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Online learning resources and learning media are growing more popular.
Each site has a variety of courses. This makes it difficult to obtain information and
decide whether or not to enroll in a course. The recommendation system is a system
component that automatically recommends courses based on the learners who enrolled
in and rated each course. This work is presented as a Coursera platform case study.
The purpose of this research is to compare techniques such as content-based filtering
using cosine similarity techniques with a course detail dataset and collaborative filtering
with learner ratings using Surprise libraries to build a model using algorithms such as
SVD, SVD++, NMF, SlopeOne, Co-Clustering, and BaselineOnly. The accuracy of the
collaborative filtering model was determined by comparing the predicted ratings of Root
Mean Square Error (RMSE) and Mean Absolute Error (MAE) (MAE). The SVD algorithm
got the lowest RMSE and MAE values of 0.6779 and 0.4374, respectively, according to
the results. Learners can search for and receive recommendations that go beyond the
boundaries of a single methodology by merging content-based filtering and

collaborative filtering strategies into a hybrid recommendation system.
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How to choose the right Pythion course(s)

Hi

I'm new to Coursera and interested in learning Python. I've already had some training in a boot camp for about a week so I'm
probably still a beginner.

I've just done a search for Python and find 430 courses ! My problem is trying to choose the right beginner course.
“Programming for Everybody (Getting Started with Python)” but that seems to be a bit too basic for me.

Can anyone advise me on how to select a course at the appropriate level without having to enrol, watch videos and read for a
few hours before i can decide whether or not its right for me.

I'm looking for a learning path, probably to take me up to advanced level.

Thank you
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Term Frequency (TF)
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e
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f(ti,dj) fe SruauresAfisnglenans
Inverse Document Frequency (IDF)
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_ N(d)
IDF (t;) = log NeD 2)
Taeii
d A8 Document J3alanansvavun

N(ti,d;) feswuwenasidanisng
ANUUAIUINATDY TF WAz IDF 1nvinnisuiuLivant TF-IDF

Weight 2e3Atiue] vinliansnsnuanAndrAryaanun ldazaainannig (3)
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TF — IDF = TF (t,d) * IDF (t;) @)
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2.2.1.2 N19IAANNARIEARY (Cosine Similarity)
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n
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Cosine Similarity(A,B) = | (4)
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ATRUUNINEUATAINTLEINU 199810170 UINININTAIUIUNT Cosine Similarity AN
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annnaglddnsatisnaesivaesndnaadeiunan el Faumeuiy Sara uaz Therese



17

Sara
Therese 4 A

Helle 2 5

ndsznay 11 nsliazuuuaesdldanu

11 : (Falk, 2019, p. 159)

Therese
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/
/
/
/
L /o L

— The smaller the
R —— angle between the
T - vectors the more
0 . . . . ; similar are the users’
o 1 2 3 4 5 6 tastes.
The Time Traveler’s Wite ratings

AMndsznay 12 uaAIANANRUTIBNNITNTN Ratings Vectors
11 : (Falk, 2019, p. 160)

2.2.2 \WATANISNTAITRYAULLNININ LE5I3

2.2.2.1 nswenAqlsznauwNvsng (Matrix Factorization)

. . . A o a val dl @
Matrix Factorization A® N1TLeNA2UI2NaUUBINNINT LHNIUIANLAN
asanen InenanuaeNyEndtas azlAyiniumvsngaIsiu nsld Matrix Factorization
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Matrix Factorization % azifuns Represent Latent Feature 283 User LLAT Item ‘ll/uj
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— Second
Uy | upa [ row
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S - =
N
& v \

/ ¥
u Second — R cell (2,2)
column

T2 4l

Andsznau 13 Matrix Factorization
11 : (Falk, 2019, p. 293)

2.2.2.1.1 Singular-value decomposition (SVD)
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11 : (Falk, 2019, p. 294)

2.2.2.1.2 Non-negative Matrix Factorization (NMF)
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nwsznay 15 Non-negative Matrix Factorization (NMF)
1w : (Aggarwal, 2016, p.122)

2.3 N199AUSLRNENNARILLLIANARD
2.3.1 Root Mean Squared Error (RMSE)

Root Mean Squared Error (RMSE) Aa AMNAAIAAARLLAENA948 11
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1. UNAIMNNIFINYULTAI A Hybrid Recommender System for E-learning
based on Context Awareness and Sequential Pattern Mining Tas Tarus, J. K., et al.

(Tarus, Niu, & Kalui, 2017)
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a N5l Precision, Recall wa F1-Measure WWan19984n17huzinninaue sauanali
@ KR a a tﬂld tﬂl = o Qd-dl
Winnalse@ninmindeTauaui LR teun

2. UNAITNNITARELTA Hybrid Recommender System for Learning
Material Using Content-Based Filtering and Collaborative Filtering with Good Learners’
Rating Tne R Turnip, D. Nurjanah and D. S. Kusumo (Turnip, Nurjanah, & Kusumo,
2017)
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3. UNA21NN15298 1589 A Personalized Recommendation System with
Combinational Algorithm for Online Learning Tas Xiao, J., Wang, M., Jiang, B. et al.
(Xiao, Wang, Jiang, & Li, 2017)
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4. UNANNI5IAE L“'i:'m A Hybrid Recommendation Algorithm Adapted in
E-learning Environments Tas Chen, W., Niu, Z., Zhao, X. et al. (Chen, Niu, Zhao, & Li,
2012)
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5. UNANNNTI9IR8L5A9 A Recommender Model in E-learning Environment
Ta s Bourkoukou, O., El Bachari, E. & El Adnani, M. (Bourkoukou, El Bachari, &
El Adnani, 2016)
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6. UNA2INNT9I98LFAY Recommender System for Big Data in Education
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for e-learning based on context ~ Sequential Pattern Mining
awareness and sequential (SPM) 1az Collaborative
pattern mining Filtering (CF) Algorithm
2017 R. Turnip, D. Hybrid Recommender System Content-based Filtering, CBF-CF-GL aﬂfi’]‘?‘i
Nurjanah and D. for Learning Material Using Collaborative Filtering, MAE = 0.447
S. Kusumo Content-Based Filtering and Good Learner’'s Rating
Collaborative Filtering with
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2017 Bourkoukou, O., EI A Recommender Model in E- Collaborative Filtering, Algebra Dataset
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2017 Surabhi Dwivedi, Recommender System for Big Collaborative Filtering, RMSE = 0.425

Dr Kumari Roshni,

Data in Education
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Data Collection
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course_no course_name date_reviews rating reviews user_id
66 A Crash Course in Causality: Inferring Causal...  Sep 29, 2019 1 Can not download slides which make the source ... 72312

66 A Crash Course in Causality: Inferring Causal...  Nov 28, 2019 3 Clear deliver of engaging content. Very disapp... 21226

1633 English for Career Development  Aug 08, 2020 5 A simple yet great course for people who are s 21226

1879 Forensic Accounting and Fraud Examination Apr 02 2018 5 Agood course which outline basics and fundame... 21226

2104 Getting Started with Google Kubernetes Engine  Dec 09, 2019 5 Leamed Kubernetes and CD 21226
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Programming for Everybody (Getfing Starled wit...  14063.0 Undefined Undefined
Machine Learning 114570 Data Science Machine Learning

Neural Networks and Deep Leaming  11330.0 Data Science Machine Learning

Leaming How o Learn: Powerful mental tools t...  11045.0 Undefined Undefined
Technical Support Fundamentals 10903.0 Informafion Technology Support and Operations
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5159 =SeE (v [Game Theory', 'Strategic Thinking', 'Competi... Business Business Strategy
5160 EER [ Computer Science Algorithms
5161 E £S5 517 Design and Analysis of Algorithms [ Computer Science Algorithms
5162 = [ Computer Science Software Development

5163

[ Computer Science Software Development

5164 £T#EE5(The Red Chamber Dream) [ Arts and Humanities Philesophy

5165 $THEEE EHeST=E (The Red Chamber Dream (2)) [ Ars and Humanities Philosophy
5166 (EERERS: HESTHE (Introduction to Economics: Incenti... ] Social Sciences Economics
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51 30 Interaction Design in Virfual Reality  design interaction virtual reality
52 30 Interactions and Mavigation interactions navigation

53 3D Model Creation with Autodesk Fusion 360 autedesk creation fusion model

24 30 Medels for Virtual Reality reality models virtual
55 30 Printing Applications prinfing applications
56 30 Printing Capstone capstone printing
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Course Data

Data Exploration

Content-based
Course_name TF-IDF Vectorizer Cosine Similarity Filtering

Recommendation

r

Pre-Processing

nwtlsznay 32 NS NHLLAIAIANINATIANIINIBNTBYARNTIBYN

ab abc abdomen ableton abogado aborigin abstract ac acad academ

113 00 00 0.0 0.0 0.0 0.0 0.0 0.0 00 0594398
114 00 0.0 0.0 0.0 0.0 0.0 0.0 0.0 00 0561659
115 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0518411
116 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 00 0711078
117 00 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 052959
1630 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 00 0437405
2037 00 0.0 0.0 0.0 0.0 0.0 0.0 0.0 00 0641174
4658 00 0.0 0.0 0.0 0.0 0.0 0.0 0.0 00 0553785
5225 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 00 08675173
53%6 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 00 0470245
5529 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0566432
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course_no course_name category sub_category similar_score
3238 Multi-Axis CNC Toolpaths  Physical Science and Engineering Mechanical Engineering 0.542246
2588 Introduction to CAD, CAM, and Practical CNC Ma... Physical Science and Enginearing Mechanical Engineering 0.276406
177 Creating Innovation Business Leadership and Management 0.195944
1116 Create Your First Python Program Computer Science Software Development 0.172020
1188 Creating a Portfolio Business Finance 0.169083
3650 Project: Creating Your First C++ Application Computer Science Software Development 0.168240
1118 Create a 5s System in Google Sheets Business Business Strategy 0.165317
1113 Create Your First Game with Python Computer Science Software Development 0.165105
1110 Create Your First Application with Java Using .. Computer Science Software Development 0.126441
1168 Create basic behavior with C# in Unity Computer Science Software Development 0.123424

nwilsznay 36 nawuzinedn inglddasyataseta

course_no course_name category sub_category course_skills sub_course_list
1238 Multi-Axis CNC Toclpaths ~ Physical Science and Engineering Mechanical Engineeri [Computer-aided ing’, 'Engi 1
2679 Introduction to Mechanical Engineering Design .. Physical Science and Engineeri i jneering  [Autodesk’,” ing Process i
a4 3-Axis Machining with Autodesk Fusion 360 Physical Science and Engineeri i jneering [1 ing Process ', "Computer. 1
2043 Generative Design for Additive Manufacturing  Physical Science and m ing Process ', "Computer i
2588 Introduction to CAD, CAM, and Practical CNC Ma... Physical Science and o ing Process ', "Computer. i
5539 Autodesk CAD/CAM for Manufacturing Undefined Undefined  [Autodesk’,'Computer-Aided Design (CAD),'C... [ Introduction to CAD, CAM, and Practical CNC.
3083  Manufacturing Process with Autodesk Fusion 360 Physical Science and Engineering  Mechanical Engineering i i
754 CAM and Design Manufacturing for Mechanical En... Physical Science and [Computer-Aided Design (CAD), 'Computer-Aide. i
2044 Generative Design for Industrial Applications  Physical Science and [Computer-Aided Design (CAD)’ ‘Autodesk Fusi i
2046 Generative Design for Performance and Weight R... Physical Science and r Process . ‘product i
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sz@nsninaessanesnu Ineld Root Mean Square Error (RMSE) was Mean Absolute
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[ %
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r_score
02815374
0725241
0714286
0.714286
0713024
0.709208
0654654
0642857
0.642857
0.621059
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AN914 5 N13Ueelul 2L AN NInaRIs ANa NN

Algorithm RMSE MAE
Baseline 0.673 0.4377
SVD 0.6779 0.4375
SVD++ 0.677 0.4388
NMF 0.8462 0.6208
Slope One 0.7415 0.4681
Co-Clustering 0.766 0.4685

Comparison of Algorithms on RMSE and MAE
0.8426

Value

Baseline SVDpp NMF SlopeOne CoClustering
Algorithms
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n_epochs: [15, 25]
Ir_all: [0.009, 0.01]
reg_all: [0.5, 0.9]
n_factors: [15, 30]
AuFUNadNg199N19U5uquNsTmes Taen19vin 5 Folds Cross-Validation A1n
N3 GridSearch 1848 aN8371N SVD, SVD++ WU31A 18911 mef il Anefiunnniing

17N 6

M1979 6 WAAIAN Best Parameter ANN19Lfuqunlmes

Algorithm Evaluation n_epochs Ir_all reg_all n_factors
SvD RMSE 15 0.009 0.5 15
MAE 25 0.01 0.5 15
SVD++ RMSE 15 0.009 0.5 30
MAE 25 0.01 0.5 15

ANHUAIEINIHLRa lAannsUiuquin ldiugadays Testing Data uazin
152ANNINVRITANEINNUDI SVD waz SVD++ nudn liumns1efiu GaninisilSauiey

1se@ninnineld RMSE A lananisiFeuiieinanesanisng 7

A3 7 LAALIZANENINABILLLANAD

Algorithm Train Set Test Set
SVD 0.6755 0.6768
SVD++ 0.6759 0.6768
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predictions ﬁ@ﬂ'ﬂﬂumuﬁmmmm UL D189 SVD

1 hb_user , hb_collaborative, hb_recommend = hybrid_recommend (286193, interactions,course_df,ratings_df,5)
2 hb_user.head()

User 286193 has already rated 1 Course.
Successed 1 Course.

user_id course_no rating x course_name category sub_category

0 286193 2703 5 Introduction to Programming with MATLAB  Computer Science  Software Development

nwisenau 39 nsAumLsediRaesg 3 286193

1 hb_collaborative

course_no predictions course_name category sub_category
0 1232 4.947103 Cultural Competence - Aboriginal Sydney Arts and Humanities History
1 579 4919783 Bugs 101: Insect-Human Interactions Health Basic Science
2 1577 4917183  El Abogado del Futuro: Legaltech y la Transfor... Business Leadership and Managemesnt
3 612 4906832 Build a Modern Computer from First Principles: Computer Science Software Developmeant
4 4658 4900740 \Writing in the Sciences Health Basic Science

nwilsgnau 40 Msuuziieitnlnamatianisnsasdayauiuiana g sananag e

286193

o 1 2 v ndl v al o 1 v = a

AIBLNNNTAUNIRINLTUUAUN 2 BILTEIUTUR 4412 wudnlannisaanzideuizey 6
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ANEATIAINNINUTE N 41 arnduszuuleninisuustinsng lag lEmatian1ansas

v

BYALLUNNNF I EFINAINULILANA89289 SVD AMNNIWLsznay 42

1 hb_user2 , hb_collaborative2, hb_recommend2 = hybrid recommend(4412,interactions, course df, ratings df,5)
2 hb_user2.head()

User 4412 has already rated 6 Course.
Successed 6 Course.

user_id course no rating_x course_name category sub_category
0 4412 2162 5 Google Cloud Platform Fundamentals: Core Infra...  Information Technology Cloud Computing
1 4412 3344 5 Operating Systems and You: Becoming a Power User  Information Technology Support and Operations
2 4412 4223 5 Technical Support Fundamentals Information Technology Support and Operations
3 4412 4275 5 The Bits and Bytes of Computer Networking  Information Technology Networking
4 4412 5325 5 System Administration and IT Infrastructure Se... Undefined Undefinad

nwilsznau 41 neAumnlsyiRuecsBeu 4412
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1 hb_collaborative2

course_no predictions course_name category sub_category
0 3798 50 Removing Barriers to Change Business Leadership and Management
1 4658 50 Writing in the Sciences Health Basic Science
2 1577 50 El Abogado del Futuro: Legaltech y la Transfor... Business Leadership and Managament
3 1735 50 Everyday Excel, Part 2 Computer Science Design and Product
4 5544 50 Aprendiendo a aprender: Poderosas herramientas... Undefined Undefinad

nwilsgnay 42 nMsuuziiimedtnlnamaiianisnsesdayauiuianildsauaeag e

4412

FatnanIsAUINAINEBuALN 3 §iseusia 95424 wudnlaiinnsameidouiEew
1397 wardn17FAZILUYINAY 5 AN ndsznatl 43 annsuleninisuuzsingsRan ine 14

wmATANIINIRTayALLLNTWILLLEIF N INUULAA09289 SVD AunwLlsynay 44

1 hb_user3 , hb_collaborative3, hb_recommend3 = hybrid_recommend(95424,interactions, course_df, ratings_df,5)
2 hb_user3.head()

User 95424 has already rated 1 Course.
Successed 1 Course.

. . at
user_id course_no rating_x course_name category sub_category

0 95424 5418 5 Oil & Gas Industry Operations and Markets Undefined Undefined

nisenan 43 nesAunnlszdRaeagseaw 95424

1 hb_collaborative3

course_no predictions Course_name category sub_category
0 579 4915119 Bugs 101: Insect-Human Interactions Health Basic Science
1 1577 4910701 El Abogado del Futuro: Legaltech y la Transfor... Business Leadership and Management
2 1232 4.909364 Cultural Competence - Aboriginal Sydney Arts and Humanities History
3 612 4904944 Build a Modern Computer from First Principles:...  Computer Science Software Development
4 2296 4.904400 How to Manage a Remote Team Business Leadership and Management

nnidsenan 44 nsuuziingedaniasmatianiansasdoyauiLfeng I ianaeag e

95424
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1 hb_recommend

course_no course_name category sub_category
604 605 Build a Google Cloud Firestore Web App (Part 1) Computer Science  Maobile and Web Development
605 606 Build a Google Firebase Web Application Computer Science  Mobile and Web Development
3645 3646 Project Planning Business  Leadership and Management
2703 2704 Introduction to Project Management Business  Leadership and Management
5132 5133 BitwEss: £ grnr. Mg Arts and Humanities History

nnidsenan 45 nsuusiingedantagldinatiannsuusiniuUNaN D95 FEW 286193

1 hb_recommend2

COUrse_no COUrse_name category sub_category
196 197 Advanced Writing  Language Learning Leaming English
116 117 Academic Literacy  Language Learning Leaming English
4223 4224 Technical Writing  Language Learning Leaming English
2850 2851 L'impact investing : comprandre les fondamentaux Business Entrepreneurship
2852 2853 L'impact investing : étre acteur Business Entrepreneurship

nwilsznau 46 Nsuuziiaedtnlagldinatian suusinuuuNaNTasiTe 4412



1 hb_recommend3

604
603
3645
1922
2703

course_no
605

606

3645

1923

2704

course_name
Build a Google Cloud Firestore Web App (Part I)
Build a Google Firebase Web Application
Project Planning

From Idea to Startup

Introduction to Project Management

category
Computer Science
Computer Science
Business
Business

Business

52

sub_category

Mobile and Web Development
Mabile and Web Development
Leadership and Management
Entreprensurship

Leadership and Management

nwilsznay 47 nsuuziiiaeRan ing ldinafianisuustuuunanaeFau 95424
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