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Executive Summary 
The work is a Master's thesis done by Lorenz Helbling in partial fulfillment of the Master of Science in Business 
Analytics at the Geneva School of Economics and Management (GSEM) of the University of Geneva. This 
Master's thesis was supervised by Prof. Dr. Diego Kuonen (Statoo Consulting & GSEM, University of Geneva). 
This document describes how the “NOGAuto” machine learning project was conducted during the ten months 
of internship at the Swiss Federal Statistical Office (FSO). It highlights the importance of applying a well-defined 
process and a proper understanding of the business context. Furthermore, the different machine learning 
methods will be described to understand how the related prediction system was created. 
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1. Introduction 

1.1. Context Presentation 

The Swiss Federal Statistical Office (FSO), as part of the Federal Department of Home Affairs, 

is the main office providing national statistics on population, economy, society, education, 

research, territory and environment. This valuable information provide the population and the 

government with a more accurate overview of the situation and development in Switzerland. 

In addition, these statistical indicators can help and guide various decisions in politics and other 

diverse areas. 

In 2017, the FSO released its data innovation strategy to ensure to keep up with time and 

technology. The “NOGAuto” project, which has been submitted by the Business Register Data 

section (BRD), was one of the main five projects, which has been retained in line with FSO’s 

data innovation strategy with the goal to augment and/or complement the existing basic official 

statistical production at the office. The “NOGAuto” project consists in the creation of a 

prediction system that predicts companies' NOGA codes1 (categories) using machine learning 

methods. 

1.2. Project Description 

The General Classification of Economic Activities (NOGA) is an essential element of statistical 

production at the FSO. The quality of the NOGA codification of enterprises recorded in the 

Business and Enterprise Register (BER) has a direct impact on the results of structural, cyclical 

and synthetic statistics concerning enterprises. These depend on a stable, controlled and 

quality conscious NOGA coding of the units in the BER. In the interest of discharging 

enterprises and continuously improving the coding of enterprises, the “NOGAuto” project aims 

to automate the assignment or, more precisely, the prediction of economic activity codes to 

enterprises, based initially on the information already available within the FSO. 

Currently, the allocation and control of NOGA codes is executed manually, which leads to 

discrepancies in the interpretation (“human factors”) of the economic activities of enterprises 

and thus creating instability in the codification quality of NOGA codes. This may cause a 

decrease in the overall quality of the various statistical outputs.  

The creation of such a “prediction system”, that can automatically classify the NOGA codes of 

enterprises registered in the BER using machine learning techniques, should have a coding 

quality equal to or better than the manual coding currently conducted. 

Through the “NOGAuto” project, the Business Register Data (BRD) and BER sections as well 

as all the FSO statistical users could benefit from: 

 a “tool” which automatically verifies the NOGA codes of enterprises in the register; 

 a standardisation of the codification; 

                                                
1 A NOGA code enables the statistical units to classify ”enterprises“ and ”establishments“ by their main economic 

activity and categories them into coherent groups. This classification allows, for example, a comparability of our 

economic structure at national and international level. 
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 a minimisation of the interpretation factor; 

 an optimisation of the time spent on codification; 
 a quality improvement of the NOGA coding and consequently of all enterprise statistics. 

To have a better understanding on how the “NOGAuto” project evolved during the ten months 

of internship, the first part will explain the importance of applying a well-defined process to the 

project by showing the importance of understanding the business. The second part will 

describe the different steps that were carried out to arrive at a working prediction system. 

Finally, in the “lessons learnt” chapter, some of the highlights of the internship will be discussed 

such as the presentation of the “NOGAuto” project at the European New Techniques & 

Technologies for Statistics (NTTS) 2021 conference. In addition to this, the possible next steps 

of the project will also be explained. 

2. Data Innovation as a Process 

Nowadays, organisations launch data science projects to improve strategic perspectives such 

as reducing costs, optimising processes or even trying to conquer new business areas. 

However, most projects fail to be deployed in some organisations because the “right” questions 

are not asked on the “right” problems at the beginning of the project. Therefore, a data science 

project can not only be focused on the collection of data and the application of machine 

learning and artificial intelligence methods, but on its overall impact in the organisation.  

Thus, it is essential to adopt a process that embraces all the challenges that a project may 

face during its implementation. The data innovation process, which has been applied to the 

“NOGAuto” project, will be detailed first from a theoretical point of view followed by how it has 

been implemented by the team, composed of data scientists, business specialists and coders. 

2.1. Theoretical Fundamentals  

First, to understand how the project was conducted, it is essential to subdivide each phase and 

each step contained in it. By doing this, all the involved collaborators from different 

backgrounds will be well informed about how the project will progress and through which 

phases it will pass. This will have a consequential benefit on communication and coordination 

between collaborators, as they will have a transparent and similar project deployment 

knowledge. This is especially true when this process is applied for the first time.  

Below, in Figure 1, we can see the overall data innovation process and its workflow, which is 

divided into three different phases: 

 “Phase 1”: “Prototype (CRISP-DM)”; 

 “Phase 2”: “Minimal Viable Product (MVP)”; 
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 “Phase 3”: “Production”. 

It is important to note that the three phases are interconnected allowing a continuous 

improvement of the project spread over time with the help of a monitoring. However, for the 

project to proceed to the next phase, corresponding success criteria must be determined 

already at the beginning of the project. If these are fulfilled, the project can then progress to 

the next phase. At this point, the “NOGAuto” project is at the MVP stage. Indeed, because a 

whole feasibility work of the project has been performed and has shown that a prediction 

system of NOGA codes is possible. 

2.1.1. Prototype (CRISP-DM) 

The project begins with the “Prototype (CRISP-DM)” 

phase which uses the CRoss Industry Standard 

Process for Data Mining (CRISP-DM) framework. “This 

specific framework was created in 1996 by European 

data mining experts to set up some standards to 

projects subject to big data problematics”2 (Kuonen, 

2018; Slide 81). In the beginning of this process, the 

project will follow five steps that ensure the good 

understanding of the business context and problem as 

well as “consistency, repeatability and objectivity”3 

(Kuonen, 2018; Slide 81) of this one.  

Business understanding 

As a first step in the “Phase 1” process, the business understanding step is probably the most 

important of all because it represents the heart and the essence of the project. Without a clear 

identification of the problem, the project may face unforeseen obstacles and may never be 

completed. Here, the team will already need to think about what the product might look like in 

                                                
2 Kuonen, D. (2018). An Introduction to Analytics, Data Science, Machine Learning and Supervised 

Learning. Course slides of the training on May 1, 2018, for data innovation pilot teams at the FSO. 
3 Ibid.  

Figure 1: Statoo Consulting, Switzerland 



NOGAuto Project  24.05.2021 

4 

the MVP (“Phase 2”) and production (“Phase 3”) phases. In addition, it is also necessary to 

think about the type of data and machine learning and artificial intelligence methods they will 

need throughout the project. 

However, to better determine and assess the problematic within the organisation, the team 

members must follow the clear structure showed in Figure 2.   

As a starting point, to be able to determine the business objectives, it is imperative to collect 

background information by identifying the reasons of the problem, the people/units concerned 

and the current method used. This information will make it easier for the team members to 

determine the business objectives of the project and the key business success criteria that will 

take the project through the various phases of the data innovation process. If these are well 

defined, it might lead to a successful project with a business impact in the organisation. 

In a second step, it is important to assess the situation by doing an inventory of the available 

resources such as the people who will be allocated to this project, from where the data will be 

collected and on which system/software the whole will be processed/developed. Afterwards, 

the team should set the project requirements, such as the different timeframes for each phase 

and how the results could be presented at that time. Next, a clarification of the various 

assumptions and diverse constraints need to be completed. Here it is meant to check whether 

the project could potentially face legal, ethical, financial or privacy obstacles. The team will 

also need to carry out a risk assessment to cover possible contingencies and a cost-benefit 

analysis to determine the cost-effectiveness of the project. Finally, to guarantee that everyone 

in the project understands all the terms that are used, a common terminology should be agreed 

upon. This last point shows the importance of the interdisciplinary collaboration and the gap 

connection between the various professional competences. 

As it is a data innovation project, it is crucial to determine quantitative measures that will 

represent the data science goals such as a level of performance of the models used (e.g. 

predictive accuracy, etc.). Such performance metrics will define whether the developed 

system/model has achieved the objectives that have been set beforehand and will allow it to 

move on to the next phase according to the business success criteria. 

Figure 2: Statoo Consulting, Switzerland 
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The last point that the team must complete for the business understanding part is to produce 

a project plan, which enumerates the different tasks that have to be succinctly completed to 

achieve all the objectives set. In addition, an initial discussion about a monitoring of the data, 

methods and the product that are closely linked to the business objectives must have taken 

place - a monitoring which will be then sequentially developed in the first two phases and 

implemented in the production phase.  

Data understanding 

After describing the problem and the environment in which the project will evolve, it is time to 

understand what data will be collected. Here it is important to know the source of the data and 

to determine the degree of trust in it. First, a selection of the needed variables must be made 

for the data collection part. Second, a description of the collected data must be completed, 

such as the dimension of the dataset, the type of variables and what they are representing for 

the observations. The third task is the data exploration, which is likely to be one of the most 

interesting one in the data understanding step. Indeed, it will allow the team to learn more 

about the dataset, to have a first insight in the data and to have a better overview of it. This 

can be achieved by using charts or tables and to describe the outcomes from it. This will give 

the collaborators a first impression of the results that might appear in the future and might raise 

some new hypothesis. Before heading to the data preparation step, it is fundamental to do a 

data quality control in doing some checks such as detecting missing values, errors or 

anomalies in the dataset. If it is the case, it would be capital to correct them in the data 

preparation step to avoid errors for the good continuation of the project. Finally, this data 

understanding step could also be followed by the need to do a further iteration back to the 

business understanding step (as e.g. the data quality for the questions at hand may not be 

good enough). 

Data preparation 

Once the data have been collected, described and checked for quality, a selection or filtering 

of variables should be made, giving reasons why a variable is excluded from or included in the 

project. Following this, the retained variables need to be cleaned up to meet the expected 

quality and to correct the errors that have been detected in the data understanding section. 

Moreover, by fine-tuning the selection of variables, new ones can be formed using text mining 

as well as feature engineering methods to gain additional information and to add new content 

to the dataset. Before building prediction models, it is imperative to check the data format so 

that the system is correctly set for the following steps (e.g. if the variable is a text, then the type 

should be “character”). 

Modeling 

In the modeling step, the collaborators who are in charge of the modeling must first define 

which methods and quality measures would or could be applicable by explaining their 

methodologies according to the expected outcome and objectives that the team has defined 

earlier in the business understanding step.  

Subsequently, the training of the models and the fine-tuning of the diverse parameters can be 

performed on the prepared structured data. Thanks to the quality measures that the prediction 

system provides, it will be possible to determine the “best” model with the “best” 
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hyperparameters that have to be applied on the final model. However, it is important to report 

all steps and results to the collaborators so that they understand the chronology of the 

modeling and the determination of the final model. For the modeling process to be completed, 

the final model with the optimal parameters must be run and prepared for the subsequent 

validation stage. Here the team should receive the results in a predefined way such as the 

generalisation error and the confusion matrix when talking about classification or, for example, 

the mean square error for regression. 

Validation 

Finally, in the validation step, the business specialists and the coders of the team will evaluate 

the outputs and results that the prediction system computed. The final model of “Phase 1” (i.e. 

“Prototype (CRISP-DM)”)  will be validated using the different measures of success as well as 

the objectives that have been determined in the business understanding stage at the very 

beginning of the phase and a detailed checked will be performed whether they are fulfilled or 

not. They will also be able to give their feedback by filing out a questionnaire to give their 

remarks from a qualitative point of view. However, if the objectives are not met, the team will 

have to recheck the process and modify it to improve the prediction system until all the success 

criteria of “Phase 1” are met. Once the prototype meets the objectives/the expectations and 

moves in the “right” direction of solving the main business problem, one can proceed to the 

next phase: “Phase 2: Minimal Viable Product (MVP)”.  

2.1.2. Minimal viable product (MVP) 

After the prototype has been evaluated and validated by 

the team members, the project moves on to “Phase 2”, 

where the first model proposition will be turned into a 

Minimal Viable Product (MVP). There, the prototype will be 

improved and adjusted through a four-step cycle process 

so that it becomes robust and efficient enough to be 

deployed within the organisation within the “Phase 3: 

Production” (if needed). 

Moreover, it will be particularly important to determine 

whether the hypothetical ideas of what the product might 

look like at the very beginning could become a reality and 

that the product can be proposed to the business team. 

Realising 

For the first step in the second phase, the model will be applied to a larger dataset to see if the 

model performs as well as it did in the prototype phase. However, it is not just a question of 

reproducing the same performance as before, but of increasing the quality measures by 

modifying the various parameters or adding new content to the model. As such, these 

operations will be carried out in the continuous testing, architecture adjustment and design 

adjustment steps. 
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Continuous testing 

In this step, the aim will be to see if the results are reliable in a “continuous testing process” by 

changing some of the model elements. These may be new variables that were not taken into 

account in the first phase, as the model was already performing well for the objectives of the 

first phase. Especially, if the collaborators perceive that this additional information can be or 

are useful for the system. By introducing this new information to the dataset, the prediction 

system can improve and can become more efficient by giving even more accurate outputs.  

Architecture adjustment & design adjustment 

Considering that new elements are added to the prediction system, it is imperative to adjust 

the architecture and the design of the model, since the previous final model may not be the 

most “optimal” one anymore. Therefore, it is important to retrain the entire model to ensure that 

the “best” parameters and hyperparameters are always obtained and applied to the final model 

after any modification of the model. Moreover, it might be possible that another machine 

learning method performs better than the one determined in the prototype phase due to 

additional content. This requires the people responsible for this part to provide explanations 

for all changes that happened during the previous steps so that other users can understand 

the changes. In addition, after every modification, the prediction system goes through the 

realising and continuous testing steps again to see if there is still any potential for improvement. 

The moment the prediction system reaches the quality and success measures judged sufficient 

by the team, the MVP can be ready to be transferred to the production phase. 

Globally, the MVP life-cycle process enables also to create a first interface or application where 

the collaborators can have a first try and see what the final product should look like in the 

future. Nevertheless, it is also the moment to prepare the product to a possible shift to the 

production in terms of communication and cooperation between the different data science and 

development teams. Indeed, when the MVP tends to meet the success criteria and the other 

business objectives, collaboration about the product implementation can already take place so 

that the targeted customers can benefit as soon as possible from the product. 

2.1.3. Production 

Once the product has successfully met all the 

requirements for a deployment within the organisation and 

received the endorsement of all the collaborators that were 

involved in the two first phases, it can be sent to “Phase 2: 

Production”, i.e. the production phase. For the project to 

be well implemented, it must follow certain specifications, 

which will be detailed in the following steps. 
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Release 

To ensure a good release of the product to an organisational application, it is essential that the 

whole process is well documented, that the algorithm and method scripts are well argued and 

that the first (user) interface is working properly. If these elements are properly completed, it 

will facilitate communication between the different units so that the principle of transparency in 

the project transition is respected. Moreover, this will allow on the one hand, a reproduction of 

the results as obtained in the MVP phase even though to improve them over time and, on the 

other hand a continuation in the development of a final application inspired from the first (user) 

interface created.  

Operating activity 

In the operating activity, both teams (data science and development teams) will have to decide 

how they want to deploy the project so that it works efficiently with the technologies available 

within the organisation. In addition, it is possible that the basic model will have to be modified 

to provide an optimal functionality.  

In fact, the deployment of a machine learning project (“MLOps”) is not as straightforward as 

that of a conventional development program (“DevOps”) due to additional complexities due to 

data and methods changes. The data and methods complexities4 will require the platform that 

runs the machine learning model to consider the change in parameters depending on a data 

change for example. Indeed, the hyperparameters of the model can be different each time a 

fine-tuning of the hyperparameters occurs in a new model training. Such typical machine 

learning details are very important to be understood and to be considered for the team that is 

responsible for the machine learning model deployment, otherwise the project risks being 

delayed due to a lack of knowledge from the development team. Therefore, once again, the 

collaboration factor between the units should not be neglected but should be fostered. 

Monitoring 

The monitoring is the last but one of the most important stage in the data innovation process, 

as it will ensure the ongoing control of the final product. Indeed, this will allow the people in 

charge of the product to be alerted when the prediction system encounters a drop in quality. 

The monitoring can be seen as the stage where the product is sent back into the process to 

check whether it still complies with the project standards. Therefore, it is important to carefully 

define a monitoring framework for the three main elements of the project: the data, the methods 

and the product, which may compromise the effectiveness of the model if they are not regularly 

and properly reviewed. The number of times a monitoring is necessary in a certain timeframe 

should depend on the nature of the project. 

Firstly for the data, it is essential to check that the input data have not been modified due to 

changes in the data source. Moreover, further checks should be made to ensure that the data 

are still of “good” quality (”veracity”) and meet the project’s requirements.  

                                                

4 https://www.kdnuggets.com/2020/12/mlops-why-required-what-is.html  

https://www.kdnuggets.com/2020/12/mlops-why-required-what-is.html
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Secondly, it is important to update the model by retraining it with the new data delivered by the 

data source. This not only ensures an updated model but provides one that can handle new 

data types that did not exist in the previous dataset. With the new data introduced into the 

model, the monitoring can detect abnormal data that could represent outliers. These should 

be analysed by the team to find out why and to explain how the model fails to handle them. 

Furthermore, the method used should be also monitored to see if it is still performing well or if 

alternatives or new ones could be more efficient for a potential improvement of the model. 

Nevertheless, it is also the opportunity to check whether the performance metrics still represent 

the situation of the project or whether a change is needed in terms of data science goals 

indicators. If one of the elements is not checked properly, it may compromise the effectiveness 

of the model. 

Thirdly, when talking about monitoring a product, it is about particularly checking whether the 

product still meets the business expectations and whether it is still of value for the organisation. 

In fact, if the product no longer satisfies customers or is overtaken by another product, the 

objectives must be reviewed and updated by the team in charge of the project. However, it is 

also a time to consider whether new or additional infrastructures as well as more efficient 

technologies can be allocated to the product to make it more efficient such as in response and 

computation time. 

After having detailed and described in detail the data innovation process that a data science 

project should ideally follow, it is time to see how it was applied to the “NOGAuto” project. 

2.2. Applied to the “NOGAuto” Project 

Already in the business understanding step, the data scientists, the business specialists and 

coders determined the business objectives and success criteria that the “NOGAuto” project 

must satisfy to move on to the next phases. As already mentioned in the project description in 

Chapter 1, the main objective of this data innovation project is the creation of a prediction 

system, which can predict the NOGA codes of enterprises with the information already 

available within the office using machine learning techniques. As such, for the success criteria, 

it has been decided to divide these into two groups: one focused on the prediction system and 

the other one on the domain user. A summary is given in the Figure 3 below (larger version is 

given in Appendix 1) and further details are given within the next sub-sections. 
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2.2.1. Machine learning prediction system 

On the one hand, three success criteria were set for the Machine Learning (ML) prediction 

system group, namely the performance metric predictive accuracy, the requirement of a 

documentation and the implementation of a monitoring. These are outlined in what follows. 

Predictive accuracy 

The first success criterion is about the performance indicator, which is here the predictive 

accuracy. This one is used to assess the performance of the prediction system and whether 

the predicted NOGA code matches the real NOGA code. This quality metric is represented as 

the percentages (%) of correct classification of NOGA codes once the model has been trained. 

The related metric generalisation error is then simply 100% minus predictive accuracy. 

For the prototype phase, it is a question of getting quick feedback on the functioning of the 

prediction system. Therefore, the first criterion for the system is to reach the predictive 

accuracy threshold of 75%. Then, if the system shows convincing initial results and reaches 

75%, it is time to see if its performance can be improved over time during the second phase. 

Therefore, the team decided that the system must reach a minimum of 85% of predictive 

accuracy to complete a first time the MVP phase. In the production phase, the prediction 

system must hold the minimum threshold of 95% of predictive accuracy and must not decrease 

over time, otherwise the system must be rectified. The implemented monitoring will enable to 

do this. 

Documentation 

The second criterion is the documentation of the three phases. Each phase should contain and 

be delivered with the following four elements: 

 transparency, i.e. all the developments of the prediction system must be explained so 

that all collaborators can understand what has been done; 

Figure 3: Detailed diagram of the success criteria applied to the “NOGAuto” project 



NOGAuto Project  24.05.2021 

11 

 reproducible results, i.e. anyone who wants to reproduce the prediction system with the 

original code should be able to obtain the same results; 

 examples, i.e. to facilitate the understanding of the phases, the data and the methods 

that have been used, clear examples should be provided. With examples, collaborators 

will understand more quickly the subject, which will promote better interaction; 

 code hygiene, i.e. quite often reading code is not obvious to everyone, so it is essential 

for the coder to document the code and keep it as clean as possible so that another 

person can find his or her way around. 

Implementation of a monitoring 

After having explained and detailed the function of the monitoring in a theoretical way, it will 

now be presented how this one has been implemented throughout the three phases of the 

“NOGAuto” project.  

In the prototype phase, it will be a matter of imagining and collecting ideas on how the 

monitoring (of data, methods and product) can be deployed in the final phase. In addition, it 

will also be necessary to make an analysis of the resources and needs that the monitoring will 

generate to ensure, for example, a good continuation of the product once it is in use by the 

users. Then, at the end of the second phase, the ideas conceived in the first phase should be 

concretised by detailed descriptions and by a concrete implementation plan for the next phase. 

In the production phase, the monitoring process will be implemented thanks to the efforts made 

in the first two phases. This allows the data, the methods and the product to be immediately 

monitored. 

2.2.2. Domain user 

On the other hand, the team has defined four success criteria centred on the users that the 

prediction system has to satisfy, i.e. for the domain user group. Nevertheless, before detailing 

these four, it is important that the users can give feedback so that the system can evolve by 

considering the expectations of the coding experts and that it suits their needs. For this reason, 

a questionnaire was created and will be distributed in the second and third phase to the 

different users who have already used the prediction system several times. The content of the 

questionnaire can be found in the Appendix 2. 

Interface 

For the user to get the NOGA code, he or she should be able to use the prediction system 

within a suitable interface. However, the implementation of this success criterion only takes 

place in the MVP phase but the architecture of it should have already been designed in the 

prototype phase. During the MVP stage, the interface should give a good first impression in 

stability and design. Nevertheless, one element that should not be neglected is the 

comprehension of the interface, which should be easy to use for the final client. Furthermore, 

the readability and simplicity of the interface should also be considered, i.e. having all 

information in one place. During the production phase, the interface will be improved by user 

feedback. This will enable the deployment of a more robust and improved interface, which is 

more in line with users' expectations. 
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Performance  

In the prototype phase, the user performance is not really an objective as a platform is not 

planned to be deployed at this stage of the project. However, the response time should be 

acceptable when performing different tests during the development of the prototype product. 

In the second MVP phase, when the user enters the information into the interface, it is 

imperative that the response time is faster than when they define manually the NOGA code. 

In the last phase, thanks to the feedback from users and the evolution of the platform, the 

speed of response should be improved. 

Daily use 

Since there is no product launch in the first phase, the prediction system must only be operable 

for users of the two last phases. For the MVP and the production phases, the prediction system 

must be able to support the frequency and duration of users’ use. The interface must be flexible 

and upgradable, in terms of being easy to modify and to evolve over time. Besides that, during 

the MVP phase, a helpdesk and a user manual should be set up in order for them to be 

deployed in the last phase. Thanks to this “client support implementation” the users will be able 

to ask for help and will not be left alone. 

Added value for the user 

Finally, the last criterion is very important for the product's lifespan. Indeed, the prediction 

system must always be of added value for the user, in the sense that the automatic process 

must be quicker than the manual process and that it must be more accurate than the manual 

way. The “NOGAuto” system should keep the NOGA coding more homogeneous and should 

not encounter the problem of the different interpretation of each collaborator. In the first and 

second phases, it is important to demonstrate to the main users and convince them that the 

system is more efficient than previous used tools. Then, in the third phase, the application 

aimed to be adopted within the business group. In addition, this application should be also 

evolutionary as it might be a source of ideas for other processes that could benefit from this 

same methodology. 

After having documented the problem in detail, having understood the reasons and the 

importance of implementing the “NOGAuto” prediction system, it was the moment to put all the 

gathered knowledge into practice. Indeed, all these identifications and descriptions of the 

problem allowed the team to have a common thread throughout the project and did not leave 

any room for misunderstanding. All operations are documented on the FSO's internal sharing 

network, namely Confluence5, which enables employees to see at any time the progress or 

even the changes that have been made to the “NOGAuto” project. Based on the business 

objectives and the success criteria, it is time to move on to the next exciting stages of the 

project and dive into the ”NOGAuto” machine learning system. 

 

 

                                                
5 https://intranet.confluence.bfs.admin.ch/confluence/display/DI/MVP+NOGAuto  

https://intranet.confluence.bfs.admin.ch/confluence/display/DI/MVP+NOGAuto
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3. “NOGAuto” Machine Learning System 

The “NOGAuto” project can mainly be represented by the workflow in Figure 4 below (larger 

version is given in Appendix 3), also known as the “NOGAuto” machine learning system, that 

has been developed by the team at the beginning of the project. The great particularity is that 

these stages are interconnected, meaning that it is always possible to return to an earlier stage 

to modify and improve the process to get better outcomes.  

 

The different principal steps are the collection of data (“Data Collection”) followed by the 

preparation of these data (“Data Preparation”) and their use in the modeling phase 

(“Modeling”). This workflow is applied to all three phases of the data innovation process, 

although in a slightly different way. For the prototype phase, all steps are carried out 

thoroughly, whereas in the MVP and production phases, it will be more a control if there is 

room for improvement such as adding new variables or gather new information from the data 

through feature engineering techniques.  

The next chapters will detail everything that has been done to have a structured dataset 

applicable for the machine learning methods. 

3.1. Data Collection 

For the data collection stage, the data were already available internally in the FSO. In fact, the 

office deployed in 2018 the third generation of its internal database BER, which is today the 

Swiss Business and Enterprise Register (SBER) application, where all the company’s 

information are stored. This database collects the information from many different national 

register sources such as the commercial registers, value added tax register or customer 

Figure 4: “NOGAuto” machine learning system workflow 

3 2 

1 

1 

2 

3 

Data Collection 

Data Preparation 

Modeling  



NOGAuto Project  24.05.2021 

14 

transactions register for each company in Switzerland. Therefore, this enabled the team to 

select various variables that were, according to their expertise, the most determinant in 

categorising a NOGA code and that could help the future “NOGAuto” prediction system to 

understand why it should be this NOGA code and not another one.  

Below, is the list of the different variables that have been determined by the team. This list was 

transmitted to the employees in charge of extracting the data from the SBER database to 

receive a document with all active observations (=enterprises) since 1988.  

 

After receiving and uploading the data into the R software, the raw dataset counted in total 

1’066’641 observations with 56 variables. The next step was to describe the variables 

according to their type (number, character or categorical) and what they represent so that the 

collaborators understand why these variables were selected.  

 

More details can be found on the Confluence web page under the Chapter “MVP Data 

Understanding”6. 

After having done this data description, a data exploration was done to get a first impression 

of the data with the help of graphics and tables. The visualisation, below, is one of many 

examples of graphs with its interpretation that were used and documented for this step. 

 

                                                
6 https://intranet.confluence.bfs.admin.ch/confluence/display/DI/MVP+Data+Understanding  

https://intranet.confluence.bfs.admin.ch/confluence/display/DI/MVP+Data+Understanding
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Above, we have a distribution of the two-digit NOGA codes conditioned on the cantons. We 

notice that for 4 cantons (BS, GE, ZG and ZH) out of the 26 cantons it is not the NOGA code 

“01” that is the most represented within the canton, but the NOGA code “86” or even “70” 

(=”activities of head offices; management consultancy”) in the canton of Zug (ZG). This can be 

simply explained by the fact that these are urbanised cantons or in the case of Zug with tax 

advantages. Other visualisations, such as the gender distribution by NOGA codes or the 

number of enterprises that are registered in the commercial register or other ones, were also 

performed and can be found on the Confluence web page7. With such information, it is possible 

to already have small hints about the results that the system might tend to predict. 

Before heading to the data preparation stage, it was important to control the data quality by 

doing some controls to check if there were some irregularities. In fact, the dataset contained 

some small anomalies that were then corrected at the beginning of the data preparation 

section. However, globally, as the data comes from a trustful internal data source, we can 

guarantee the “veracity” of the data.  

3.2. Data Preparation 

After having explored the dataset, the data must go 

through the data preparation step to be consistent 

for the modeling phase. Here, the goal was to 

transform the unstructured collected data into 

structured data. However, not all variables were 

used in this section, as the NOGA codes are mostly 

categorised or determined using the activity 

descriptions of the enterprises. This implies that 

the data preparation was more focused on text 

processing, which involves the use of text mining 

techniques. 

In Figure 5 below (larger version is given in Appendix 4), a more detailed view of the process 

in this section can be seen. The starting point is at the top left with the collection of unstructured 

data, which then moves on to the language detection followed by the text cleaning and the text 

mining to end up with structured data. 

                                                
7 https://intranet.confluence.bfs.admin.ch/confluence/display/DI/MVP+Explore+Data  

2 

https://intranet.confluence.bfs.admin.ch/confluence/display/DI/MVP+Explore+Data
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As a first operation, it was necessary to separate the data according to the language of the 

activity descriptions since there is not a trustful “language” data field in the database, which 

would have allowed companies to be categorised directly according to their language after 

collecting the data. Therefore, an algorithm had to be created to detect the language of each 

observation. This will facilitate the processing of the data for the rest of the project.  

After separating the observations according to their language, the texts were cleaned up and 

the words of the activity descriptions were transformed into categorical variables in a first time 

and into numerical variables in a second time. Nevertheless, to get a more detailed perception 

of each step, the following sub-sections will explain which methods were applied for each 

operation. 

3.2.1. Language detection 

The purpose of creating a language detection algorithm was to be able to subdivide the dataset 

into three datasets according to the language of the activity description. However, this 

algorithm can be considered as an additional product that was developed during the NOGAuto 

project. Indeed, this product could be deployed within the office to automate the language of 

other tasks. The language detection algorithm can categorise the observations into three 

national languages, namely German, French and Italian. 

3.2.1.1 R packages 

In a first step, to create the first results, linguistic R packages were used, each of them with 

different methods. These are detailed in the table that can be found in the Appendix 5. In total, 

there were four available R packages used to detect the languages. The ”textcat“ package can 

detect 74 languages, the ”cld3“ package from Google detects 47, the ”cld2“ package from 

Google detects 83 and the ”franc“ package manages to detect 310 languages.  

Figure 5: Data preparation workflow 
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Each package has an R function, which will detect one language. When one of the packages 

does not detect one of the three determined languages (German, French or Italian), it will be 

replaced with ”else“ in the allocated cell to specify that it is another language and, if it detects 

nothing (=”NA“) it will be ”none“.  

At the beginning, classification conditions were determined so that the activity descriptions of 

the observations were classified with the detected language. Here is an interpretation example 

of the first combination listed below: if the “textcat” package (“Textcat”) detects the same 

language as “CLD3” and “Franc” then the observation takes the language found with the “franc” 

package (“Franc”).  

Here are the detected combinations only with the four packages: 

 “Textcat=CLD3 & Textcat=Franc → Language= Franc”; 

 “Textcat=CLD2 & Textcat=Franc → Language= Franc”; 

 “Textcat=CLD3 & Textcat=CLD2 & Textcat ≠ «none» or «else» → Language=Textcat”. 

Globally, if at least three packages detect the same language, the activity description of the 

company in question will take the value of this language. Applied to all available observations 

resulted in the performance summarised in the table below. 

 Language detected (in %) Language undetected (in %) 

Language detection algorithm 79.72 20.28 

This already enabled almost 80% of the observations to be classified, but to improve the 

language classification, we used an additional variable, namely the SBER language variable. 

The additional conditions for classification are as follows: 

 “SBER=Textcat & SBER=CLD3 → Language=SBER”; 

 “SBER=Textcat & SBER=CLD2 → Language=SBER”; 

 “SBER=Textcat & SBER=Franc → Language=SBER”; 

 “SBER=CLD3 & SBER=CLD2 → Language=SBER”; 

 “SBER=CLD3 & SBER=Franc → Language=SBER”; 

 “SBER=CLD2 & SBER=Franc → Language=SBER”. 

This has resulted in an increase of about 10% in classifications implying that 828’138 

observations were correctly classified. 

 Language detected (in %) Language undetected (in %) 

Language detection algorithm 

+ SBER variable 
89.49 10.51 

To improve the detection of the language and to fine tune its classification, it was decided to 

use root cause analysis techniques.  

3.2.1.2 Root cause analysis 

The root cause analysis techniques allow finding relations between the four linguistic R 

packages and to set up some additional combinations for implementing them in the language 

detection algorithm. However, before detailing the techniques of association rules, mosaic 
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plots and correspondence analysis, it has been noted that the system could not recognise 

certain words. 

Recurrent words 

In fact, the language detection algorithm did not detect the language of some activity 

descriptions. In addition, it was noticed that for about 20% of the remaining observations, words 

that are recognisable to humans are not for the algorithm. Therefore, it was decided to directly 

allocate the corresponding language to these certain words. These were evaluated and 

validated by the team. In the table below, we can see the words with the corresponding 

language: 

Word Language  Word Language 

Médecin French  Musiker German 

Beratung German  Produktionsstätte German 

Advokatur German  Praxis German 

Fotografie German  Transporte German 

Kosmetik German  Photographe French 

Medizinalperson German  Avocate French 

Revier German  Menuiserie French 

Architekturbüro German  Grafik German 

Coiffeursalon German    

It is interesting to see that the algorithm had more difficulties to detect German words. Thanks 

to this technique, the percentage of correct classification increased by 2.22%. 

Association rules 

For continuous improvement of the language detection algorithm, the technique of association 

rules was used to recognise associations in the dataset. Below, we see six rules that were 

detected by the R package ”arules”8. 

The table can be interpreted as follow: 

 For rule 1 (R1): “If CLD2=Else & Franc+SBER=German & Text=Physiotherapie → 

Language= German”; 

 For rule 2 (R2): “If Franc+CLD3=Else & CLD2=None & Textcat+SBER=German → 

Language= German”. 

                                                
8 https://cran.r-project.org/web/packages/arules/arules.pdf  

Rules Textcat CLD3 CLD2 Franc SBER Text Result Support # Cases Confidence Lift 

R1 - - Else German German «Physiotherapie» German 0.017 1376 1 4.18 

R2 German Else None Else German - German 0.0185 1433 1 1.4 

R3 Else Else None Italian Italian - Italian 0.0167 1268 0.9906 1.18 

R4 Else - - German German - German 0.201 15040 0.961 1.15 

R5 German - - - - «Verkauf» German 0.104 622 1 9.43 

R6 Else - - Else German «Hebamme» German 0.0101 595 1 5.31 

https://cran.r-project.org/web/packages/arules/arules.pdf
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These rules were selected according to their confidence indicator. Knowing that the maximum 

value is one, only the rules with values close to or equal to this value were retained. Moreover, 

the rule 4 has the most impact, as the number of affected cases is 15’040. 

 Language detected (in %) Language undetected (in %) 

After 1st rule 91.71 8.29 

After 2nd rule 91.81 8.19 

After 3rd rule 91.94 8.06 

After 4th rule 93.57 6.43 

After 5th rule 93.64 6.35 

After 6th rule 93.70 6.30 

With this technique, the percentage of correct classification rose by 1.99%. 

Mosaic plots 

The mosaic plots are another visual technique that detects the language of certain 

observations with combinations of variables. This allowed reducing the observations that had 

not been yet classified in one of the three language categories. Below, four combinations that 

were detected by the “vcd”9 package with the ”mosaic“ function are listed. 

In order to detect the best combination, it is necessary to detect the largest rectangle with the 

highest Pearson residual (“Pearson Res”)10 value and, at least two linguistic packages must 

detect the same language. The combination of Mosaic 1 is an example: 

 “Textcat=Else & CLD3=None & Franc+SBER= French → Language = Français”.  

                                                
9 https://cran.r-project.org/web/packages/vcd/vcd.pdf  
10 This value shows the strength of the relationship as well as the direction of the associations between 

the variables, the value represents the absolute value of the “residuals”. The higher this value is, the 

more strength will be the relation between the combinations. 

Mosaic Textcat CLD3 CLD2 Franc SBER Result Pearson Res # Cases 

Mosaic1 Else None  French French French 99 5'275 

Mosaic2  Else None French French French 91 3'069 

Mosaic3  Else Else French French French 92 1'220 

Mosaic4  None None Italian Italian Italian 93 983 

https://cran.r-project.org/web/packages/vcd/vcd.pdf
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The three other mosaic plots can be found on the Confluence website11. 

 Language detected (in %) Language undetected (in %) 

Mosaic 1 94.27 8.35 

Mosaic 2 94.60 8.19 

Mosaic 3 94.73 8.06 

Mosaic 4 94.84 6.43 

Thanks to this visual technique, the percentage of correct classifications has risen by 1.14%, 

which represents approximately 10’500 enterprises activity descriptions. 

Correspondence analysis 

As the last root cause analysis technique, the correspondence analysis will detect trends 

between variables. Below, we see four combinations that were detected by the “FactoMineR“12 

package with the ”mca“ function and the graphs. The G2 plot will be used as an example. 

                                                
11 https://intranet.confluence.bfs.admin.ch/confluence/display/DI/MVP+Language+Detection  
12 http://www.sthda.com/english/articles/31-principal-component-methods-in-r-practical-guide/113-ca-

correspondence-analysis-in-r-essentials  

https://intranet.confluence.bfs.admin.ch/confluence/display/DI/MVP+Language+Detection
http://www.sthda.com/english/articles/31-principal-component-methods-in-r-practical-guide/113-ca-correspondence-analysis-in-r-essentials
http://www.sthda.com/english/articles/31-principal-component-methods-in-r-practical-guide/113-ca-correspondence-analysis-in-r-essentials
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The dimensions define the total variance. In the case of plot G2 above, the variation explained 

by the two first dimension is equal to 34.01% and is the sum of Dim 1 + Dim 2 

(=18.92%+15.09%). The higher this variation indicator, the better it is. 

For further examples, the other correspondence analysis plots can be found on the Confluence 

web page13. 

                                                
13 https://intranet.confluence.bfs.admin.ch/confluence/display/DI/MVP+Language+Detection  

Plot Combinations Result Total variance # of Cases 

G1 SBER_it & CLD2_it Italian 39.47% 125 

G2 SBER_fr & CLD2_fr & franc_all French 34.01% 829 

G3 SBER_it & CLD3_it Italian 35.64% 169 

G4 Textcat_it & SBER_it Italian 37.75% 310 

 Language detected (in %) Language undetected (in %) 

Correspondence analysis 1 (G1) 95.06 4.94 

Correspondence analysis 2 (G2) 95.16 4.84 

Correspondence analysis 3 (G3) 95.18 4.82 

Correspondence analysis 4 (G4) 95.21 4.79 

https://intranet.confluence.bfs.admin.ch/confluence/display/DI/MVP+Language+Detection
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Thanks to this technique, the percentage of correct classifications increased by 0.37%. 

After performing these root cause analyses, it was able to improve and increase the quality of 

the language detection algorithm by reaching a detection of 95.21% or 881'134 enterprise 

activity descriptions in the three language categories, namely German, French and Italian. 

It should be noticed that each technique has detected one language better than another one. 

The association rules had better detected German, while the mosaic plots had better detected 

French and the correspondence analysis had better detected Italian. 

Finally, after having separated the observations depending on their language, the three new 

datasets for each language count respectively: 

 German: 625’909 observations; 

 French: 208’999 observations; 

 Italian: 46’226 observations. 

There is still one limitation, the language of 44'303 observations has not been detected. It was 

decided to see if it is possible to use only the SBER language variable for the latter cases. This 

would be for: 

 German: 31’690 observations; 

 French: 10’610 observations; 

 Italian: 2’003 observations 

However, after performing a sample check on 200 observations for the three datasets, it could 

be confirmed that this is not a viable solution and that these observations will not be used for 

the rest of the project. In the table below, it is possible to see the misclassification rate per 

dataset (interpretation for German dataset: 21 enterprises misclassified and 14 of them were 

detected as being English activity descriptions): 

 

 

 

3.2.2. Text mining & natural language processing 

Text mining is one of the most important phases in the “NOGAuto” project. It consists of 

extracting information from texts and allows the detection of some trends according to the 

NOGA codes. After having separated the observations into three different datasets, it was 

easier to process the contents of the activity descriptions. Indeed, all the activity descriptions 

of each observation served to build a word dictionary for each dataset.  

 Correctly classified Incorrectly classified 

Number of enterprises 881’134 44’303 

Dataset Misclassification (in %) Misclassification without English (in %) 

German 21/200 = 10.50% 7/200 = 3.5% 

French 24/200 = 12% 8/200 = 4% 

Italian 44/200 = 22% 20/200 = 10% 
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As a starting point, the text of each activity descriptions has been “cleaned” and then the words 

were transformed into variables. First, they were represented by the number of times they 

appeared in the activity description by using the one-hot encoding technique and then 

upgraded to two types of document representation techniques, namely “Word2Vec” and 

“Text2Vec”. The results were represented with “word clouds” and “t-SNE plots”. 

3.2.2.1 Data cleaning 

Each activity description went through different stages of cleaning: 

 lowering the activity descriptions; 

 deleting the “stop words”. A list of neutral words for each language has been created 

by the team members and can be found on the Confluence web page14; 

 removing the punctuation; 

 removing the numbers; 

 removing the whitespaces; 

 stemming the words, meaning that the words with the same root were grouped 

together, for example words like “collaborators”, “collaboration” and “collaborate” will 

be shortened to “collab”; 

 lemmatize the verbs, meaning that words from the same verb were transformed to their 

infinitive form, for instance “eating” and “ate” become “eat”; 

 replace special characters, such as «é» with «e» / «ï» with «i», etc. 

Below, there are some examples. The first picture shows the activity descriptions that are not 

cleaned up and in the second one, the cleaned activity descriptions. 

 

3.2.2.2 Document representation 

After having purified the activity descriptions of the enterprises, the words have been 

transformed into variables, also known as document representation methods. However, to not 

take all words into account, a selection of those has been made. Only the words that occurred 

                                                
14 https://intranet.confluence.bfs.admin.ch/confluence/display/DI/MVP+Statistical+Data+Preparation  

https://intranet.confluence.bfs.admin.ch/confluence/display/DI/MVP+Statistical+Data+Preparation
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more or equal to five times in the dataset were kept. The number five was set to avoid words 

with spelling mistakes or proper names as variables and can therefore be considered as an 

additional data preparation step. This already reduced the number of potential variables in the 

dataset. 

One-hot encoding 

There are several forms for representing variables in a document such as the one-hot encoding 

method. This technique consists in representing a word in an integer form. For example, if the 

word occurs one time in the activity description it will be assigned the number of 1, if the word 

occurs more than once then the value will be the number of occurrences (ex: 2), otherwise it 

is 0. The table below shows an example:  

 

Word2Vec 

However, there are methods that are more accurate by calculating the similarity between the 

words and are more precise in categorising them. The more similar the words are, the closer 

the values will be. This will already allow to categorise the words together and will facilitate the 

machine learning model to understand the proximity between the words. The “Word2Vec”15 

package, specially designed for Natural Language Processing (NLP), contains two techniques 

that use the neural network framework:  

 Continuous Bag of Words (CBOW)16: a method that takes the context of the word 

and tries to predict the corresponding word; 

 Skip-Gram: a method that takes the word in question and tries to predict its context. 

Below is an example with the words ”développement” and “chantier” from the French dataset 

using the first method CBOW:  

                                                
15 https://github.com/bnosac/word2vec  
16 https://arxiv.org/pdf/1411.2738.pdf  

https://github.com/bnosac/word2vec
https://arxiv.org/pdf/1411.2738.pdf
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And using the method Skip-Gram yields: 

 

We can see that the similarity coefficient is the main factor that classifies the closest words. 

The closer the similarity is to the value one, the closer the words are. 

Text2Vec 

However, since one of the objectives of the project is to predict the NOGA code from the activity 

description and since they are not only composed of one word but of several words, another 

method had to be found. This alternative method comes from the “Text2Vec”17 package, which 

estimates the proximity of the words in the activity description in question. After running the 

algorithm, the table below clearly shows that the values of the new variables were not binary 

but continuous and could also be negative. This will enable the computer to understand the 

relationships between the words and probably increase the performance of the machine 

learning algorithm in the subsequent modeling step (“Modeling”). 

                                                
17 http://text2vec.org/glove.html  

http://text2vec.org/glove.html
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With the use of this so-called “word embedding” technique, it was possible to expand the set 

of explanatory variables to a total of 5’068 variables. 

3.2.2.3 Evaluation and validation 

To check the quality of the data preparation process, the outputs have been described and 

illustrated with appropriate visualisations on the Confluence web page18. This gives the 

different collaborators the opportunity to give their evaluation and approval about what has 

been done. Depending on the feedback, corrections may be required. 

The visualisations are based only on the activity descriptions of the enterprises, since one of 

the main objectives is to predict the NOGA code from these. Hereafter, the words are 

visualised in the graphs below using the “t-SNE” package. This one has the specificity of 

classifying similar words in similar areas thanks to its dimension reduction feature. It is 

therefore possible to detect clusters of words and check if the word embedding process has 

worked correctly. In addition to this technique, simple word clouds were also used to see which 

words are the most represented in the activity descriptions of the dataset. 

t-SNE 

As being one of the most popular way today to show high-dimensional data in a simple graph, 

the t-distributed Stochastic Neighbour Embedding (t-SNE)19 aims to group similar data and 

enables to detect some local trends as well as global ones. These are possible to be visualised 

in 2D or even in 3D graphs20 with the help of dimension reduction features.  

                                                
18 https://intranet.confluence.bfs.admin.ch/confluence/display/DI/MVP+Feature+Engineering  
19 https://cran.r-project.org/web/packages/tsne/tsne.pdf  
20 https://www.jmlr.org/papers/volume9/vandermaaten08a/vandermaaten08a.pdf  

https://intranet.confluence.bfs.admin.ch/confluence/display/DI/MVP+Feature+Engineering
https://cran.r-project.org/web/packages/tsne/tsne.pdf
https://www.jmlr.org/papers/volume9/vandermaaten08a/vandermaaten08a.pdf
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To have a good representation of the words in the graphs as well as a correct visualisation of 

them, it is possible with this package to choose and determine parameters such as the number 

of reduction dimensions and the perplexity. 

 

However, with the illustration above, it was not obvious to read the words in the graph, so it 

was useful to zoom in it. This allowed the team to detect similar words around same places in 

the plot. To get a better overview, it was useful to represent similar words by a representative 

word as shown below with the help of ellipses.     

 

For example, under the circle “voiture” at the top right, there are words such as “autos”, 

“carrossier”, “moteur”, “pneumatique”, “garage”, etc. Moreover, not only local trends are visible 

but also global ones. In the upper part of the graph, it is more about outdoor activities, while in 

the lower part, it will be more about community life. In the middle, it will be more the 

entertainment theme, on the left side, housing and investment while on the right side, it will be 

more communication of information. 
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These explanations confirm that the use of the word embedding techniques has worked well 

and that this visualisation technique was useful for the evaluation of the algorithm.  

Word cloud 

Word cloud graphs can be used to see which words occur most often in the activity 

descriptions. Below, the graph is the output from the package “wordcloud”21 using the French 

dataset. 

In this word cloud, the words that occur the 

most are in the center and in a larger size. The 

colours are here only to better distinguish the 

words. This graph comes from the first one-hot 

encoding technique. This indicates that the 

word “vent” is the most frequently occurring 

element in the activity descriptions before 

“entrepris”, “activite” and “conseil”. 

The reason why there is no word cloud for the 

word embedding techniques is because there 

is no word counting but rather a measure of 

word proximity which is not applicable to this 

visualisation method. Hence, this technique is 

only useful for finding out which words occur most often in the activity descriptions at the 

beginning of the data preparation process. 

Finally, this chapter ends with the evaluation and validation of the collaborators. Indeed, they 

were asked to consult the Confluence website22 to see if everything that has been done was 

understandable and correct according to them. Moreover, it is important to note that a large 

part of the project’s time was spent on understanding and preparing the data. Therefore, it is 

important to allocate enough time for these parts and not to underestimate them. 

3.3. Modeling 

The modeling chapter is about training the 

dataset with machine learning methods to 

get a predicted value or category for a new 

observation. The purpose of a machine 

learning process is to program a computer 

to learn from information (e.g. data) and to 

perform a task (e.g. prediction) in an optimal 

way in terms of a performance measure 

(e.g. loss function). 

                                                
21 https://cran.r-project.org/web/packages/wordcloud/wordcloud.pdf  
22 https://intranet.confluence.bfs.admin.ch/confluence/display/DI/MVP+Data+Preprocessing  
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In the case of the “NOGAuto” project, the main objective is to predict the NOGA code according 

to the activity description of the enterprise. A company is categorised with a 6-digit code at the 

Swiss national level, where 794 potential classes are possible. However, more global 

classifications exist, namely 2-digit and 4-digit. With the 4-digit classification level, the Swiss 

coding structure can be compared to the European one, namely the NACE (=”Nomenclature 

statistique des activités économiques dans la Communauté européenne”). As a first step, the 

team decided to predict the NOGA codes at the 4-digit level instead of the 6-digit level. The 

reason of this decision was to see if the model was already able to predict the 4-digit 

categories. The number of potential classes at this level is 615. 

For this project, the method that has been chosen to train the models is the Gradient Boosting 

Machine (GBM), i.e. stochastic gradient tree boosting. This because of the lessons learnt from 

previous pilot projects that the FSO launched (in particular the project “Plausi++”23 where the 

R package GBM24 has been successfully used) and that this method is quite robust and 

efficient in multi-classification. This method has proven its competence in many areas and is 

one of the preferred methods that is used in Kaggle competitions25. The error function that will 

be used with this method is the misclassification error meaning that it counts the number of 

times the computer misclassifies the data. 

The GBM derives from the tree-based methods that, in general terms, segment the feature 

space (e.g. variables) recursively into simple regions. The main idea of the GBM method is to 

grow trees using information from the previous one to reduce the error term. This error term is 

reduced with the help of the gradient descent method that aims to find a local minimum where 

the loss function is optimized. The specification of the GBM method is that the first trained tree 

considers all the observations equally and measures the misclassification error. Then, before 

growing the next tree, the method gives more weight to those that were difficult to classify and 

afterwards train a new tree. This process will continue until the algorithm has reached the 

number of defined iterations. 

In the remaining parts of this section details will be given regarding the training and prediction 

parts. It will be discussed how the data were treated, which R packages were used, how the 

first predictions were made and how they were presented to the collaborators. 

3.3.1. Training 

Unfortunately, before enumerating the modelling steps, it is important to mention that the IT 

infrastructure on which all the work was conducted did not have the computational capacity to 

support the computational demands. Therefore, there have been many program crashes, 

which have made the task of training the models more difficult. However, model training and 

prediction were possible for a small sample of the dataset, which is at least encouraging for 

the future of the project. Once the IT infrastructure would be good enough to train the models, 

                                                
23 https://www.bfs.admin.ch/bfs/de/home.assetdetail.9847917.html 
24 https://github.com/gbm-developers/gbm  
25 http://uc-r.github.io/gbm_regression  

https://www.bfs.admin.ch/bfs/de/home.assetdetail.9847917.html
https://github.com/gbm-developers/gbm
http://uc-r.github.io/gbm_regression
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it will only be necessary to use the code that has already been prepared. Indeed, it has been 

possible to set up the scripts that will make the predictions. 

caret 

The “caret” R package26 is one of the best-known and most widely used packages for training 

models in the data science world. It allows finding the “best” tuning parameters according to 

the method used for training machine learning models through external validation methods 

such as cross-validation, repetitions, etc. With these different operations, it is possible to find 

the “optimal” combination of hyperparameters that minimises the loss function. 

In the case of the “NOGAuto” project and with the GBM ML method available in the caret 

package, the tuning parameters27 that have been defined by the data scientist are: 

 the “interaction depth”: the complexity of the tree, meaning the higher the value, the 

more complex the model will be; 

 the “number of trees”: the number of time the algorithm grows trees; 

 the “shrinkage” parameter: the learning rate of the algorithm, meaning the lower the 

value, the more complex the model will be; 

 the number of “minobsinnode”: the minimum of observations in a node that enables the 

tree algorithm to be splitted. 

An important parameter that can also be determined is the external validation method. In the 

case of NOGAuto, the methods that were used are the “repeatedcv” and the “cv”. This detail 

allows the algorithm to train the data together. However, the more repetitions and the more 

complex parameters the algorithm contains, the longer the system will take to calculate the 

model. Therefore, it is important to find the right balance. 

Hyperparameters determination 

After having trained several models with different numbers of observations and predictors (e.g. 

variables), the “best” model with the optimal hyperparameters gave a predictive accuracy of 

52.93% with the “caret” package. This model was trained on 1’001 observations and 1’500 

random variables from the activity descriptions only. In addition, the hyperparameters were: 

“interaction depth=5”, “shrinkage=0.01”, “number of trees=1’000” and the number of 

“minobsinnonde=10”. All this calculation took over 25 hours. Additional model runs can be 

found in Appendix 6. 

GBM 

Now that the algorithm has found the “optimal” parameters, these can be introduced in the 

GBM training function using the R package GBM28. There, the algorithm trains a model that 

has been applied to the same small set of observations as well as the same 1’500 random 

variables.  

                                                
26 https://topepo.github.io/caret/index.html  
27 https://topepo.github.io/caret/model-training-and-tuning.html#tune  
28 https://github.com/gbm-developers/gbm  

https://topepo.github.io/caret/index.html
https://topepo.github.io/caret/model-training-and-tuning.html#tune
https://github.com/gbm-developers/gbm
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3.3.2. Prediction 

Below are the first predictions that have been predicted with the NOGAuto model modeled with 

the GBM method. In addition, it was decided that the three most probable NOGA codes should 

be shown with their “percentage probability” and not only the most probable one. It should be 

remembered that the model was trained on a small part of the dataset and that the results 

would be different if the model would have been trained on the whole dataset. However, the 

results below seem to be very convincing. Indeed, thanks to the black boxes in Figure 6 below, 

it is possible to see that on this sample of 35 cases, 22 were directly predicted with the right 

NOGA codes, which represent a predictive accuracy of 62.85% in this sample. Moreover, if 

the second and third proposals are considered, the number of correctly classified cases is 27, 

representing a predictive accuracy of 77.14% in this sample.   

 

These promising results show the potential of the “NOGAuto” project, in the sense that if the 

system had more computing capacity, the trained model would become very powerful and 

would make more precise predictions. However, with the transition of the project from the initial 

IT infrastructure (“Atlantica”) to the new collaborative data science platform “RENKU”29, this 

                                                
29 https://health.renkulab.datascience.ch/  

Figure 6: First NOGA code predictions at the 4-digit level 

https://health.renkulab.datascience.ch/
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need for computational power may be assured and may allow the project to achieve its 

overarching objectives.  

As the internship period has passed in a blink of an eye, it is already time to close this master 

thesis with the chapter lessons learnt as conclusion of this internship at the FSO. 

4. Lessons Learnt 

In this last chapter, I will discuss some points that could be improved, what I have learnt and 

experienced in the organisation, explain on how this project could be implemented at the FSO 

and how the collaborators would or could use it in the future. 

First, there are some parts I would have done it differently to be faster in time and to meet 

more objectives for the FSO. By now, if the IT infrastructures had been efficient enough, an 

interface could have been set up for the collaborators. Second, as we have seen throughout 

this report, we have focused more on the activity descriptions of enterprises. This means that 

it would be possible to base the prediction of the NOGA code on these alone. Therefore, if the 

models, which will be trained in the future based only on the activity descriptions, show 

satisfactory results, it may not be necessary to collect all the variables of the enterprises but 

only those that would have an impact on the NOGA code. To find out which variables will be 

most interesting, techniques such as “univariate filtering” for feature selection could be used. 

Third, due to the limited access rights of administrator and the non-access to internet on the 

used IT infrastructure (“Atlantica”), some techniques could not be used. Indeed, this might have 

allowed the use of more resources such as additional linguistic packages, that require internet 

access, to improve the language detection algorithm. Because unfortunately 4.79% of the 

activity descriptions (=44’303 enterprises) were not detected and were lost for the rest of the 

project. 

After having described the points that could be improved for this project, I will talk about what 

the project brought me in ten months. This internship allowed me to put into practice my 

theoretical knowledge that I acquired during my first year at the University of Geneva. However, 

the implementation of such a data science project can not be compared to the practical projects 

carried out during the diverse university lectures. Indeed, here it was a question of interaction 

between different professions to find a new solution or in this case, a new service suitable for 

the final customers, which would improve one of their manual tasks with new methods. This 

was done through an in-depth study of the situation, explaining in detail the problem, how it 

could be solved and with the help of which instruments. Therefore, it is not enough to collect 

data and apply data science methods to it, but to make a real analysis of the environment and 

create a cycle of continuous improvement. It was around all these analyses that I realised how 

important the initial business understanding step from the “Prototype (CRISP-DM)” phase was. 

This is where the whole project is conceived, planned, realised, implemented and developed 

in a rigorous way. Through a well-defined process, problems that the project may encounter 

can be better anticipated and managed by the project team. 

Thanks to a meticulous description of the three-phase data innovation process of the 

“NOGAuto” project and its success criteria, the project was selected to be presented at the 

International Conference on New Techniques and Technologies for Statistics 2021 (NTTS 
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2021) by the organisers. This conference brings together all the countries that register to talk 

about new techniques and technologies that are used and implemented, either by public 

institutions, public or private companies. This conference was planned to take place physically 

from March 9 to 11, 2021, in Brussels. However, due to the COVID-19 pandemic situation and 

the health restrictions that the various governments have put in place, physical representations 

were not possible. Therefore, all presentations were broadcasted by video conferences, which 

nevertheless, allowed gathering more interested people. The “NOGAuto” presentation took 

then place on March 10, 2021 and was recorded30. By opening the presentation to a wider 

audience, a few days later, the United Nations Economic Commission for Europe (UNECE) 

invited the “NOGAuto” project to a group seminar on standardising the development of a 

machine learning project within the HLG-MOS Machine Learning Project31. It was discussed 

how a MVP could be transferred to production and with which procedures. 

It is important to underline that the effort invested in the realisation of the “NOGAuto” project is 

not only limited to the classification of the economic activities of enterprises. In fact, a slight 

adaptation of the system would allow a wider use of this technology to assign codes to, for 

example, professions, diseases, causes of death, products for more precise statistics within 

the FSO. With a small change in the algorithm script, this would only involve collecting the 

corresponding data from the new classification, adapting the text to be processed, indicating 

the new dependent variable and running the algorithm. Hence, these potential new 

applications of the prediction system will still have to be treated as a new project and face a 

transition into the data innovation process. However, thanks to the experience gained from the 

“NOGAuto” project, this will be more straightforward.  

Another potential application that could be interesting is not only to apply the “NOGAuto” 

prediction system to the Swiss perimeter but also to extend it to the European level with the 

NACE codes. Indeed, since the “NOGAuto” project was programmed on the 4-digit NOGA 

codes and the European one follows the same structure, this could lead to interesting inertias. 

In fact, business statistics could be more accurate, as they would be less affected by the 

interpretation biases of the collaborators but especially the differences from country to country. 

This would increase the quality of comparison between countries, allowing a more consistent 

view of the situation between countries. 

In addition to the potential that code classification may have in the future, the improvement of 

the language detection algorithm created upstream may also represent an opportunity for the 

FSO to develop its own language detection system. This will require further development and 

improvement of the product, which today still classifies more than 95% of observations in the 

correct language. 

It was also a very interesting experience in the sense that I had the opportunity to work on site 

for the first 3 months and 7 months in home office due to the current situation and decisions 

that have been taken by the government to tackle the COVID-19 pandemic. However, this has 

                                                
30https://coms.events/NTTS2021/data/abstracts/en/abstract_0041.html  
31https://statswiki.unece.org/display/ML/HLG-MOS+Machine+Learning+Project 

https://coms.events/NTTS2021/data/abstracts/en/abstract_0041.html
https://statswiki.unece.org/display/ML/HLG-MOS+Machine+Learning+Project
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allowed me to strengthen my work discipline and to develop my autonomy even more. 

Nevertheless, it is true that on-site meetings between collaborators are still irreplaceable. 

In conclusion of this very interesting work, I would like to thank Professor Kuonen, Mrs. Duc 

Sfez and all the collaborators for all the advices and help they gave me during my ten month 

of internship at the FSO .
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5. Appendix 

Appendix 1: Detailed diagram of the success criteria applied to the “NOGAuto” project 
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Appendix 2: «Fiche d’évaluation du prototype des collaborateurs» 

The questionnaire below allows collaborators to give their evaluation and feedback. 

Nom du logiciel NOGAuto 

Date d‘évaluation  

Nom évaluateur  

Environnement test 

Points généraux  

Nombre de cas traités   

Langue utilisée 

☐Allemand 

☐Français 

☐Italien  

☐Anglais 

Qualité de la prédiction 
 

Est-ce que la prédiction est satisfaisante ? 1☐ 2☐ 3☐ 4☐ 5☐ 

Indiquez la raison de votre insatisfaction 

concernant la qualité de la prédiction 

(uniquement si 1 ou 2) (facultatif) 

 

 

Plus-value de la prédiction  

Est-ce que la prédiction fournie est une 

plus-value ? 
1☐ 2☐ 3☐ 4☐ 5☐ 

Expliquez votre note (facultatif)  

Layout  

Masque de saisie 1☐ 2☐ 3☐ 4☐ 5☐ 

Performance 
 

Rapidité de l’affichage des résultats 1☐ 2☐ 3☐ 4☐ 5☐ 

Estimez-vous qu’il y a des améliorations à 

apporter au prototype ?  

(Veuillez indiquer le(-s) point(-s) concerné(-s)) 
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Appendix 3: “NOGAuto” machine learning system workflow 
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Appendix 4: Data preparation workflow 
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Appendix 5: Details on the R packages used for language detection

Packages Created by Method used 
Number of 

languages 

Package «textcat» 

Version: 1.0-6 

Year: 2018 

Kurt Hornik, Johannes Rauch, 

Christian Buchta, Ingo Feinerer 

“This package uses two steps. In a first time the package collects, training corpus of texts all written 

in the same known language and from there builds language profiles. The algorithm classifies from 

the most to the least frequent n-grams and only keeps the most frequent ones. In a second time, from 

the unknown language of a given text, it computes again a document profile and classifies it according 

to the language profile performed in the first step. It minimises the “out-of-place1” distance 

between the n-gram profiles of both texts and categorizes as the most similar. 

 

References, CRAN: https://cran.r-project.org/web/packages/textcat/textcat.pdf  

References, Researchgate:  
https://www.researchgate.net/publication/282255965_The_textcat_Package_for_n-
Gram_Based_Text_Categorization_in_R  
 
1 https://github.com/halfvim/N-Gram/wiki/Out-of-place-Distance-Measure  

74 languages 

Package «cld3» 

Version: 1.3 

Year: 2020 

Jeroen Ooms, Google Inc 

Google's Compact Language Detector 3: 

“CLD3 is a neural network model for language identification. The model averages the embeddings 

corresponding to each ngram type according to the fractions, and the averaged embeddings are 

concatenated to produce the embedding layer. The remaining components of the network are a hidden 

(Rectified linear) layer and a softmax layer. To get a language prediction for the input text, the model 

performs a forward pass through the network.” 

References, Github:  https://github.com/google/cld3#readme  

47 languages 

Package «cld2» 

Version: 1.2 

Year: 2018 

Jeroen Ooms, Dirk Sites 

Google's Compact Language Detector 2: 

« For mixed-language input, CLD2 returns the top three languages found and their approximate 

percentages of the total text bytes using the Naïve Bayesian classifier.  

References, Github: https://github.com/cld2owners/cld2#readme  

83 languages 

Package «franc» 

Version: 1.1.2 

Year: 2019 

Gabor Csardi, Titus Wormer,  

Maciej Ceglowski, Jacob R. 

Rideout, Kent S. Johnson 

Possibility to reduce the scope to 3 languages: German / French / Italian 

References, Github: https://github.com/gaborcsardi/franc#readme 

310 languages 

https://cran.r-project.org/web/packages/textcat/textcat.pdf
https://www.researchgate.net/publication/282255965_The_textcat_Package_for_n-Gram_Based_Text_Categorization_in_R
https://www.researchgate.net/publication/282255965_The_textcat_Package_for_n-Gram_Based_Text_Categorization_in_R
https://github.com/halfvim/N-Gram/wiki/Out-of-place-Distance-Measure
https://github.com/google/cld3#readme
https://github.com/cld2owners/cld2#readme
https://github.com/gaborcsardi/franc#readme
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Appendix 6: Additional trained models with corresponding hyperparameter settings 

Machine learning prediction with the GBM method (“caret” package) and with 5 folds and 3 repeats for the external validation 

# Observations # Predictors 
Interaction. 

depth 
Shrinkage 

Tree  

(best accuracy) 
N.minobsinnode Time Best accuracy 

101 (69 classes) 100 9 0.05 80 3 - 0.1644 

101 (69 classes) 100 9 0.05 150 3 - 0.1693 

101 (69 classes) 100 9 0.05 310 5 ~5min 0.1605 

101 (69 classes) 100 9 0.01 320 3 ~6min 0.1707 

101 (69 classes) 100 5 0.01 300 3 ~3.5min 0.1704 

101 (69 classes) 100 5 0.01 160 10 ~2.33min 0.1695 

101 (69 classes) 100 9 0.1 300 10 ~6min 0.1433 

1’001 (216 classes) 100 5 0.01 400 10 ~1.86 h 0.3297 

1’001 (216 classes) 100 5 0.01 600 10 ~3.68 h 0.3327 

1’001(216 classes) 200 5 0.01 640 10 ~7h 0.3519 

1’001(216 classes) 400 5 0.01 500 10 ~16.8h 0.3624 

1’001(216 classes) 500 9 0.01 900 10 ~28h 0.3552 

1’001(216 classes) 500 5 0.01 500 10 ~28h 0.3576 

501 (161 classes) 1’000 5 0.01 900 10 ~4.38h 0.3639 

1’001(216 classes) 1’500 5 0.01 1000 10 ~25.25h 0.5293 
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Machine learning prediction with the GBM method (“caret” package) and with 2-fold CV for external validation 

# Observations # Predictors 
Interaction. 

Depth 
Shrinkage 

Tree  

(best accuracy) 
N.minobsinnode Time Best accuracy 

1’000 (216 classes) 3’000 5 0.01 800 10 ~22h 0.4026 

5’000 (365 classes) 5’000 5 0.01 No result 10 
Stopped for 

too long 
No result 




