations were set to 95% for the direct match and 98% for the 

matching of the elements in the sliding window. These thresholds were set high to ensure that 

only a few matches were returned, making it possible to qualitatively compare the outcomes. 

The second threshold is higher than the first because otherwise many wrong matches were 

returned. Some locations from the location list returned many matches, mainly obviously 

wrong ones. These were then excluded from the location list.  
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The sentences containing a relevant location are then linked back to the documents they 

occur in. This gives a dataset with documents that are potentially interesting for LUC. This 

dataset is assessed using the transcribed documents and images of the original handwritten 

texts. No pre-specified criteria were used, as it was unclear what the content of the documents 

could be, but it aimed to identify tables with numbers in the transcribed documents, and then 

check what these tables are about in the original documents.   

 

3.4 Land Use Change Reconstruction 

 

The analysis of the textual data for Ceylon yielded LU lists that contain information on LU in 

specific locations. To best use these lists, the locations mentioned in the text are matched with 

locations on a map. Placenames often change over time meaning it can be difficult to match a 

location on an old map or a historical text with a location on a modern map. The historical LU 

maps for Ceylon are therefore used to provide the background for matching the placenames 

from the texts. Consequently, the geographic location is limited to two regions: Hina Corle and 

Alloetcoer Corle, because only these two were both mentioned in the texts and there are 

historical LU maps preserved.  

To extract most information from the maps, they are georeferenced onto a base map in 

a certain coordinate reference system (CRS). This is done by finding Ground Control Points 

(GCPs), points on the historical map that can be linked to a point on the base map (Affek, 

2013). The maps (Appendix II, Figures 1 & 2) are then transformed using a Thin Plate Spline 

(TPS) transformation. TPS is an interpolation technique which can be used for scattered data 

(Keller & Borkowski, 2019). TPS is often used for georeferencing historical maps as the image 

is not scaled as a whole but is scaled variably depending on the distortion of the map in that 

specific region (Affek, 2013). It therefore corrects potential inaccuracies in the distances on the 

old maps. The maps are georeferenced onto the Kandawala / Sri Lanka Grid (EPSG: 5234) 

CRS, which allows for calculating polygon areas. From the georeferenced historical maps, a 

layer containing LU polygons is constructed. This is done by simply tracing the polygons on 

LU onto the CRS. The size of the polygons is then computed within QGIS.  

From the VOC archives, lists on LU are extracted using the text mining methodology 

presented in 3.2. These lists contain both quantitative data on the size of the growing area and 

qualitative information on for example why a piece of land is cultivated (see Table 2). From 
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the qualitative data, the context of the LU in the regions is assessed. This is again done using 

an inductive approach since the contents of these lists were not known beforehand. The size of 

the growing area presented in the lists is expressed in old local units: ammonam (written as 

ām) and a smaller unit the coernix. These units therefore need to be converted to hectares to be 

used in the further analysis. The ammonam concerns the area that can be sowed with a certain 

amount of wheat (Abkouw, 1765). Because this depends on the type of land, no direct 

conversion is possible but Abkouw (1765) specifies it to be between 750 and 900 vierkante 

roeden, which is between 1.06 and 1.27 hectares (Meertens Instituut, 2024). For the conversion 

rate, the average of these values is used (1 ammonam = 1.165 hectares). 44 coernix make one 

ammonam, which then equals 0.026 hectares (Abkouw, 1765).  

To extract the most value from the LU lists, the locations found in the LU lists are 

matched with locations on the georeferenced historical maps. To start, fuzzy matching is used 

to identify some potential matches. The fuzzy matching uses the same list of known locations 

created in the text mining step (see Appendix II for the lists and 3.3 for the method) as it 

contains all locations on the georeferenced maps. To check the results of the matching, the 

matches are qualitatively assessed. The qualitative assessment is done by checking the location 

of a matched placename to potential matches in the vicinity. Since the LU lists for the regions 

are constructed by a person who travelled past these places, it is assumed that villages that are 

geographically close to each other are also listed close to each other and in most cases, there 

was a qualitative clustering of the proximity of placenames in lists and spatially on the 

historical maps. Furthermore, apart from the overarching regions (Alloetcoer Corle, and Hina 

Corle) the lists also mention a subregion. These subregions are plotted on the map to visually 

check potentially wrong matches.  

From the resulting datasets (dataset from the map, and dataset from the texts) some 

statistics on the LU area are calculated. Firstly, a comparison is made between the growing area 

successfully matched with locations on the map and the total area mentioned in the texts. This 

shows how much textual data can be georeferenced using the abovementioned approach. 

Secondly, with the calculated growing area on the maps, a comparison is made with the area 

mentioned in the texts. This allows for a numerical comparison of the growing area in two 

years without losing data due to incomplete matching. Lastly, some descriptive statistics for 

the textual data are calculated, combining the qualitative information found in the lists and the 

quantitative information.  
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4 Results 

 

In the following section, the results from the analysis of the various data types are presented. 

Firstly, the results from the text mining and trade reconstruction are presented, and lastly, a 

deeper dive is taken into the Ceylon region. 

 

4.1 Text Mining 

 

For each of the three locations, maps have been found that contain locations that are potentially 

interesting for LUC. As mentioned in 2.2, three maps containing information on LU are 

available for Ceylon. For Ambon and Banda, the maps in the collection of the Nationaal Archief 

4.VEL were assessed. Most maps showed Ambon as a part of the larger archipelago, but one 

map was detailed enough to use. Lastly, for the Banda islands, a less detailed map than the ones 

used for Ambon and Ceylon was used, because there was no small-scale map available. All 

maps and the corresponding index number from the Nationaal Archief can be found in 

Appendix II. All locations mentioned on the map have been transcribed and collected in a list 

for each region which can also be found in Appendix II.  

The NER step of the text mining resulted in a data frame of around 40000 sentences 

with a location for Ambon, 180000 for Banda, and 90000 for Ceylon. The evaluators received 

a sample of 100 sentences in which the NER model found 49 locations. The evaluators noted 

that in this sample, on average, the model missed 22 locations (with a spread of 18-29) and 

incorrectly identified 8 locations (with a spread of 4-11). The considerable spread of the results 

is reflected in a Fleiss’ Kappa value of 0.55, indicating moderate agreement among the 

evaluators (Landis & Koch, 1977). In a later discussion of the results from the survey, the 

evaluators all expressed that they struggled with identifying locations themselves, which is an 

explanation for this lower Fleiss’ Kappa value. This is probably due to the quality of the 

transcribed HTR texts.  
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Table 2: LU lists found in the text mining from the documents in Nationaal Archief 1.04.02. Two lists (7927, pp. 222-225 & 

8937, pp.343-375) are transcribed and can be found in Appendix IV. 

Document 

number 

Page(s) Year Page found in 

text mining 

Region Content 

7914 714-745 1740 742 & 743 Ambon Number of trees sold per village and 

region 

7927 222-225 1758 222 Ambon Number of clove trees per village and 

region 

8937 343-375 1723 351-354 Ceylon Cultivated land area with units. 

Additionally contains textual 

information on the state of cultivation. 

8941 80-134 1724 103 & 109 Ceylon Number of coffee trees planted per 

village and region. 

8954 778-806 1732 781 Ceylon Cultivated land area with units. 

Additionally contains textual 

information on the state of cultivation. 

8937 311-342 1723 331 Ceylon Number of coffee trees planted per 

village and region. 

8968 1052-1188 1735 1170 Ceylon Number of trees cultivated per land 

parcel, village, and region. Additionally 

contains textual information on the state 

of cultivation. Does not contain the size 

of the parcels. 

7967 329-336 1692 333 Banda Number of nutmeg trees cultivated per 

village and region. 

8013 109 1754 109 Banda Number of nutmeg trees cultivated in 

total on Rosingain. 

8016 66 1757 66 Banda Number of nutmeg trees cultivated in 

total on Rosingain. 

8018 81 1759 81 Banda Number of nutmeg trees cultivated in 

total on Rosingain. 

8027 490-505 1780 492 & 496 Banda List of inhabitants and nutmeg trees per 

land parcel, village, and region. 

Additionally contains textual 

information on the state of cultivation. 

8028 318-326 1782 320 Banda List of inhabitants and nutmeg trees per 

land parcel, village, and region. 

Additionally contains textual 

information on the state of cultivation. 

8031 385 1787 385 Banda List of total nutmeg trees per region in 

1786 and 1787. 
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The text mining yielded the documents presented in Table 2. Most documents specify the 

number of trees planted in a certain area. For the lists found in Ceylon, these are mainly coffee 

trees, which is interesting since coffee is not exported from Ceylon according to the trade data 

(see Figure 12 in section 4.2). For Ambon, one of the lists specifies the number of clove trees, 

and the other list specifies amounts of trees sold. Lastly, for Banda seven lists were found, all 

specifying how many trees are cultivated. Two of these lists additionally contain some 

qualitative information on the state of the cultivation. For all the identified lists only one or two 

pages of the lists were found with the text mining methodology. This means that many of the 

interesting pages were not identified by the methodology and therefore there are potentially 

additional interesting lists in the VOC archives. 

For the further analysis of LU, two datasets (8937, pp. 343-375; 8954, pp. 778-806) 

were deemed especially interesting as they contain quantitative information on cultivated land 

area. In these lists, the village, region, and amount of cultivated land are specified. The LU list 

found in 8973 (pp. 343-375) additionally contains a qualitative assessment of the state of the 

cultivation in certain areas. To give an example:  

 

“Door een der dorpelingen op eigen privéterein gecultiveerd (…) omdat dat de grond niet veel 

bijzonders is” 

 

“Privately cultivated by one of the citizens (…) because the ground is nothing special” 

 

The list also differentiates between the area that is still cultivated and the area that was 

previously appointed to be cultivated. This difference can be quite large and then often an 

explanation is given for the lack of cultivation. For example, an area of 25 ām (29 hectares) 

that is no longer cultivated: 

 

“25 am te cultiveren opgegeeven daarvan zijn 19 ām: 25 corni drie jaaren na den anderen 

besaait niets van voortgecomen of geprofiteerd. Selfst ’t Saad conen niet behouden en daarom 

van ’t verder besaaien afgesien en dat land foor zaijers of goijas verlaten.” 
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“25 am given to be cultivated of which 19 ām: 25 corni have been sowed three years apart. 

Nothing came from it or generated profit. Even the seeds have not been preserved and therefore 

further sowing of the land has not happened and the land has been abandoned.” 

 

In Figure 5 a part of the handwritten list can be found as an example. This gives an idea of the 

structure of the list and the information that can be found in it. Two lists were transcribed and 

can be found in Appendix IV. 

 

Figure 5: a small part of a page from LU list 8937, p. 347. The list contains information on the area that is cultivated and the 

area that was appointed to be cultivated. The text contains information on the state of cultivation and the amount of tax owed. 
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4.2 Trade Reconstruction 

Figure 6: Line charts with the trends of the trade of nutmeg, cloves, and cinnamon by the VOC between 1700 and 1800. The 

y-axis changes per graph. 

Figure 8 shows that pepper is the most traded commodity by weight, followed by sugar and 

tea. Cinnamon, cloves, and nutmeg are traded much less than these commodities, however, 

they are considered important commodities for the VOC in terms of economic value (Van 

Rossum, 2020). Diving deeper into these three commodities, Figure 6 shows that trade in these 

commodities peaked in the early years of the 18th century and decreased rapidly after 1780, the 

starting year of the 4th Anglo-Dutch war. For cloves, after 1720 there was a clear reduction in 

the transported weight until around 1750 when the trade picked up again. This is probably due 

to the reduction in the amount of clove trees that the VOC brought about to increase the prices 
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of cloves (Knaap, 1996). For nutmeg and cinnamon, the graphs show a more gradual reduction 

in the amount traded.  

b 

a 

Figure 7: Sankey diagrams of the trade flows of nutmeg in the VOC for 1766 (a) and 1768 (b). Nutmeg was only exclusively 

cultivated on the Banda islands, and therefore the difference between import and export from Batavia means that there must have 

been some stock changes.  
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The Sankey diagrams (see https://voc-trade-visualisation.onrender.com for all diagrams and 

Figure 7 for two examples) show that cinnamon, cloves, and nutmeg were produced in specific 

regions. As discussed before, the VOC did this to manage the monopolies on the transport of 

these goods. The commodities were mainly imported to the Netherlands (Republiek); however, 

a substantial part of the cloves and nutmeg was transported to other regions, mainly within 

Asia.  

Comparing the two Sankey diagrams in Figure 7, it can be seen that in 1766 the export 

of nutmeg from Batavia is larger than the import from Banda, and in 1768 this is the other way 

around. Because cloves were almost exclusively cultivated in Banda, there must have been 

some stock changes in Batavia during that period. These two Sankey diagrams are not the only 

occasions that this is clear. Going through some of the Sankey diagrams over time more 

occasions can be identified. As with the line charts, this can be explained by the data not 

reflecting the source of the commodities but rather the amount that is transported.  

https://voc-trade-visualisation.onrender.com/
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Figure 8: Trade in 9 different commodities conducted by the VOC over time with rigid axis. The rigid axis allows for 

comparison between the total amount of trade for each commodity.  



29 

 

 

4.3 Land Use Change Reconstruction 

The first step in the land use reconstruction is georeferencing the maps. The georeferenced 

maps of Ceylon from 1793 can be found in Appendix V. The tie points mainly follow the large 

rivers and the sea since the historical maps show very different road layouts and there are few 

other landmarks on the historical map. Figure 10 shows a small section of the georeferenced 

maps to give an impression of how the georeferencing came about. For the map from Alloetcoer 

Corle, 20 GCPs were found, and for Hina Corle 24. The rivers on the historical maps were 

mainly at the edges of the map, and therefore there are fewer GCPs in the inland section of the 

map. The GCPs, however, can be found all around the map.  

a b c 

Figure 9: excerpt from the georeferenced map of Alloetcoer Corle, where a) shows the baselayer, b) shows the historical map, and c) 

shows an overlay of both. The GCPs are represented with the red dots. The full maps can be found in Appendix V. 
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Figure 11: different cultivation types in Hina Corle and Alloetcoer Corle in 1793 traced from historical maps (for the maps 

see Appendix II). Most cultivation happened in areas close to the sea.  

Using the georeferenced maps, the polygons as shown in Figure 11 are created. Cinnamon is 

the most widely cultivated crop, followed by coffee and pepper (Table 3), however, pepper 

cultivation is mostly concentrated on the northwestern side of the map and therefore the spread 

over the map is minimal. According to Figure 12, pepper is the most exported product by 

weight, and coffee is not exported at all. The exports as shown in Figure 11, however, are for 

the whole island and not only for the two regions presented on the map. Therefore, there could 

be much more widespread cultivation of pepper in other places on the island. The coffee not 
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being exported is interesting as it shows that either the coffee is consumed locally, or the export 

does not appear in the trade data.  

 

Table 3: Total area from the polygons in Figure 11 that were taken from georeferenced maps on LU during the VOC period in 

Hina Corle and Alloetcoer Corle in 1793.  

Land use Area (ha) 

Cinnamon 4057 

Coffee 264 

Pepper 181 

Areca Palm 152 

Unclear 105 

Cleared for planting 86 

 

The planting areas as presented on the VOC maps show that they do not necessarily follow the 

paths of the larger rivers, as was hypothesised. All planting areas are located around villages, 

which are mainly connected through roads rather than waterways. In addition, the closer to the 

coast, the larger the planting areas are. These planting areas closer to the coast mainly surround 

the lake of Negombo, which is currently one of the most highly populated areas of Sri Lanka. 

This could have something to do with the area being flatter or having higher quality soil than 

the more inland area, and therefore being easier to cultivate. Another explanation could be that 

the VOC focused more on areas closer to the coast as these were closer to ports used to transport 

goods.  
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Figure 12: exports from Ceylon over time by weight. Pepper is for almost all years the most exported commodity, followed by 

cinnamon. Other commodities are only sporadically exported. Coffee is not exported from Ceylon based on the trade data.  

With the LU list found in the text mining data from 1723, the map shown in Figure 13 is 

constructed. The texts distinguish between what was cultivated in 1723 specifically and what 

was appointed by the VOC to be grown. This means that for statistics on the growing area, two 

numbers could be used. For this study, mostly the appointed growing area is used because, for 

most occasions, this land is cleared to be planted even if it is no longer used. When comparing 

the year 1723 to other years, however, the actual cultivation in that year is used. For the maps, 

the appointed growing area is used, as it most clearly reflects where LUC has occurred.  

From the texts 36 villages (out of 113 mentioned in the LU list) were successfully 

georeferenced to a location on the map, meaning that from the LU list, 32% of the locations 

could be connected to a location on the map. These locations contain around 34% (172 ha) of 

the total appointed cultivation area (506 ha) in Alloetcoer Corle and Hina Corle mentioned in 

the LU list. Figure 13b shows the size of the cultivation area on the map and Figure 13a shows 

the placenames of the georeferenced points and the region in which they are categorised 

according to the LU list. It can be seen that the locations found in the texts are all a bit more 

inland than the polygons in Figure 11, however, they too show larger cultivation areas closer 
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to the coast. Furthermore, locations close to each other on the map are also in the same region 

as described in the LU list, indicating that the georeferencing was successful. 

 

Figure 13: Maps created from a LU list from 1723 (see Appendix IV for the transcribed list). a) shows the locations names 

that have been matched to a location on a georeferenced map, and the subregion as mentioned in the LU list. b) shows the size 

of the growing area. The growing areas are relatively further inland compared to the maps from 1793 (Figure 11). The colour 

points in a) show that georeferenced points that are in the same region are also close to each other on the map. The areas in 

b) are larger towards the coast.  

The remarks made in the texts give some additional interesting results. There is a big difference 

between the amount of land the VOC allocated to be cultivated, and what was actually 

cultivated. For all regions mentioned in the LU list (not only for Hina Corle and Alloetcoer 

Corle) in 1723 around 48% (430 ha) of the allocated land was not, or no longer cultivated. 

Sometimes the texts include an explanation for this which can be categorised into three main 

explanations: the land is poor (8 times), there are not enough workers (4 times), or the planting 

did not return a profit (10 times). Additionally, the texts mention areas cultivated “without 

consent” from the VOC. These areas contain around 10% of the total cultivated land, but around 

b a 
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40% of the cultivated plots mentioned in the text. These areas are often described with an 

additional notion that the ground is poor (69 times).  

Using the data on the maps and the data in the texts the map in Figure 14 is constructed. 

It can be seen that the cultivated area in Hina Corle and Alloetcoer Corle has grown greatly 

from the 326 ha (actually cultivated area) mentioned in the texts from 1723 to the 4845 ha 

presented on the maps from 1793. There is also limited overlap in the growing areas, meaning 

that areas cultivated in 1723 do not appear on the maps from 1793 (Figure 14). Although there 

could be overlap in the locations from the texts that could not be georeferenced, it at least shows 

that the location of the planting areas changed over time.  

Figure 14: combined map with traced polygons from historical maps from 1793 (for historical maps see Appendix II) and 

information found in textual documents from 1723 (for the lists see Appendix IV). Much more land was cultivated in 1793 than 

in 1723 and the location of the plantations was more inland. 
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5 Discussion 

 

5.1 Text Mining 

 

The use of LLMs made it possible to sift through the large archives of the VOC, and by 

combining it with information found on maps, allowed for the identification of LU lists. It is 

fast enough to be useable for research on large archives, and sensitive enough to identify some 

interesting documents without identifying too many useless ones. The approach is applicable 

to various regions (as long as there are maps) and can easily be adapted to other languages.  

 Because the methodology can identify LU lists, by definition it is successful. However, 

the NER evaluation and the small number of pages of the found lists being identified with the 

text mining approach show improvements can be made. It is hard to quantify the percentage of 

potentially interesting documents the method can identify. There are potentially many more LU 

lists that might contain useful information. The NER model assesses the occurrence of a 

location based on the surrounding words and in a list the locations can be too isolated to be 

picked up on (Li et al., 2022). This means that some locations are missed by the NER and 

therefore these documents are disregarded in the method. It indicates that although the 

approach works regarding the direct outcome, it does not give a comprehensive overview of 

all interesting documents.  

With this method being able to go through documents with little to no ex-ante 

knowledge of the content, it can serve well as a starting point for further analysis. To take the 

text mining of historical documents for the identification of LU lists a step further, the structure 

of the identified documents can be used as input for refining the identification process. For 

example, the lists found by the method mostly contain a high amount of interpunction, which 

is how the HTR model coped with the table structure of the texts. This would allow the 

identification of additional LU lists, making more information available for LU 

reconstructions.  

Advancements in AI and LLMs could make this type of research much more structured. 

AI models for table recognition are being developed and work well on modern printed tables 

(Smock et al., 2021). Such a model for handwritten texts would be a more direct way of 

identifying lists in the documents and would not require the transcripts of these documents. 
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Additionally, developments in HTR and LLMs can improve the quality of the transcripts, and 

NER models for historical Dutch can improve the identification of locations (Hendriks et al., 

2021). Additionally, the push for digitising and transcribing archives in other countries and 

languages opens up more documents for analysis (e.g. Karnadipa et al. (2023)).  

 

5.2 Trade Reconstruction 

 

The trade data in Huygens (2022) was used to reconstruct trade patterns. This required unit 

conversions and the grouping of commodities, which was mostly possible with information 

from the VOC glossary (Instituut voor Nederlandse Geschiedenis, 2000). The visualisations of 

the trade data can be used to easily grasp the size and direction of the trade.  

The trade data used, however, are not always in accordance with information from other 

data sources. Van den Belt (2008) calculates that the total export of cinnamon from Ceylon 

between 1700 and 1760 adds to 36700000 pond, and with the same conversions used in 3.1 

this equates to 1813 tonnes. They calculate this by assessing the archives of the VOC and not 

the trade data in Huygens (2022). The total export during the same years found in this thesis is 

only 967 tonnes, meaning that almost half the exports are missing. The conversion rates used 

by Van den Belt (2008) are similar to the ones used in this thesis, meaning that either the 

grouping of commodities is wrong, or the trade data is incomplete.  

Additionally, the trade data does not always reflect the source or origin of the 

commodity. For example, the differences in the “origin” of cloves seen in Figure 7 and cloves 

being almost exclusively cultivated in Banda (Brixius, 2018) show that there must have been 

some stock changes in Batavia disguising the actual origin of the commodities. 

Lastly, apart from the trade data not showing the actual trade, there can also be a 

difference between what is traded and what is produced. For example, during the 4th Anglo-

Dutch War in 1780, the trade collapsed, only to rebound slightly at the end of the century (see 

Figure 6). Production of commodities on the other hand is unlikely to have ceased and therefore 

this does not reflect an actual decline in the production of goods.  
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5.3 Land Use Change Reconstruction 

 

The analysis of the texts and maps shows a large increase in the cultivation of different 

commodities, mainly cinnamon. The texts from 1723 mostly paint a picture of experimentation 

with cultivation, whereas the maps from 1793 show that cultivation is much more formalised. 

The changing locations of the plantations over time, the many notions of poor soil quality, and 

the many abandoned plots mentioned in the texts give the impression that the VOC initiated 

LUC and that this did not go without setbacks. Cinnamon was not cultivated in plantations 

before 1770 (Dewasiri et al., 2021), therefore it is logical that the identified texts, which are all 

from before 1770, do not regard cinnamon plantations. The large scale of cinnamon cultivation 

on the maps shows that a large part of the LUC must have happened after 1770.  

LUC is often quantified using a modelling approach and only sporadically uses 

historical documents. The analysis of historical documents, on the other hand, often aims to 

quantify the economic situation of Ceylon (Van den Belt, 2008), or looks at the situation of 

workers in Ceylon (Dewasiri et al., 2021). The approach taken in this study allows the use of 

historical documents for reconstructing and analysing LUC, albeit on a small scale. The 

documents contain information on LU and even specify units of area, and this information can 

be linked to locations on a map with relative certainty. Furthermore, the textual documents 

offer a wealth of qualitative information that can be used to determine why certain areas were 

cultivated and others were not.  

This study does not explain the patterns of LUC found in the documents and maps. For 

example, it was not assessed whether the trade patterns correlate with the actual land use found 

in lists. It would be interesting to assess how much trade or other factors such as precipitation 

and elevation influence the spatial and temporal distribution of LU as described in the LU lists. 

Additionally, the lists of the number of trees found in a certain region can be converted to an 

area by making assumptions about the spacing of the trees. Doing this would provide additional 

information for reconstructing LU and could be used to estimate LU in years for which no area 

is specified.   
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5.4 Future Research 

 

As mentioned before, the inductive and pragmatic research approach taken in this thesis 

allowed for the identification of LU lists and the georeferencing of placenames in these lists to 

locations on the map. The methodology, however, is not always very elegant and often requires 

much interpretation from the researcher. This makes it very time-consuming to apply the 

method to other regions in which the VOC was active and therefore limits the usefulness of the 

approach for adding to models such as HYDE3.2 (Goldewijk et al., 2017), LUH2 (Hurtt et al., 

2020), and SAGE cropland (Ramankutty & Foley, 1999). Preferably, a method would be 

developed with the text data as an input and georeferenced land use lists as an output, but this 

proved impossible with currently available LLMs and other AI models. With the absence of a 

comprehensive overview of the LU for the whole of the VOC area, it would be interesting to 

see if other indicators can be used to inform where and when LU occurs.  

 To disentangle these, more data is needed regarding both a larger region and a larger 

temporal range. As mentioned in 5.1, there are probably many more interesting lists in the 

documents. In the long term, these could be identified with some table recognition software, 

however, in the short term, a more pragmatic approach such as a search for a high percentage 

of interpunction in sentences could also help to identify more lists. Additionally, the lists with 

amounts of trees can be converted to LU with some assumptions, offering another source of 

data for the analysis.  

 With the identified and transcribed lists, a correlation between the amount of LU and 

trade over time can be assessed. This can be done for a sample of regions specified in the trade 

data making it possible to narrow down the potential areas for cultivation. Additionally, using 

trade data would not require georeferencing of locations, and therefore if there is a correlation 

this would be a very useful indicator for LU. Based on the results from this thesis, there are 

indications that the trade data from Huygens (2022) is not complete, however, a correlation 

would comprehensively prove its usefulness.  

For a spatial analysis of the found lists, the placenames in the lists need to be linked to 

a location on the map, preferably with a more formalised linking of placenames from the texts 

to placenames on the maps. This thesis used a qualitative assessment of the vicinity of the point 

to the placenames and the points occurring in a similar region. However, the approach could 

be formalised by using some statistical measures that consider both the fuzzy matching 
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outcome and the vicinity of the points to another point. This approach could lead to a higher 

percentage of correctly matched locations than what was achieved in this study (34%), meaning 

more data is available for the spatial spread of the LU. Furthermore, this approach makes it 

possible to do the matching much faster and eliminates the need for manual intervention. 

Lastly, with the georeferenced LU lists, LU models can be assessed against actual 

historical LU data. In this thesis, LU lists are found from as early as 1692, which means that 

the accuracy of the models in predicting LU over 300 years ago can be assessed. Consequently, 

the model parameters can be adjusted according to the outcome of such an analysis, potentially 

improving the models for a much longer period.  

 

6 Conclusion 

 

LLMs can be used for the analysis of historical documents, however these do need input from 

the researcher. The runtime of generative LLMs means that they are not useful for analysing 

large quantities of text data, and therefore, for now, task-specific models are still the way to go. 

Additionally, the documents transcribed with HTR are of such a low quality that scans of the 

texts must be used to qualitatively analyse the output of the Text mining process. This makes 

it impossible to completely automate the process and requires the researcher to acquire 

knowledge of the research area. 

A quantitative reconstruction of trade can be made using the trade data from Huygens 

(2022), however, there are indications that this data is incomplete. Both maps and textual data 

can be used to reconstruct colonial land change patterns. The texts contain information on the 

size and location of planting areas, either in terms of actual quantification of the size or 

information on amounts of trees. For Ceylon, LU maps are available adding another layer of 

information. A part of the locations mentioned in the LU list from the textual data has been 

successfully georeferenced onto a map. This allowed comparing the textual data and data on a 

map. The usefulness of the trade data as a proxy for LU was not assessed in this study, however 

by further analysing the texts, this can be done in the future.  

This thesis can be used as a basis for further research both on the LUC patterns in 

Ceylon, Banda, and Ambon, and research on the further development of a methodology for text 

mining. To disentangle the potential drivers of historical LUC, a broader dataset across larger 

regions and time frames is needed. This dataset can be used to quantify the correlation between 
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LU and trade, which could pinpoint cultivation areas without requiring georeferencing. 

Additionally, for spatial analysis a more formalised statistical approach for the linking 

placenames could improve accuracy and efficiency, surpassing the current 34% matching rate. 

Lastly, the georeferenced LU lists from historical data can refine LU models, enhancing their 

accuracy for predictions over the past 300 years. In this way this thesis can be a small step 

towards offering transparency into where historical LUC happened, on what scale, and who is 

accountable.  
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9 Appendix I 

Unit Conversion Commodity 

lb 0.494 Cinnamon 

baal 41.99 Cinnamon 

lb 0.494 Pepper 

pikol 60.268 Pepper 

bahar 247 Pepper 

lb 0.494 Nutmeg 

pees 0.005 Nutmeg 

pot 0.5 Nutmeg 

aam 150 Nutmeg 

lb 0.494 Cloves 

potje 0.1 Cloves 

pot 1 Cloves 

lb 0.494 Tea 

lb 0.494 Coffee 

lb 0.494 Silk 

rol 21 Silk 

lb 0.494 Sugar 

pikol 60.268 Sugar 

lb 0.494 Opium 

 

Below an explanation is given for each of the conversion factors above. If no source is 

mentioned, the is from Instituut voor Nederlandse Geschiedenis (2000).  

 

Cinnamon: 

Baal cinnamon = 85 pond (Wagenaar, 2004) 

lb = pond = 0.494 kg 

 

Pepper 

lb = pond = 0.494 kg 
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Pikol = 122 pond 

Bahar ~ 500 pond 

 

Nootmuskaat 

lb = pond = 0.494 kg 

Pees = piece ~ 5 gram per piece 

Pot = assumed to be about 100 pieces 

Aam = barrel of 153.6 liter assumed to be ~ 300 pot so 300000 pieces 

 

Kruidnagel 

lb = pond = 0.494 kg 

Potje = assumed to be 1000 pieces à 2 gram per 20 pieces 

Pot = assumed to be 10000 pieces à 2 gram per 20 pieces 

 

Tea 

lb = pond = 0.494 kg 

 

Coffee 

lb = pond = 0.494 kg 

 

Silk 

lb = pond = 0.494 kg 

Weight of silk = 70g per m2 (Rijs Textiles, n.d.) 

Rol ± 10 m length 1.2 m wide (Van Garen en Stof, n.d.) 

Rol = 12 m2 = 0.84 kg 

El = 69 cm length, 1.2 m wide = 0.828 m2 = 0.05796 kg 

For pees (piece) no good transformation is available since there is a variety of products that use 

this unit that could all have different weights.  

 

Sugar 

lb = pond = 0.494 kg 

Pikol = 122 pond 
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Opium 

 

lb = pond = 0.494 kg 

Kist = 60 kg (Wikipedia, n.d.) 
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10 Appendix II 

 

Ceylon 

 

Figure 1: NL-HaNA_4.VELH_334  
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Figure 2: NL-HaNA_4.VELH_332 
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NL-HaNA_4.VELH_333 
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Ambon - NL-HaNA_4.VEL_1325 
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Banda - NL-HaNA_4.VEL_1356 

 

 

 

The transcribed locations can be found in the accompanying excel files called: 

- placenames_sri (Ceylon) 

- placenames_banda (Banda) 

- placenames_ambon (Ambon) 

In the excel both the villages and the overarching region are mentioned. For Ceylon a different 

overarching region means a different map, and for Banda and Ambon this is a different island. 
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11 Appendix III 

 

See the Excel called output sample. The different approaches taken are specified in the first 

row and mean: 

- Llama2: identification of locations in the documents using Llama2 with output parcing 

through LlangChain. Output parsing is the cleaning of the output of an LLM. This 

makes it easier to use the output of the model for further analysis.  

- Ollama: applies Llama2 without output parcing and using the Ollama package to make 

it easier to use on a local device.  

- ner_dutch_large: Application of the NER model as specified in the methods.  

 

  



57 

 

 

12 Appendix IV 

 

Transcribed documents can be found in accompanying excel files. These excel files are: 

 

- Dataset_ambon_1758 (transcript of index number 7927, pages 222-225) 

- Dataset_ceylon_1723 (transcript of index number 8937, pages 343-375) 

 

The transcribed documents for Ceylon also contain some computations for the area in hectares 

and some coding is done based on the remarks made in the texts.  
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13 Appendix V 

 

Georeferences maps of Ceylon. The CRPs are presented on the maps. 
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14 Appendix VI 

 

For the scripts and data see the attached zip file.  
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