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The 17 Sustainable Development Goals (SDGs) are a "shared blueprint for peace and prosperity for people and the planet, now and into the future". Since 2015, they help pointing out pathways to solve interlinked challenges being faced globally. The monitoring of SDGs is essential to assess progress and obstacles to realise such shared goals. Streams of SDG-related documents produced by governments, academia, private and public entities are assessed by United Nations teams to measure such progress according to each SDG, requiring labelling to proceed to more in-depth analyses. Such laborious task is usually done by the experts, and rely on personal knowledge of the links between the documents contents and the SDGs. While UNEP has experts in many fields, links to the SDGs that are outside their expertise may be overlooked. In this context, we propose to solve this problem with a multi-label classification of texts using Bidirectional Encoder Representations from Transformers (BERT). Based on this method, we designed the SDG-Meter, an online tool able to indicate to the user in a fully automatic way the SDGs linked to their input text but also to quantify the degree of membership of these SDGs.

Introduction

The 2030 Agenda for Sustainable Development, adopted by all United Nations Member States in 2015, provides a "shared blueprint for peace and prosperity for people and the planet, now and into the future". At its heart are the 17 Sustainable Development Goals (SDGs), which are an urgent call for action by all countries -developed and developing. They recognize that ending poverty and other deprivations must go hand-in-hand with strategies that improve health and education, reduce inequality, and spur economic growth -all while tackling climate change and working to preserve our oceans and forests. The UN Secretary General presents every year an Annual SDG progress report, aiming to identify challenges and achievements from different countries and regions.

As part of the work of the United Nations Environment Programme (UNEP), multiple documents (policy recommendations, toolkits, reports, project submissions, progress reports, etc.) are analysed by SDG experts for properly indexing them according to SDGs. Experts have to read the document and identify which SDGs are mentioned, or are related to it. These mapping exercises are timeconsuming and subjective to personal knowledge of the links between the document contents and the SDGs. While UNEP has experts in many fields, links to the SDGs that are outside their expertise may be overlooked. This work, based on the subjectivity of each expert, introduces a bias in the overall mapping work, which therefore does not allow for a comparison of the associations made for each text. This association work (labeling) based on text analysis therefore requires increased knowledge of the terminology of each SDG to achieve an optimal analysis. The improvement of the whole text labeling process consists firstly in adopting automation of this process (time saving for the experts), and secondly, in designing a single intelligence with a solid knowledge of the terminologies of each SDG (bias reduction).

Aiming to address these issues, we propose the online tool SDG-Meter which allows to automatically classify a text -without expert intervention -according to the 17 SDGs but also to quantify each link between the SDGs and a text. The SDG-Meter is based on the use of a powerful deep learning algorithm which is currently one of the most powerful and efficient algorithms in the field of Natural Language Processing. Following a series of tests, it was confirmed that our tool is able to perform a classification identical to that of an expert.

This paper starts by presenting the state of the art of multi-label classification methods applied to SDGs, and detailing the functioning of the BERT (Bidirectional Encoder Representations from Transformers) algorithm which is at the heart of our method. The functioning of the SDG-Meter via the implementation of the BERT algorithm in a web solution will also be presented. The paper will then explain the method used to build our training database. Finally, we present the results of our SDG-Meter in comparison with an expert manual classification on 5 different texts.

State-of-the-art

Various methods have recently been developed with the objective of classifying text according to the 17 SDGs. (i.e. multi-label classification task).

The Organisation for Economic Co-operation and Development (OECD) has developed several methods for classifying texts according to the SDGs. For example, in order to assess the volume and alignment of financial flows with the SDGs, OECD has developed the online tool SDG tracker [START_REF] Pincet | Linking aid to the sustainable development goals -a machine learning approach[END_REF] 4 . This tool links the project description of financial contributions from bilateral providers or multilateral organizations to the SDGs they address. Their approach is based on a combination of the XGBoost (Boosted Gradiant) [START_REF] Chen | Xgboost[END_REF] and ULMFiT [START_REF] Howard | Universal language model fine-tuning for text classification[END_REF] (Universal Language Model Fine-Tuning for Text Classification) algorithms followed by a manual verification by experts for each output. This tool by tracking global progress towards the SDGs, permits to the users to explore progress on all of the SDG indicators for which data is available at the global, regional and country-level. OECD has also recently proposed the Sustainable Development Goals Business Actions Identifier (SDG-BAI) [START_REF]OCDE: Industrial Policy for the Sustainable Development Goals[END_REF] allowing to identify, now automatically, the contributions of companies to the SDGs. The latter is composed of 17 XGBoost sub-algorithms, each of which provides a binary classification of whether the text is related to a specific SDG. Finally, the SDG Pathfinder5 online tool still from OECD combine automatic and manual approaches for associating OECD and its partners texts with SDGs which rely on the use of UNSILO Classify6 commercial algorithms which permits to extract automatically all the concepts from text and then compare these concept to each SDG terminology. However, in this case, the goal is not to predict a specific label, but rather to define clusters in the data. The features of these clusters are then manually mapped to labels (form of ontology). This method thus provides a comprehensive list of topics related to the SDGs and a model to detect topics in new texts and thus link new documents to the SDGs. This tool explores the key themes underlying the SDGs and the links between them, using analysis and data from six international organizations.

On the side of the United Nations agencies, various and similar methods have also been developed. The online tool Open-Source Approach to Classify Text Data by UN Sustainable Development Goals (OSDG)7 [START_REF] Pukelis | Osdg -open-source approach to classify text data by un sustainable development goals[END_REF], developed by the UNDP SDG AI Lab, aims to integrate various existing attempts to classify research according to Sustainable Development Goals based on the principles of ontology and domain recognition. The input texts of the OSDG tool are labeled with fields of study defined by the Microsoft Academic Graph tool and are cross-referenced with an evolving ontology to determine the degree of correlation between the two. And finally, via the determination of a specific threshold the numerical value of the relationship between the SDG and the text is interpreted as strong or moderate. This tool allows users to detect SDGs mentioned in the texts of their choice either by entering the DOI of an article or by manual entry in a dedicated insert. There is also the online tool. LinkedSDG8 [START_REF] Joshi | A Knowledge Organization System for the United Nations Sustainable Development Goals[END_REF], developed by United Nations Department of Economic and Social Affairs (UN DESA), provides a tool to link a text to the SDGs it addresses and to establish the degree to which the text is linked to the target of each SDG. This method is based on the use of an ontology and the extraction of concepts from the input texts to classify them according to the distribution of concepts.This tool permits to users to detect the SDGs present in an input text (by entering a text link or by manual entry) but also to detect the precise targets of each SDG. Finally, based on the same will as ours to be able to provide a method [START_REF] Lafleur | Art is long, life is short: An sdg classification system for desa publications (05[END_REF] capable of classifying document flows received by the United Nations, the UN Department Of Economic And Social Affairs (UNDESA) proposes an unsupervised classification method based on the Latent Dirichlet Allocation (LDA) [START_REF] Blei | Latent dirichlet allocation[END_REF] algorithm. The LDA automatically labels texts by statistically identifying logical subgroups in the data, i.e. classes/SDGs, each related to specific word lists. These results in a statistical model that can be used to classify another data set. For a given text the method is also able to assign a similarity score between the words of a text and the words related to each SDGs previously defined by the LDA.

There are also similar others methods developed independently of official organizations like Unitez [START_REF] Körfgen | It's a hit! mapping austrian research contributions to the sustainable development goals[END_REF] which has been designed to evaluate how SDGs are represented in Austrian research. The method is based on a manual selection of keywords list for each SDG, then a search algorithm is applied to scientific texts to retrieve one or more keywords linked to the SDGs. More related to the use of deep learning algorithms, a study [START_REF] Matsui | A natural language processing model for supporting sustainable development goals: Translating semantics, visualizing nexus, and connecting stakeholders[END_REF] proposes SDG-based text classification by training the BERT classification algorithm on a Japanese corpus to identify SDGs related to input sentences and vectorize the semantics of the input sentences. Another methodSOPA20, has the goal to detect UN General Assembly (UNGA) resolutions implicitly related to SDGs. The authors propose a method to apply deep learning methods for text classification with the constraint of a small labelled dataset. They built an ensemble method that effectively combines generic (non domain-specific) deep learning based document obtained from Global Vectors for Word Representation (GloVe) [START_REF] Pennington | Glove: Global vectors for word representation[END_REF] and Universal Sentence Encoder (USE) [START_REF] Cer | Universal sentence encoder for English[END_REF] with domain-specific Term Frequency-Inverse Document Frequency (TF-IDF) document similarities.

Although these methods are efficient in term of classification, they have some limitations such as the unsupervised methods always require time-consuming intervention of experts to map detected features to each SDG. Moreover, these methods are generally based on keyword analysis and do not take into account the context of the texts. Also in most of the case, tool and methods for SDG classification no not provide quantification of the link between a text and an SDG, which is useful to establish a more precise classification.

For these reasons, we decided to carry out additional research in order to build a method that would allow us to link a text to one or more SDGs that it deals with and also to quantify its degree of belonging to these different SDGs. Our tool, called SDG-Meter, is also based on the will to exclude any form of human intervention during the process of associating SDGs to texts (even for the training step). In addition to quantifying the text-SDGs relationships and saving time for our experts, our method will also allow external users to link their project/thoughts to the large fields of action by learning the SDGs that their project deals with and thus give them the possibility to better fit their project into the framework of the SDGs in question.

Multi-labeled text classification with BERT

As our objective is to link and also quantify the degree to which a text belongs to all 17 SDGs, a multi-labeled Text classification algorithm (supervised learning) was selected, which makes it possible to link a text not only to one label (SDG) but to several labels. More specifically, the recent and powerful algorithm Bidirectional Encoder Representations from Transformers (BERT) [START_REF] Devlin | Bert: Pre-training of deep bidirectional transformers for language understanding[END_REF], which is a neural network-based technique for natural language processing was chosen. As shown in the Figure 1 The input to the encoder for BERT is a sequence of tokens, which are first converted into vectors and then processed in the neural network. But before processing, BERT needs as input a sequence of tokens, for that 3 elements have to be added to the initial input:

BERT: Bidirectional Encoder Representations from Transformers

-Token embeddings: A [CLS] token is added to the input word tokens at the beginning of the first sentence and a [SEP] token is inserted at the end of each sentence.

-Segment embeddings: A marker indicating Sentence A or Sentence B is added to each token. This allows the encoder to distinguish between sentences. -Positional embeddings: A positional embedding is added to each token to indicate its position in the sentence.

To solve NLP tasks, BERT perform a 2-steps process, starting by training a language model on a large unlabelled text corpus (unsupervised or semisupervised). Then it Fine-tune this large model to specific NLP tasks (multi-label classification in our case) to utilize the large repository of knowledge this model has gained (supervised). BERT has two principal advantages compared to others NLP models. First, it is a "deeply bidirectional" model which means that BERT learns information from both the left and the right side of a token's context during the training phase. This bidirectionality is important for truly understanding the meaning of a text. Secondly, BERT is pre-trained on a huge corpus of unlabelled text including the entire Wikipedia and Book Corpus which confers with him a very extensive vocabulary base. But BERT also has a considerable drawback, indeed his memory footprint which grows quadratically with the number of words, as well as the use of pre-trained templates which have a fixed size. Then, BERT accepts a maximum of 512 words (approximately one full PDF page) because beyond that the limits of modern GPUs are quickly reached.

Concerning the data processing part, the dataset (Describe in section4.1) was split in train and test, the splitting ratio is 80% for train and 20% for the test. Then, the data need to be transform into a format which BERT can understand. For that the class "InputExample's" was create using the constructor provided in the BERT library with variable "text_a" containing the text to classify and "label" is the labels corresponding to our texts. In a second step, the text data was pre-process so that it matches the BERT's requirements (text in lower case, tokenization, etc.) Then, the BERT module was loaded and a single new layer was created that will be trained to adapt BERT to our multi-label classification task. The training phase has the goal to train the model to learn the main characteristics (words and their context) of the texts contained in our 17 classes (17 SDGs). Then the model keeps its training parameters to be applied to texts where their class is not given to the algorithm (But they was keep apart.), the algorithm with its parameters must be able to classify them correctly and once the classification is established, the class to which the algorithm classifies the text was compare to the one to which it is really assigned. Finally, to quantify the belonging of a text to a SDG, the prediction output was set in probability thanks to the use of a Logit function. Dropout was also included to prevent overfitting 9 And finally the loss was computed between predicted and real label which permits to assess the accuracy of our model which has an accuracy of 98% (based on 400 tests).

SDG-Meter tool

Once the BERT was trained on our database (using a 32GB GPU), the trained model and its parameters was saved so that it could be reapply for the classification of new texts. Then it was implemented in a web based tool that allow end users to achieve interaction through a website as shown in the Figure 2. The library PyTorch10 has been used for implementing the model. Pytorch is suitable for saving the model in python and deploying it on places such as websites and mobile applications. The used model is Fast-Bert11 wich is based on Pytorch and consists in an encapsulated version of original BERT algorithm 12 . This library supports BERT and XLNet for both multi-Class and multi-Label text classification which is the main purpose of our approach.The front-end is written in HTML/CSS and for the back-end website, Flask 13 was used as a lightweight webpage to connect with our application based on python. The code can be found on the UNEP's Git repository 14 . As shown in the figure, users can enter the text of their choice in the dedicated box (with a strict maximum limit of 512 words) and in less than a second the list of detected SDGs appears in a decreasing order according to their probability of belonging to the text (expressed in %).

Experimentation

Dataset

Web-scrapping process Deep learning methods often require a large dataset for training (of the order of a few thousand) in order to achieve a good level of accuracy in the classification task. However, it is very often difficult to obtain a large set of labeled data and difficult to mobilize an expertise for the manual annotation of so much data (very time-consuming task).

In a previous study [START_REF] Guisiano | Automatic classification of multilabel texts related to Sustainable Development Goals (SDGs)[END_REF] we chose to start with a 169 texts database describing the targets of each SDG (ref site/data) and to extend the database to 6000 texts via manual incorporation of text related to each SDG, integration of the definition of synonyms of the keywords of each SDG and finally the use of Markov chain (NLG) for automatic generation of text for the themes of each SDG. Despite a classification accuracy of 94% we found the quality and diversity of the generated texts to be very poor. Moreover, by generating texts for each SDG theme, the majority of the texts in our database were linked to a single SDG, which is problematic in the context of a multi-label classification. To do this, we chose to re-construct our database by focusing on the quality of the texts and their labels rather than on the quantity of the latter. We have therefore sought a data source containing quality texts associated to one or more SDGs (multilabeled dataset). We also impose the condition that each text of the data source has to be associated to SDG manually by experts but not any other form of classification algorithm in order to not introduce additional bias that we cannot directly manage. After many researches and collaborations with the One Planet linguist team, we finally choose to exploit data coming from IISD "SDG Knowledge Hub" website 15 . Indeed, this website has all the required criteria; it provides users with labelled articles such as "News", "Guest Article" and "Policy Brief" so three different writing styles (important for the diversification of vocabulary and writing style). In order to exploit these data, we had to extract the texts and the labels of each article, for that we had to resort to the techniques known as "Webscrapping". This process allows, via the HTML encoding of the web site, to identify the contents of the texts and labels in order to extract them. We included this process in an algorithm written in Python allowing us to carry out this operation for each category of text, for each web page and for each article. We also add the condition that each article must have less than 512 words to be extracted. (explanation of this limitation in the section below) Data set description thanks to the web-scrapping process, we could extract 724 labeled texts from "News", "Guest Article" and "Policy Brief" format. The texts in our database have an average length of 374 words and have an average of 4 labels(SDGs) with a minimum of one label and a maximum of 17 labels. It can be noticed on the Figure 3 that the distribution of the SDGs, thus of our classes, is unbalanced. Indeed, the texts extracted from IISD were written and labeled during the years 2020-2021, the main period of the COVID epidemic. The distribution of SDGs clearly shows a peak for SDG 3 "Good Health and Well Being". During these period various themes emerged in the run-up to Cop26, all of which are mainly related to SDG 13 "Climate Action", which is reflected in the distribution of classes. The largest peak is attributed to SDG 17 "Partnership for the Goals", which is explained by the fact that SDG groups a large number of sub-themes that are almost automatically associated with all texts. In contrast, it can be note that for this period and the selected texts, SDG 3 "Quality Education" is under-represented.

Test and results

In order to test our SDG-Meter, new texts labeled by experts from IISD-SDG was selected. These have 1 to 4 labels including also under-represented labels in the training data (e.g. SDG 4 and 7) so that it can be test if despite their underrepresentation the SDG-Meter manages to identify them. It should be specify that the labels coming from IISD do not have an order according to their relation with the text, the order is numerical according to the SDG numbers. As for the SDG-Meter results, these indicate the probability of an SDG belonging to the text expressed as a percentage. Each class (SDG) is independent, so the sum of the probabilities for different SDGs can be different from 1. Text 2 : "UN Embarks on Preparations for Education Summit" The second text, which is uniquely related to SDG 4 "Quality Education", addresses the following areas: Means of Implementation, Capacity Building Education. SDG-Meter: SDG 4 has a probability of belonging to the 92% text, so a strong relationship is established with the former. SDG 17 "Partnerships for the Goals" is also detected with a probability of 2% and finally SDG 8 with a probability of 1%. According to the SDG-Meter, the text deals mostly with SDG 4.

Text 3 : "UNGA Event Highlights Potential Sources of Financing for Road Safety" The third text is related to SDG 3 "Good Health and Well-Being" and SDG 11 "Sustainable Cities and Communities" deals with the following areas: Health, Transport. SDG-Meter: SDGs 11 and 3 are detected with respective membership percentages of 29% and 6%. A relationship is also found with SDG 16 "Peace, Justice and Strong Institutions" with a probability of 3.

Text 4 : "Environmental Leaders Selected for Contributions to Ecosystem Restoration" The third text is related to SDG 13 "Climate Action", SDG 14 "Life Below Water" and SDG 15 "Life on Land" and covers the following areas: Atmosphere, Biodiversity, Energy, Health, Conservation, Ecosystem Approach, Oceans Coasts, Stakeholder Participation, Climate Change. SDG-Meter: In this case, the 3 SDGs mentioned by the IISD are all found by the SDG-Meter without additional SDGs. SDG 15 appears in first position with a probability of belonging to 83%, then SDG 14 with a probability of 4% and finally SDG 13 with a probability of 2%.

Text 5: "Environmental Leaders Selected for Contributions to Ecosystem Restoration" The third script is related to SDG 1 "No Poverty", SDG 3 "Good Health and Well-Being", SDG 8 "Decent Work and Economic Growth" and SDG 10 "Reduce Inequalities" and covers the following areas: Health, Poverty Eradication, Economics Investment SDG-Meter: SDG 1 is detected with a high 89% probability of belonging to the text, SDGs 3 and 8 are detected with a 2% probability, and SDG 10 in last place with a 1% probability. The SDG 13 is also detected with a probability of 4%.

These results show us that the SDG-meter is able to provide a text analysis very similar to that of an expert. Indeed, we have seen that the SDG-Meter manages to find all the SDGs selected by the experts for each text. In the case of text 4, the results are identical. For the other texts, the SDG-Meter in addition to the SDGs indicated by the IISD finds by itself other SDGs related to the text that the IISD does not mention. In this case, it is difficult to know on which side the right answer lies, it is also possible that the SDG-meter via its deep learning is able to detect SDGs that the experts would not have noticed. As for example in text 4, the SDG 13 is detected with a probability of 4% which represents a significant percentage. On the other hand, it is possible to question the significance threshold for texts 1 and 2, which mention SDGs with probability percentages of around 1%. Text 5 also presents a threshold of 1% but for SDG 10 which is common between the IISD and SDG-Meter analyses and which therefore remains significant.

Conclusion

Within the various UN entities, experts regularly spend significant time classifying documents according to the 17 SDGs. In addition to being repetitive and time consuming, this approach introduces a large bias as the view from one expert to another varies, meaning that for the same text two experts may assign very different SDGs. Aiming to unify this classification system but also to automate this task, we propose the online tool SDG-meter. The latter is based on the use of the BERT deep learning algorithm which is able to provide excellent results (accuracy of 98%) with a limited amount of training data. Indeed, we have seen that for various texts our method is able to find the same SDGs as an expert, which means that this type of solution could in the future completely replace the current manual work of experts.

However, it is possible to contribute to its improvement on various points such as the improvement of training data sets and BERT itself. Indeed, as shown in Figure 3 our initial dataset can be qualified as imbalanced because some SDGs are less represented than others in our dataset. This can lead to low predictive accuracy for the infrequent class tending to decrease the overall accuracy of the model. Increasing our dataset could therefore contribute to smooth the differences between the representations of each SDG and thus obtain a better accuracy. It would also be preferable, in the context of increasing our dataset, to obtain labeled texts from various sources in order to enrich the vocabulary related to the SDGs, but also to train our model on the various semantic structures. (research articles, official reports, news, etc.) Finally, via our database, the BERT model has been able to learn to recognize SDGs through the specificity of each text, but it does not know what an SDG is not. Indeed, if a text not related to the SDGs is introduce, the SDG Meter will still try to make the link. This leads to a noise during classification which is manifested by the presence of a very small percentage of SDGs not linked to a text. To remedy this problem, it would be necessary to include in the training database various texts that are certainly not related to the SDGs and to stipulate their non-membership in the SDGs by assigning a value of 0 to each class (SDG). Another important aspect concerns the word limit of the input texts imposed by BERT. Indeed, this limit allows for the moment to analyze only the equivalent of a full PDF page. The advanced version of BERT named "SMITH" is currently being designed and should allow to extend this limit to 2048 words. However, it would be better to avoid any word limit. Some methods [START_REF] Wang | Multi-passage BERT: A globally normalized BERT model for open-domain question answering[END_REF] permit to avoid this limit as for example those based on the principle of sliding window but these last ones are known as being less powerful because they have insufficient long-range attentions. Another method, COgnize Long TeXts (CogLTX) [START_REF] Ding | Cogltx: Applying bert to long texts[END_REF], allows to overcome the BERT limit by identifying key sentences by training a judge model, concatenates them for reasoning, and enables multi-step reasoning. This last solution presents excellent results and seems to be a way to improve BERT.
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Overfitting occurs when the algorithm over-learns (overfit.)in other words, when it learns from data but also from patterns (diagrams, structures) which are not related to the problem, such as noise, thus degrading the performance of the algorithm.
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The original version of BERT is no longer available for the moment because its improved version "SMITH" is under development.
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