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Exploring Scientific Literature of Environmental Science using Natural Language Processing

Scientific literature is the central process in researching and developing a research problem in any field which helps to build around a permanent body of knowledge available from previous works carried out in a research domain. Knowing the important areas of research already done and areas that require research beforehand can aid in the process of ongoing research and projects. This project attempts to utilize abstracts of published peer-reviewed scientific journals in the wetland research area. K-means clustering was used to perform clustering of the literature which is vectorized with the help of Tf-Idf. Spacy's 'en_core_sci_lg' is utilized to handle the scientific words. With the help of the PCA algorithm, the total features were reduced while keeping the variance up to 95% and using the data for clustering. For visualization of the result t-SNE algorithm was used to reduce the dimension of the data into 2D space for better plotting along with the labels obtained from clustering. To understand the clusters, we used the 'Topic Modelling' algorithm 'Latent Dirichlet allocation (LDA)', to get the frequently used words. To check if there is any pattern in our clusters, we created a classifier and trained it on our data with labels obtained from our clustering and the average accuracy we obtained from a 10-fold cross-validation was 90%.

1.

INTRODUCTION

Clustering is an unsupervised learning technique that is used to identify hidden patterns in the data. It automatically groups the data based on the scale of similarity among the data points. Distance is one of the most used parameters that is used to find clusters, it can be used to implement various clustering approaches, such as K-means, Mean shift, DBSCAN [START_REF] Birant | ST-DBSCAN: An algorithm for clustering spatial-temporal data[END_REF], etc. This approach can be directly used on the numerical data after general preprocessing, however, in the case of text data, things are a little challenging. Text data contains meaning in them which has to be utilized to form effective clusters. Clustering text can be considered as a specialized case of clustering which requires special attention to capture the context in our training data for our learning algorithms. The objective of clustering for text data is to group groups of texts/documents into a single cluster.

Literature clustering aims to find similarities between documents and group them into a cluster containing documents of similar genres/topics. This practice reduces the amount of time taken by tasks like analyzing and classifying unknown sources of data in documents into a well-defined cluster. In this project, we try to evaluate the vector-based clustering that utilizes a basic K-means clustering algorithm on a reduced vector space of abstracts of scientific literature. This approach comes under frequency centric approach, which should make it harder to separate closely related scientific literature as they may contain very similar terms with a similar amount of frequency. We just used abstracts of scientific literature for our analysis as they contain the gist of the complete literature. Apart from clustering the documents, to make sense of each cluster we also used 'Latent Dirichlet Allocation (LDA)' which is a statistical topic model which uses the topics-per-document model and words-per-document model to help in determining underlying topics in the document. Further, to check the quality of the cluster we created a classification model trained on the labels from the clustering.

This study experiments the use of NLP to extract the insights of a scientific literature to understand if it can be used to reduce the time for analysis of existing papers. Results of the experiment can be used to find areas of research that have already been done or areas which require more attention. It can automate the process of identifying the core topics discussed in the paper ultimately reducing the effort to look for the right journal. The study has analyzed how simple NLP techniques can aid in the scientific journal domain to gain more insight in a short period of time.

NATURAL LANGUAGE PROCESSING

Natural Language Processing [START_REF] Nadkarni | Natural language processing: an introduction[END_REF] is a subfield of Artificial Intelligence that enables machines to read, understand and make predictions or do analysis on the data created by us during any kind of conversation. The unstructured data generated during our conversation can be utilized with the help of Natural language Processing to teach machines to understand and have a conversation. Various algorithms are being developed for tasks like predicting expected words based on the previous words, analyzing the sentiments of a person based on the text/tweets and posts, summarization and text clustering are to name a few. The basic idea behind these algorithms is to have these text data in numerical format either with word embeddings or vectorizer and then apply various mathematical operations to find the patterns and learn the language to perform the task.

Right now, various approaches have come into the picture under the umbrella of Symbolic NLP, Statistical NLP, and Neural NLP. Apart from these advanced techniques, numerous data pre-processing techniques like tokenization, lemmatization [START_REF] Korenius | Stemming and lemmatization in the clustering of finnish text documents[END_REF], and removal of stopwords capture only the useful data and still maintain a good degree of accuracy. These pre-processing techniques are used in almost all the NLP preprocessing tasks and are being used on almost every trained pipeline.

Unsupervised Learning

Unsupervised learning [START_REF] Barlow | Unsupervised learning[END_REF] is one of the three pillar learning techniques under the umbrella of Machine learning. As the name suggests, these learning techniques do not require any supervision to train the model, as it works on its own to discover patterns in the unlabeled data. Unsupervised learning is normally used to perform tasks like clustering, anomaly or outlier detection, association detection, etc. Unsupervised methods split data into different groups based on the similarity and patterns found by the algorithm. As these are trained on unlabeled data sets, one does not require any prior knowledge of the data as the algorithm can tell what similar groups are there to provide an idea of the data. Though the accuracy can be less, these groupings are trustworthy. Few unsupervised learning algorithms are, K-means which is used for clustering, PCA a dimension reduction algorithm, Hierarchical clustering algorithm, Single value decomposition, and various others. Apart from having various algorithms and the ability to identify underlying patterns, there are few disadvantages, like the inability to know the label of the groups that the algorithm identified. As this is unsupervised learning, there is no hard fixed rule to evaluate the performance of the model.

Clustering

Clustering [START_REF] Jain | Data clustering: a review[END_REF] is one of the most common ways to get an intuition of the subgroups of the data. It can be said that the data in a subgroup or cluster are similar while data in other subgroups are different.

Clustering analysis can be done to find the cluster in which a data belongs, in our case documents that belong to a particular subgroup based on the words in it. Unlike supervised learning, clustering comes under unsupervised learning and hence there is no particular way to evaluate the performance of the cluster, we are just investigating the structure of the data and the similarity between them.

The remainder of this article is organized as follows: Section 3 describes the previous works and various topics that are necessary for the rest of the article. The complete workflow is explained in section 4. Result of the article is analyzed in section 5 followed by an evaluation technique in section 5.3. Section 6 closes the article with conclusion and future work.

Background Theory

Literature Review

The idea of clustering documents comes under the field of data mining and is used to improve the Information Retrieval process. It is the science of retrieving information from documents or searching for documents themselves. It also helps in searching for metadata that describes the document itself.

Data Clustering [START_REF] Jain | Data clustering: a review[END_REF][START_REF] Jain | Data clustering: 50 years beyond K-means[END_REF] is an unsupervised learning technique to discover valuable information from the data. Documents and text clustering have increased significantly in recent years with the increase in documents released in scientific and non-scientific domains. Different clustering algorithms are being used to cluster various types of data. It aims to find different groups between the dataset based on some predefined similarity index [START_REF] Hearst | Reexamining the cluster hypothesis: Scatter/gather on retrieval results[END_REF]. Most of the Literature contained unsupervised learning techniques to cluster documents, such as K-Means, HDBSCAN, Gaussian mixture. These approaches are frequency-based and use features like words and sequences based which are counted by the algorithms [START_REF] Hammouda | Efficient phrase-based document indexing for web document clustering[END_REF][START_REF] Chim | Efficient phrase-based document similarity for clustering[END_REF][START_REF] Fung | Hierarchical document clustering using frequent itemsets[END_REF][START_REF] Li | Text document clustering based on frequent word meaning sequences[END_REF], these approaches hence miss the context behind the text and hence can lose meaning. Topic maps [START_REF] Rafi | Document clustering based on topic maps[END_REF] is also being used, and with the recent boom of deep learning, different approaches utilize Deep embeddings [START_REF] Kim | Patent document clustering with deep embeddings[END_REF], vocabulary networks [START_REF] Yi | A novel text clustering approach using deep-learning vocabulary networks[END_REF], Neural Networks based classification [START_REF] Manevitz | Document classification on neural networks using only positive examples[END_REF] are some of the examples, this deep learning approach reduces the dimensions of the data while compressing the useful information together leading to less computation and better results. The comparison performed in [START_REF] Steinbach | A comparison of document clustering techniques[END_REF][START_REF] Rafi | A comparison of two suffix tree-based document clustering algorithms[END_REF] is the standard measure for evaluating an algorithm on document clustering. We will attempt to use the same parameters for evaluating the study on the proposed method.

Datasets

In this project, we are using the abstracts of scientific literature from the field of Natural resources published between 1970 and 2020 in scientific journals. All the abstracts are extracted and stored in a '.txt' file which can be easily used to create a data frame to work on. These abstracts were extracted under topics, 'Coastal wetlands', 'invasive species' and 'Indian wetlands. This data is obtained by using a website named 'harzing.com'.

Harzing is an open-source software program that can retrieve and analyze academic citations and abstracts. While searching for specific keywords, one can use bitwise operators in the search bar to customize the results as per their needs. It was developed by Anne-Wil Harzing to assist students and other scholars in their academic studies and research.

We aimed to specifically gather data about Indian wetlands and hence we searched for "wetland and India", here the "and" is the bitwise operator and retrieving literatures strictly containing these two terms. Along with the abstracts we also got the "DOI", "Date of publish", "Tittle", "Authors", "Author's Information", and some data extracted also contained "PMID" and "Copyright details". As the data collected contained the above mentioned topics in them it can be said that the documents have 3 groups but we will work irrespective of this too. We will try to identify underlying patterns in the text too, hence the number of clusters can be varied depending on the amount of topic separation we have to perform.

K-Means

K-means [START_REF] Ralambondrainy | A conceptual version of the k-means algorithm[END_REF] is an unsupervised clustering algorithm that utilizes the proximity of data points to cluster closely situated data points. This algorithm can be used to find underlying patterns, similarities, or dissimilarity between data points that goes unnoticed by a human supervisor. It assigns data points to a random subgroup and iterates to find the right subgroup which gives the least square distance from the data point and the centroid of the cluster and keeps iterating until each cluster gets the lowest square distance (refer to figure 1). Hence, we can say it is an iteration-based algorithm. Also, as it clusters data points based on the distance, an initial step to standardize (data with mean zero and standard deviation of one) the data should be practiced. The quality of the clusters also depends on the initialization of the centroids too, it is recommended to try with different initialization and then choose the better one. In this approach, we will be implementing Kmeans, with the help of the sklearn library which is an open-source library for various data science and machine learning algorithms. 

Spacy's preprocessing pipeline

Spacy [START_REF] Honnibal | spaCy 2: Natural language understanding with Bloom embeddings, convolutional neural networks and incremental parsing[END_REF] is an advanced open-source library for Natural Language processing written in python and cython. Spacy's language preprocessing pipelines are pretrained on a different type of data corpus which includes tagger, lemmatizer, a parser, and an entity recognizer. Various custom components can be added to this pipeline. Various pre-trained "English" Pipelines are mentioned in table 1. Similarly, there are pretrained pipelines on the text corpus of scientific literature and clinical text. Few models are mentioned in table 2.

MODE L VERSIO N en_core_web_md 1.2.1 en_depent_web_md 1.2.1 en_core_web_sm 1.2.0 en_core_web_md 1.2.0 en_depent_web_md 1.2.0 en_vectors_glove_md 1.0.0

Table 1: Pretrained Spacy English Models

Among the various scientific pipelines, in this project, we utilized the 'en_core_sci_lg' pipeline which is trained on the large vocabulary of biomedical data and contains scientific vocabulary. As scientific literature contains various terms that are usually not used in normal conversational English so it is better to use this pipeline. Moreover, as we are handling data belonging to the field of geology which contains various chemical names and microbial details and hence this pipeline will be able to parse them.

MODE L DESCRIPTI ON

en_core_sci_sm A full spaCy pipeline for biomedical data. Table 2: Pretrained Spacy English Models for Scientific Literature

Term frequency -Inverse document frequency (Tf-Idf)

Tf-Idf is an abbreviation to the Term Frequency-Inverse document frequency [START_REF] Joachims | A Probabilistic Analysis of the Rocchio Algorithm with TFIDF for Text Categorization[END_REF] which is a common algorithm to convert text data into a meaningful numerical representation for the algorithms. This algorithm combines the importance of the frequency of the words and the frequency of the word occurring in a particular document. The product of these two terms determines the weight of that word and generates a matrix containing the scores similar to the shown in table 3.

Table 3: Tf-Idf Matrix example

In this project we are utilizing the sklearn library [START_REF] Pedregosa | Scikit-learn: Machine learning in Python[END_REF] for the implementation of Tf-Idf, it's TfidfVectorizer can vectorize the data and implementing the 'Term Frequency' part and also the 'IDF' [START_REF] Robertson | Understanding inverse document frequency: on theoretical arguments for IDF[END_REF] part itself and hence comes in handy and can be easily modified.

Principal Component Analysis (PCA)

Principal Component Analysis or PCA [START_REF] Wold | Principal component analysis[END_REF] is a dimension reduction algorithm that reduces the dimension of the large datasets along with capturing most of the information. In the process of reducing dimensions, we are removing variables that surely cost the accuracy of the model hence it is up to us to decide how much information we want to preserve in exchange for accuracy. Here, the Principal component is that dimension or variable that contains the most information, successively we move to the 2 nd and 3 rd principal component until the amount of information mentioned is collected. PCA requires data to be of the same scale hence normalization of the data has to be done before applying. In our case, the frequency of the words is already of the same scale. There are various other variants of this algorithm such as 'Kernel PCA', 'Randomized PCA', or 'Incremental PCA' which are good for large datasets. In this project, we are using sklearn's PCA which can be easily modified to capture information and trade-off with accuracy. Another dimensionality reduction algorithm, 't-SNE' was used to make the data points after vectorization into 2D for visualization purposes.

Latent Dirichlet Allocation (LDA)

Latent Dirichlet Allocation or LDA [START_REF] Blei | Latent dirichlet allocation[END_REF] is a statistical topic modeling algorithm, where topic modeling is an unsupervised classification method for document classification and finding underlying themes in the documents. Based on these theme documents are classified into their respective theme group. LDA is one of the popular topic modeling algorithms which identifies the theme in documents with the help of the use of words. LDA decides the theme of the document based on the words present in it as the words themselves belong to a particular theme.

Figure 2: Latent Dirichlet Allocation workflow

There are few assumptions in this algorithm, the LDA assumes that all the words in the documents are just a bag of words and hence ignores the grammatical significance. It also assumes that the number of topics to be extracted from the documents is available to us. (Refer to figure 1 

SGDClassifier

SGDClassifier stands for "Stochastic Gradient Descent Classifier", which is a combination of Stochastic gradient optimizer [START_REF] Bottou | Stochastic gradient descent tricks[END_REF] and a linear classification model. In this classifier, there is a linear classifier (SVM, logistic regression, etc.) which is optimized by Stochastic Gradient Descent. In this project Logistic regression is used as a linear classifier that is being optimized by SGD. Here, Gradient Descent is used to minimize the cost function of the algorithm, it is one of the popular optimizers which is used to optimize neural networks. It can also be used with various classification and regression algorithms. Here, Stochastic means utilizing one sample at a time to minimize the cost function and then moving ahead, which ultimately eases the computation and hence good for large datasets. Its use with logistic regression [START_REF] Wright | Logistic regression[END_REF] is a statistical model and uses logarithm function to return the probability of the label. Hence this algorithm is perfect for classification and optimization altogether.

Methodology

Data Extraction

As the text data for different labels are stored in the ".txt" format, to convert it into a data frame which then can be accessed easily by "python" to perform various operations, we created a function to automatically parse the text and specifically extract the "Abstract" of the paper and store it in a pandas data frame. Pandas is a file handling package in python, which is a great tool to perform various types of operations on a large amount of data with few steps. The current extracted data frame consists of abstracts of scientific literature which also contain various noise (punctuations, articles, redundant words, etc.), which will be removed in the pre-processing to provide clean and meaningful data to our algorithms to learn.

Pre-processing and visualization

After data extraction, we tried to visualize the dataset with the help of wordcloud [START_REF] Heimerl | Word cloud explorer: Text analytics based on word clouds[END_REF] without any cleaning to have an understanding of the data, to know what kind of words we are dealing with, and also to understand the genre. We can see in figure 4, the words like invasive, species, result, effect, region, etc are larger in size which means they are occurring a lot of abstracts. As we go ahead with the pre-processing, few of them will be considered as an outlier and will be removed.

Figure 4: Word Cloud of the data

In pre-processing of the data, we performed data cleaning and also converted the data into an interpretable form that is in numerical form for training purposes. In the cleaning process, we utilized "Spacy's en_core_sci_lg" pretrained pipeline which parses all the words in the abstract along with the scientific terms which are not generally used in conversational language. Along with parsing with performed lemmatization which extracts the root word after getting tokenized (separated individual words in the sentence). We also removed any kind of punctuation from the abstracts along with all the articles (a. the etc.) as these do not provide any value to the sentence in terms of identifying patterns. After performing all these steps, all the words are joined together and stored in the data frame.

After obtaining the cleaned data, we try to get the word counts of the abstracts along with the word counts of unique words in the abstracts. This will also help to see the distribution of the length of the abstracts. (Refer to figure 5a and5b) . We can see the normally distributed word counts in both cases; however, the peak of the absolute word count is splitting but it can be ignored as it is quite close to a normal distribution, and can be concluded that 75% of the literature' abstracts contain around 300 words while they have 164 unique words in them. The tails in both graphs may be caused by outliers as almost ~98% of the literature has less than 1000 words and around 460 unique words.

Vectorization

After removing the words that do not provide much importance to the context and the punctuations from the abstracts, we now converted the text data into the numerical format using "Tf-Idf". With the help of Tf-Idf the frequencies of words and the use of those words in every document are obtained as a form of weights (refer to figure 2 in Annexure). In the table, we can notice many of the terms with their weights assigned to "0", which means there are some scientific terms that are not used much in our dataset and can be removed as they will just act as noise.

Dimensionality Reduction

As we saw lots of words with zero weights, which will not provide anything fruitful to our algorithm to make their decision, we can remove it, and this process is called "Dimensionality reduction" [START_REF] Van Der Maaten | Dimensionality reduction: a comparative[END_REF]. By reducing the dimensions, we intend to remove the columns of useless words as they are appearing very little in the documents. For this, we will be using the PCA algorithm with the n_components parameter set to 0.95 to capture 95% of the information.

We will apply Principal Component Analysis (PCA) to our vectorized data while still keeping 95% variance. The reason for this is that by keeping a large number of dimensions with PCA, you don't destroy much of the information, but hopefully will remove some noise/outliers from the data, and make the clustering problem easier for k-means. After performing PCA we converted it into an array form which is suitable for our upcoming clustering algorithm. The dimensions of our training data are reduced from (5688,4096) to (5655, 2352) which means PCA has dropped almost half of the variables/words.

Clustering Model preparation

To finally cluster the documents into groups with similar documents using K-means, we need to have a predefined number of clusters we want them to be in. Though our input data is extracted from three topics, we can use 3 as the cluster number. However, we will also try to find the appropriate number of clusters for the data using the "Elbow method" [START_REF] Syakur | Integration k-means clustering method and elbow method for identification of the best customer profile cluster[END_REF]. The Elbow method comes under cluster analysis, which runs K-means on the whole data with a different number of cluster values provided to it. It is iterated through the cluster number values and calculates the average scores which are wss (within-clusters square sum). Lower the value better will be the cluster, although the cluster value should be near to the sudden drop of wss and right before the saturation, making an elbow pattern. In our analysis, it was observed that the optimal number of clusters was shown as 7. (Refer to figure 6a and6b)

Figure 6a: Elbow method depicting distortion

In figure 6b, it can be seen that there are multiple distortions in the blue line compared to the base red line, however the distortions with clusters are mostly due to the high amount of word separation. If the majority of the words are separated, making a higher number of clusters and ultimately a greater number of topics, can lead to loss of context. Hence, we will stay below 15 clusters and to pinpoint the distortion location we focus the iteration from 0 to 15.

Figure 6b: Elbow method depicting optimal K = 7

Here, we chose the number of clusters = 7 as after k = 8, a constant drop is being noticed instead of a sharp one, creating an elbow-looking line at k = 7. Hence, we proceeded with two cluster values, "3" as the original data was obtained from 3 topics and "7" which we got from the elbow method.

With cluster values 3 and 7, we used sklearn's K-Means algorithm with base parameters to perform clustering two times, each for each cluster value. For 3 clusters each data point was labeled as from the value between 0 to 2 which depicts the cluster, similarly 0 to 6 for 7 clusters. To visualize the result in a 2D form, we used another dimensionality reduction algorithm "t-SNE" [START_REF] Gisbrecht | Parametric nonlinear dimensionality reduction using kernel t-SNE[END_REF] which converts any dimension of data into 2-dimensional data, hence which can be used to plot with x and y coordinates. After plotting the whole data set in 2D (Refer figure 7), we mapped the cluster values on them to see how our clustering model separated the data into clusters. 

Topic Modelling with LDA for clusters

Now that we have labeled data for each cluster, we trained multiple LDA models to extract words from each cluster and see the most frequent words in them. We segregated each cluster for both k = 7 and k = 3 clusters and extracted the words separately. This will give us the context of all our clusters and can be used to analyze the quality of the cluster. We will create 7 LDA models to train them on each cluster and store the most frequent words from them and perform a similar task to the 3 clusters with 3 different LDA models.

After modelling each LDA model to every cluster in both 7 and 3 clusters, we will iterate over each LDA model respective of the cluster they have used and extract the most frequent words from each cluster and store them in a list and ultimately save them in a text file separately. From these words we can identify what context or what topic is the document referring to. With the help of these words, we can also create a label with the help of an expert in the domain and later using it for evaluation.

Clustering results

Result Analysis

It can be seen that the data in 7 clusters (figure 9a) are segregated in a better way than that of data points in 3 clusters (figure 9b) as data points in 3 clusters are a little mixed up.

Figure 9 a: t-SNE representation of 7 clusters

The labeled plot gives better insight into how the papers are grouped. Interestingly, both k-means and t-SNE can agree on certain clusters even though they were running independently. The location of each paper on the plot was determined by t-SNE while the label (color) was determined by k-means. If we look at a particular part of the plot where t-SNE has grouped many articles forming a cluster, kmeans is likely uniform in the labeling of this cluster (most of the cluster is the same color). This behavior shows that structure within the literature can be observed and measured to some extent.

Figure 9 b: t-SNE representation of 3 clusters

Now there are other cases where the colored labels (k-means) are spread out on the plot (t-SNE). This is a result of t-SNE and k-means finding different connections in the higher dimensional data. The topics of these papers often intersect so it is hard to cleanly separate them. This effect can be observed in the formation of subclusters on the plot. These subclusters are a conglomeration of different k-means labels but may share some connection determined by t-SNE. This organization of the data does not act as a simple search engine. The clustering + dimensionality reduction is performed on the mathematical similarities of the publications. As an unsupervised approach, the algorithms may even find connections that were unapparent to humans. This may highlight hidden shared information and advance further research.

LDA results

The sets of most frequent words provided by the LDA model are shown below, for the dataset clustered with 7 clusters (figure 10a) and with 3 clusters (figure 10b). We provided the results to our mentor who has expertise in the same field to manually determine the topics using the words in each cluster. We can see that few words are repeated, it can be explained by the fact that all the abstracts belong to very closely related genres. In the 7 clusters, it can also be noticed that few topics are being observed from a different perspective. As you can see all the clusters except 1 and 4, all other clusters contain the term 'invasive' or 'invasion', however, 2 nd cluster talks about the plant's invasion and the 3 rd cluster takes a general approach and considers species invasion. 

(center block)

Community-level study of invasive species

Table 4: Topics for 7 clusters

Hence, it can be said that this workflow with a greater number of clusters is uncovering various topics in the literature.

If we take a look at the words for 3 clusters, which was the original number of divisions, in the 3 clusters, the word invasion is the most frequently used word as it is present in all clusters, however, it also tried to take a different perspective but not as defined as that of 7 clusters. Though the 3 rd cluster contains the word invasive there are 2 topics one is regarding plants and the other is climate change. (Refer to table 5). 

Cluste r

Classifier training

Though arbitrary, after running KMeans, the data is now 'labeled'. This means that now we can use supervised learning to see how well the clustering generalizes. This is just one way to evaluate the clustering. If k-means were able to find a meaningful split in the data, it should be possible to train a classifier to predict which cluster a given instance should belong to. To evaluate we will be using the following metric: Precision is the ratio of True Positives to True Positives + False Positives. This is the accuracy of positive predictions. Recall (also known as TPR) measures the ratio of True Positives to True Positives + False Negatives. It measures the ratio of positive instances that are correctly detected by the classifier [START_REF] Lingras | Precision and recall in rough support vector machines[END_REF].

F1 score is the harmonic average of precision and recall. F1 score will only be high if both precision and recall are high [START_REF] Fujino | Multi-label text categorization with model combination based on f1-score maximization[END_REF].

We used SGDClassifier with parameters (max_iter = 10000, tol = 1e-3, random_state = 42, n_jobs4) and trained it on the training data which is 80% of the total data, and evaluated the model using cross-validation [START_REF] Zhang | Model selection via multifold cross validation[END_REF] with 3 folds. After that to check the generalization of the model, we tested it on the remaining 20% of the data labeled as test data and compared the results of the evaluation of training and testing data to check if the model is overfitting or underfitting. After getting the satisfactory result from both training and testing metrics, we merged the data and trained a fresh SGDClassifier on it, and obtained the "Mean CV Score". The evaluation of both 7 clusters and 3 clusters was done separately (refer to table 6 for results).

Evaluation using SGDClassifier

After the evaluation of both the data, it can be concluded that the clustering performed on both 3 and 7 clusters are not random and they are seeing and uncovering some pattern and hence the classifier can generalize the data. In 7 Clusters, though the testing results are lesser than that of training data, it can be argued that the model is overfitting. However, the difference between the scores can be neglected for now. The higher accuracy of the 3 clusters can be explained by the fact that the original data is from 3 categories. Yet, the results for the 7 clusters are also promising.

Conclusion and Future Scope

We have attempted to cluster published literature from various fields and reduce the dimensionality of the dataset for visualization purposes. Grouping the literature in this way allows for professionals to quickly find material related to a central topic. The clustering of the data was done through k-means on a pre-processed, vectorized version of the literature's abstract text. As k-means simply split the data into clusters, topic modeling through LDA was performed to identify keywords. This gave the topics that were prevalent in each of the clusters. Both the clusters and keywords are found through unsupervised learning models and can be useful in revealing patterns that humans may not have even thought about. In no part of this project did we have to manually organize the papers: the results are due to latent connections in the data.

K-means (represented by colors) and t-SNE (represented by points) were able to independently find clusters, showing that relationships between papers can be identified and measured. Papers written on highly similar topics are typically near each other on the plot and bear the same k-means label. However, due to the complexity of the dataset, k-means and t-SNE will sometimes arrive at different decisions. The topics of much of the given literature are continuous and will not have a concrete decision boundary. This means that k-means and t-SNE can find different similarities to group the papers by. In these conditions, our approach performs quite well.

As this is an unsupervised learning problem, the evaluation of our work was not an exact science.

First, the plot was examined to assert that clusters were being formed. After being convinced of this, we examined the titles/abstracts of some of the papers in different clusters. For the most part, similar research areas were clustered. Our last evaluation method was classification. By training a classification model with the k-means labels and then testing it on a separate subset of the data, we could see that the clustering was not completely arbitrary as the classifier performed well.

Future Scope of Work

The work can be extended and include various state-of-art models like BERT [START_REF] Devlin | Bert: Pre-training of deep bidirectional transformers for language understanding[END_REF], OpenAI's GPT-3 [START_REF] Floridi | GPT-3: Its nature, scope, limits, and consequences[END_REF], and other Neural Network Architecture to grab the context of the paper. The genre of the papers can also be enlarged which can include mathematical formulas and symbols and along with NLP a model of MLP can be stacked to consider the numerical values for the classification process. As the field itself is new, more research into this can lead to fast-forwarding the process of research and analyses. First the number of topics to discover is selected. (Similar to when we specify the number of clusters, we wish our clustering algorithm to consider)

ANNEXURES

2)

Once the number of topics is selected, LDA will go through each of the words in each of the documents, and it will randomly assign the word to one of the K topics. After this step, we will have topic representations (how the words are distributed in each topic) and documents represented in terms of topics (Just like the above example, where we said Sentence or Document C is 30% about Topic 1 and 70% about Topic 2.) Now, the thing is, the assignment of words to topics, was done in a random form, so of course this obtained representation is not very optimal or accurate.

To better this representation LDA will analyze per document: what is the percentage of words within the document that were assigned to a particular topic. And for each word in the document, LDA will analyze over all the documents, what is the percentage of times that particular word has been assigned to a particular topic. LDA will therefore be calculating: 
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 1 Figure 1: Kmeans algorithm

  en_core_sci_mdA full spaCy pipeline for biomedical data with a larger vocabulary and 50k word vectors. en_core_sci_scibert A full spaCy pipeline for biomedical data with a ~785k vocabulary and allenai/scibert-base as the transformer model. en_core_sci_lg A full spaCy pipeline for biomedical data with a larger vocabulary and 600k word vectors. en_ner_craft_md A spaCy NER model trained on the CRAFT corpus. en_ner_jnlpba_md A spaCy NER model trained on the JNLPBA corpus. en_ner_bc5cdr_md A spaCy NER model trained on the BC5CDR corpus. en_ner_bionlp13cg_md A spaCy NER model trained on the BIONLP13CG corpus.

  in Annexure for the algorithm). After the training LDA creates a matrix that contains all the topics based on the weights of the words. An example of a result Matric of LDA training is shown in figure 3.
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 3 Figure 3: Latent Dirichlet Allocation output matrix
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 5a Figure 5a: Absolute word count
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 7 Figure 7: t-SNE's 2D representation of processed text
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 8 Figure 8: LDA for clusters

Figure 10 a

 10 Figure 10 a: Frequent words for 7 clusters

1species management 2 biochemistry of plant invasion 3 climate change and plants Table 5 :

 5 Figure 10 b: Frequent words for 3 clusters

Figure 1 :

 1 Figure 1: Latent Dirichlet Allocation algorithm

  t | document d) = percentage of words in a document d that are currently assigned to topic t. 2) p(word w | topic t) = percentage of times the word w was assigned to topic t over all documents. LDA will decide to move a word w from topic A to topic B when: p(topic A | document d) * p(word w | topic A) p(topic B | document d) * p(word w |topic B) After a while, LDA "converges" to a more optimal state, where topic representations and documents represented in terms of these topics are ok.
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 2 Figure 2: Tf-Idf matrix

  

  

  

  

  

  

  

  

Recall 90.539 81.837 92.792 90.074 F1 Score 91.284 84.644 93.360 90.149Table 6 :

 6 The Mean CV score after merging both training and testing data is 94.796% for 3 clusters data and 91.209% for 7 clusters. SGDClassifier Evaluation Result

	Metric	7		3	
		Clusters		Clusters	
		Training	Testing	Training	Testing
		(%)	(%)	(%)	(%)
	Accurac	90.615	84.095	94.484	90.773
	y				
	Precision	92.103	88.707	93.963	90.261