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ABSTRACT 

 

This paper describes our work which is based on discovering context for text document 

categorization.The document categorization approach is derived from a combination of a learning 

paradigm known as relation extraction and an technique known as context discovery. We demonstrate 

the effectiveness of our categorization approach using reuters 21578 dataset and synthetic real world data 

from sports domain. Our experimental results indicate that the learned context greatly improves the 

categorization performance as compared to traditional categorization approaches. 
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ABSTRACT 

 

The ongoing rapid growth of web information is a theme of research in many papers. In this paper, we 

introduce a new optimized method for web crawling. Using genetic programming enhances the accuracy 

of simialrity measurement. This measurement applies to different parts of the web pages including thetitle 

and the body. Consequently, the crawler uses such optimized similarity measurement to traverse the pages 

.To enhance the accuracy of crawling, we use the decay concept to limit the crawler to theeffective web 

pages in accordance to search criteria. The decay measurements give every page a score according to the 

search criteria. It decreases while traversing in more depth. This value could be revised according to the 

similarity of the page to the search criteria. In such case, we use three kinds of measurement to set the 

thresholds. The results show using Genetic programming along the dynamic decay thresholds leads to the 

best accuracy. 
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ABSTRACT 

 

This project is to produce a repository database system of drugs, drug features (properties), and drug 

targets where data can be mined and analyzed. Drug targets are different proteins that drugs try to bind 

to stop the activities of the protein. Users can utilize the database to mine useful data to predict the specific 

chemical properties that will have the relative efficacy of a specific target and the coefficient for each 

chemical property. This database system can be equipped with different data mining 

approaches/algorithms such as linear, non-linear, and classification types of data modelling. The data 

models have enhanced with the Genetic Evolution (GE) algorithms. This paper discusses implementation 

with the linear data models such as Multiple Linear Regression (MLR), Partial Least Square Regression 

(PLSR), and Support Vector Machine (SVM). 
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ABSTRACT 

It is well known that solar energetic phenomena influence the Space Weather, in special those directed to 

the Earth environment. In this context, the analysis of Solar Data is a challenging task, particularly when 

are composed of Satellite Image Time Series (SITS). It is a multidisciplinary domain that generates a 

massive amount of data (several Gigabytes per year). It includes image processing, spatiotemporal 

characteristics, and the processing of semantic data. Aiming to enhance the SITS analysis, we propose an 

algorithm called "Miner of Thematic Spatiotemporal Associations for Images" (MiTSAI), which is an 

extractor of Thematic Spatiotemporal Association Rules (TSARs) from Solar SITS. Here, a description 

is given about the details of the modern algorithm MiTSAI, which is an extractor of Thematic 

Spatiotemporal Association Rules (TSARs) from solar Satellite Image Time Series (SITS). In addition, 

its adaptation to the Space Weather and discussion about the specific use in favor of forecasting activities 

are presented. Finally, some results of its application specifically to solar flare forecasting are also 

presented. MiTSAI has to extract interesting new patterns compared with the art-state algorithms. 
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ABSTRACT 

 

In recent years, the big data has attracted more and more attention. It can bring us more information and 

broader perspective to analyse and deal with problems than the conventional situation. However, so far, 

there is no widely acceptable and measurable definition for the term “big data”. For example, what 

significant features a data set needs to have can be called big data, and how large a data set is can becalled 

big data, and so on. Although the "5V" description widely used in textbooks has been tried to solve the 

above problems in many big data literatures, "5V" still has significant shortcomings and limitations, and 

is not suitable for completely describing big data problems in practical fields such as industrial 

production. Therefore, this paper creatively puts forward the new concept of data cloud and the data 

cloud-based "3M" descriptive definition of big data, which refers to a wide range of data sources 

(Multisource), ultra-high dimensions (Multi-dimensional) and a long enough time span (Multi- 

spatiotemporal). Based on the 3M description of big data, this paper sets up four typical application 

paradigms for the production big data, analyses the typical application of four paradigms of big data, and 

lays the foundation for applications of big data from petrochemical industry. 
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ABSTRACT 

 

Big Data creates many challenges for data mining experts, in particular in getting meanings of text data. 

It is beneficial for text mining to build a bridge between word embedding process and graph capacity to 

connect the dots and represent complex correlations between entities. In this study we examine processes 

of building a semantic graph model to determine word associations and discover document topics. We 

introduce a novel Word2Vec2Graph model that is built on top of Word2Vec word embedding model. We 

demonstrate how this model can be used to analyze long documents, get unexpected word associations 

and uncover document topics. To validate topic discovery method we transfer words to vectors and 

vectors to images and use CNN deep learning image classification. 
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ABSTRACT 

 

Quantum clustering (QC), is a data clustering algorithm based on quantum mechanics which is 

accomplished by substituting each point in a given dataset with a Gaussian. The width of the Gaussian is 

a σ value, a hyper-parameter which can be manually defined and manipulated to suit the application. 

Numerical methods are used to find all the minima of the quantum potential as they correspond to cluster 

centers. Herein, we investigate the mathematical task of expressing and finding all the roots of the 

exponential polynomial corresponding to the minima of a two-dimensional quantum potential. This is an 

outstanding task because normally such expressions are impossible to solve analytically. However, we 

prove that if the points are all included in a square region of size σ, there is only one minimum. This 

bound is not only useful in the number of solutions to look for, by numerical means, it allows to to propose 

a new numerical approach “per block”. This technique decreases the number of particles by 

approximating some groups of particles to weighted particles. These findings are not only useful to the 

quantum clustering problem but also for the exponential polynomials encountered in quantum chemistry, 

Solid-state Physics and other applications. 
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ABSTRACT 

 

Graph structure is a very powerful tool to model system and represent their actual shape. For instance, 

modelling an infrastructure or social network naturally leads to graph. Yet, graphs can be very different 

from one another as they do not share the same properties (size, connectivity, communities, etc.) and 

building a system able to manage graphs should take into account this diversity. A big challenge 

concerning graph management is to design a system providing a scalable persistent storage and allowing 

efficient browsing. Mainly to study social graphs, the most recent developments in graph partitioning 

research often consider scale-free graphs. As we are interested in modelling connected objects and their 

context, we focus on partitioning geometric graphs. Consequently our strategy differs, we consider 

geometry as our main partitioning tool. In fact, we rely on Inverse Space-filling Partitioning, a technique 

which relies on a space filling curve to partition a graph and was previously applied to graphs essentially 

generated from Meshes. Furthermore, we extend Inverse Space-Filling Partitioning toward a new target 

we define as Wide Area Graphs. We provide an extended comparison with two state-of-the-art graph 

partitioning streaming strategies, namely LDG and FENNEL. We also propose customized metrics to 

better understand and identify the use cases for which the ISP partitioning solution is best suited. 

Experimentations show that in favourable contexts, edge-cuts can be drastically reduced, going from more 

34% using FENNEL to less than 1% using ISP. 
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ABSTRACT 

 

The purpose of this retrospective study is to measure machine learning models' ability to predict glaucoma 

drainage device failure based on demographic information and preoperative measurements. The medical 

records of 165 patients were used. Potential predictors included the patients' race, age, sex, preoperative 

intraocular pressure (IOP), preoperative visual acuity, number of IOP-lowering medications, and number 

and type of previous ophthalmic surgeries. Failure was defined as final IOP greater than 18 mm Hg, 

reduction in intraocular pressure less than 20% from baseline, or need for reoperation unrelated to normal 

implant maintenance. Five classifiers were compared: logistic regression, artificial neural network, 

random forest, decision tree, and support vector machine. Recursive feature elimination was used to 

shrink the number of predictors and grid search was used to choose hyperparameters. To prevent leakage, 

nested cross-validation was used throughout. With a small amount of data, the best classfier was logistic 

regression, but with more data, the best classifier was the random forest. 

 

 

Full Text: https://aircconline.com/ijdkp/V11N1/11121ijdkp01.pdf 

 

 

REFERENCES 

 
[1] D. L. Budenz et al., “Five-Year Treatment Outcomes in the Ahmed Baerveldt Comparison Study,” 

Ophthalmology, vol. 122, no. 2, pp. 308–316, Feb. 2015, doi: 10.1016/j.ophtha.2014.08.043. 

 

[2] A. Achiron et al., “Predicting Refractive Surgery Outcome: Machine Learning Approach With Big Data,” 

J Refract Surg, vol. 33, no. 9, pp. 592–597, Sep. 2017, doi: 10.3928/1081597X-20170616-03. 

 
[3] M. Rohm et al., “Predicting Visual Acuity by Using Machine Learning in Patients Treated for Neovascular 

Age-Related Macular Degeneration,” Ophthalmology, vol. 125, no. 7, pp. 1028–1036, Jul. 2018, doi: 

10.1016/j.ophtha.2017.12.034. 

 
[4] M. A. Valdes-Mas, J. D. Martin, M. J. Ruperez, C. Peris, and C. Monserrat, “Machine learning for 

predicting astigmatism in patients with keratoconus after intracorneal ring implantation,” in IEEEEMBS 

International Conference on Biomedical and Health Informatics (BHI), Valencia, Spain, Jun. 2014, pp. 756– 

759, doi: 10.1109/BHI.2014.6864474. 

 
[5] S.-F. Mohammadi et al., “Using artificial intelligence to predict the risk for posterior capsule opacification 

after phacoemulsification:,” Journal of Cataract & Refractive Surgery, vol. 38, no. 3, pp. 403–408, Mar. 2012, 

doi: 10.1016/j.jcrs.2011.09.036. 

 
[6] M. Gupta, P. Gupta, P. K. Vaddavalli, and A. Fatima, “Predicting Post-operative Visual Acuity for LASIK 



Surgeries,” in Advances in Knowledge Discovery and Data Mining, vol. 9651, J. Bailey, L. Khan, T. Washio, 

G. Dobbie, J. Z. Huang, and R. Wang, Eds. Cham: Springer International Publishing, 2016, pp. 489–501. 

 
[7] R. Koprowski, M. Lanza, and C. Irregolare, “Corneal power evaluation after myopic corneal refractive 

surgery using artificial neural networks,” BioMed EngOnLine, vol. 15, no. 1, p. 121, Dec. 2016, doi: 

10.1186/s12938-016-0243-5. 

 

[8] R. P. McNabb, S. Farsiu, S. S. Stinnett, J. A. Izatt, and A. N. Kuo, “Optical Coherence Tomography 

Accurately Measures Corneal Power Change from Laser Refractive Surgery,” Ophthalmology, vol. 122, no. 

4, pp. 677–686, Apr. 2015, doi: 10.1016/j.ophtha.2014.10.003. 

 

[9] C. Bowd et al., “Predicting Glaucomatous Progression in Glaucoma Suspect Eyes Using Relevance 

Vector Machine Classifiers for Combined Structural and Functional Measurements,” Invest. Ophthalmol. Vis. 

Sci., vol. 53, no. 4, p. 2382, Apr. 2012, doi: 10.1167/iovs.11-7951. 

 

[10] J. Lee, Y. K. Kim, J. W. Jeoung, A. Ha, Y. W. Kim, and K. H. Park, “Machine learning classifiers-based 

prediction of normal-tension glaucoma progression in young myopic patients,” Jpn J Ophthalmol, vol. 64, no. 

1, pp. 68–76, Jan. 2020, doi: 10.1007/s10384-019-00706-2. 

 

[11] S. L. Baxter, C. Marks, T.-T. Kuo, L. Ohno-Machado, and R. N. Weinreb, “Machine LearningBased 

Predictive Modeling of Surgical Intervention in Glaucoma Using Systemic Data FromElectronic Health 

Records,” American Journal of Ophthalmology, vol. 208, pp. 30–40, Dec. 2019, doi: 

10.1016/j.ajo.2019.07.005. 

 

[12] D. Krstajic, L. J. Buturovic, D. E. Leahy, and S. Thomas, “Cross-validation pitfalls when selecting and 

assessing regression and classification models,” J Cheminform, vol. 6, no. 1, p. 10, Dec. 2014, doi: 

10.1186/1758-2946-6-10. 

 

[13] F. Pedregosa et al., “Scikit-learn: Machine Learning in Python,” arXiv:1201.0490 [cs], Jun. 2018, 

Accessed: Nov. 22, 2020. [Online]. Available: http://arxiv.org/abs/1201.0490. 

 

[14] M. Kuhn, “Building Predictive Models in R Using the caret Package,” J. Stat. Soft., vol. 28, no. 5, 2008, 

doi: 10.18637/jss.v028.i05. 

 

[15] P.-N. Tan, M. Steinbach, and V. Kumar, Introduction to data mining, 1st ed. Boston: Pearson Addison 

Wesley, 2006. 

 

[16] “The advanced glaucoma intervention study (AGIS)*113. Comparison of treatment outcomes within 

race: 10-year results,” Ophthalmology, vol. 111, no. 4, pp. 651–664, Apr. 2004, doi: 

10.1016/j.ophtha.2003.09.025. 

 
[17] D. Broadway, I. Grierson, and R. Hitchings, “Racial differences in the results of glaucoma filtration 

surgery: are racial differences in the conjunctival cell profile important?,” British Journal of Ophthalmology, 

vol. 78, no. 6, pp. 466–475, Jun. 1994, doi: 10.1136/bjo.78.6.466. 

 

[18] K. Inoue, “Managing adverse effects of glaucoma medications,” OPTH, p. 903, May 2014, doi: 

10.2147/OPTH.S44708. 

http://arxiv.org/abs/1201.0490


PETROCHEMICAL PRODUCTION BIG DATA AND ITS FOUR TYPICAL 

APPLICATION PARADIGMS 

 
Hu Shaolin* , Zhang Qinghua, Su Naiquan, and Li Xiwu 

 

Guangdong University of Petrochemical Technology, Maoming, Guangdong, China 

ABSTRACT 

In recent years, the big data has attracted more and more attention. It can bring us more information and 

broader perspective to analyse and deal with problems than the conventional situation. However, so far, 

there is no widely acceptable and measurable definition for the term “big data”. For example, what 

significant features a data set needs to have can be called big data, and how large a data set is can be 

called big data, and so on. Although the "5V" description widely used in textbooks has been tried to solve 

the above problems in many big data literatures, "5V" still has significant shortcomings and limitations, 

and is not suitable for completely describing big data problems in practical fields such as industrial 

production. Therefore, this paper creatively puts forward the new concept of data cloud and the data 

cloud-based "3M" descriptive definition of big data, which refers to a wide range of data sources 

(Multisource), ultra-high dimensions (Multi-dimensional) and a long enough time span (Multi- 

spatiotemporal). Based on the 3M description of big data, this paper sets up four typical application 

paradigms for the production big data, analyses the typical application of four paradigms of big data, and 

lays the foundation for applications of big data from petrochemical industry. 
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ABSTRACT 

 

This paper focuses on a referring expression generation (REG) task in which the aim is to pick out an 

object in a complex visual scene. One common theoretical approach to this problem is to model the task 

as a two-agent cooperative scheme in which a ‘speaker’ agent would generate the expression that best 

describes a targeted area and a ‘listener’ agent would identify the target. Several recent REG systems 

have used deep learning approaches to represent the speaker/listener agents. The Rational Speech Act 

framework (RSA), a Bayesian approach to pragmatics that can predict human linguistic behavior quite 

accurately, has been shown to generate high quality and explainable expressions on toy datasets involving 

simple visual scenes. Its application to large scale problems, however, remains largely unexplored. This 

paper applies a combination of the probabilistic RSA framework and deep learning approaches to larger 

datasets involving complex visual scenes in a multi-step process with the aim of generating better- 

explained expressions. We carry out experiments on the RefCOCO and RefCOCO+ datasets and compare 

our approach with other endto-end deep learning approaches as well as a variation of RSA to highlight 

our key contribution. Experimental results show that while achieving lower accuracy than SOTA deep 

learning methods, our approach outperforms similar RSA approach in human comprehension and has an 

advantage over end-to-end deep learning under limited data scenario. Lastly, we provide a detailed 

analysis on the expression generation process with concrete examples, thus providing a systematic view 

on error types and deficiencies in the generation process and identifying possible areas for future 

improvements. 
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