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Introduction 
In an era of personalization, content publishers are in a race to better understand their visitors in to push the right content in the right time. Also, increased literacy about the data value chain called for better user profiling to enhance user targeting. Different recommendation algorithms are used, each with a special logic, demonstrating strengths relative to some types of readers and for different content styles. However, there is a big limitation in recommendation engines that target the complicated Arabic language and analytics/insights relative to it. In my PhD, an Arabic recommendation engine that deploys four different algorithms will be developed (content based, collaborative, trending and random). The direction is to enhance existing evaluation models by emphasizing the relationship between users and content deploying natural language enrichment techniques.

Theoretical framework & Research questions
To better understand online content consumers without violating their privacies and allow content publishers to make actionable insights, this work aims to develop a smart, enriched recommendation engine, fully functional on online articles, with 4 different logics (collaborative, content based, trending and random) along with a dashboard that allows deep diving into the analytics-highlighting the value of the recommendations. Collaborative filtering is among the most commonly used algorithms for recommending content, deriving the logic of the crowd and using the witnessed patterns to suggest it to lookalikes (Gupta and Gadge 2014, 3) and (Cheung, Lam, She & Tao 2014, 3). This logic has not been efficiently tested on Arabic content for unknown users and in compliance with GDPR. Similarly, the content based logic recommends new pieces of content with high similarity functions assuming that one can be interested in topics he usually reads. When it comes to Arabic tested logics, the focus is always on the user similarities and not on the relationship between items or using cosine vector similarity as presented by many papers (Tewari, Kumar & Barman 2014, 1) and (Ren, Zhang & Zhu  2016, 2). The effect of geographic locations (Gupta and Gadge 2014, 6), when combined with trending topics in the collaborative approach are rarely tested on Arabic content as presented in the case study about Sudan (Kashef, Osman, Sabr & Samani 2017, 5). In the examined literature, we hardly found assessment models that stress the relationship between user behavior/consumption of content and user engagement. Available analytics platforms such as Google analytics are too complicated for deep analytics by journalists especially segmentation and clustering steps needed to derive well-structured insights. Traditionally, adopted approaches rely on calculating the difference between predicted ratings and the actual ratings (Aggarwal, Parhi & Pal 2017, 2) and forecast test scores (Xu & Zhang 2017, 3) or ( Kharita, Kumar and Singh 2018, 3).  Finally, majority of existing Arabic natural language processing works are still being improved and thus and require more testing as mentioned in recent journals (Armouty & Tedmori 2019, 4) and (Al-Ghamdi, Al-Khalifa & Khabti 2017, 2). So will collaborative filtering algorithms give good results for Arabic recommendations vs content based approaches? When combined to these algorithms, will the geographic locations of users and trending tags on the website affect the click through rate? How effective will these approaches be when tested on anonymous users to remain compliant with GDPR? How can the existing NLP limitations on Arabic language be mitigated?

Methodology & Discussion
[bookmark: _GoBack]After an extensive literature review along with an assessment to possible testing capabilities on real websites(leading websites in the MENA region addressing different themes such as Kooora.com, strive.me, yawmiyati.com for 6 months) , I outline the main technical steps after benchmarking with the lambda architecture (Numnonda 2017, 3). Data will be collected from websites using a scalable backend java web service that handles millions of requests, sending it to a messaging system where a scalable (on demand) processing server ingests the logs. In this phase, an Apache beam (a parallel processing library) is used and I deploy it to Google dataflow. The clean processed data is saved to big query(map reduce) which is used as a  data warehouse that can query petabytes of data in seconds building the blind profiles of users. My recommendation engine reads the data from big query and generate user profiles, similar to the approach presented in the Correlation based similarity calculation formula by Liu and Wu (Liu & Wu 2019, 3) and then it generates recommendations based on latest articles, serving the results in widgets, matching between the two profiles. Different optimization techniques to user group selection were considered before adopting this approach, including the clustering approach presented by Xia (Hong-xia 2019, 3) and (He, Huangg, Yang &Zheng 2016, 3). Impressions and clicks of recommendations are stored as events to be used in widget performance reports. For enriching the profiles, web crawlers are used to bring in new articles and read posts metadata, save it to big query to be used in the pushing new recommendations.
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