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ABSTRACT

The exponential growth of mobile applications and online e-commerce platforms has
facilitated the accumulation of extensive user-generated data, incorporating product reviews
and ratings. The user reviews heavily impact how people decide what to buy, brand
reputation, and overall user satisfaction. However, existing rating prediction models often
overlook individual user tendencies and the semantic richness embedded within review texts.
To address these limitations, this study introduces two complementary deep learning- based
frameworks to enhance the identification and recommendation of helpful reviews. The first
proposed model, Balanced Helpful Review Quantification Using User Tendencies
(BHRQUT), incorporates personalised rating behaviours and a novel auxiliary feature
derived from actual and predicted ratings. This feature is further integrated with text-based
inputs processed through a balanced CNN-BIiLSTM architecture, leveraging word
embeddings and natural language processing techniques. Experimental evaluations on
Amazon 5-score domain datasets reveal that BHRQUT achieves an accuracy of up to 97%,
significantly outperforming traditional models in capturing user preferences and identifying
helpful content. The second model, Pre-trained Deep Helpful Review Recommendation
Framework (PRE-DHRRF), applies transfer learning on large-scale review datasets
(Amazon and Yelp) to better understand domain-specific language patterns, informal
expressions, and contextual semantics. This framework combines a tendency-based
collaborative filtering algorithm with data augmentation strategies to address data sparsity
and class imbalance issues. Results show that PRE-DHRRF attains an accuracy of 98% with
a minimal generalisation gap of 0.3%, demonstrating its robustness in detecting helpful
reviews across diverse datasets. Together, these models contribute to advancing the state of
review helpfulness prediction by addressing user behavioural tendencies and linguistic
nuances in review texts. The results highlight the practical significance of the proposed
systems in improving e-commerce recommendation platforms, enabling better decision-
making, and enhancing user experience through smart filtering of valuable information.
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OZET

Mobil uygulamalarin ve g¢evrimigi e-ticaret platformlarinin hizli biiylimesi, kullanici
tarafindan olusturulan {irlin yorumlar1 ve puanlamalar gibi biiyiikk miktarda verinin
toplanmasini miimkiin kilmistir. Bu yorumlar, tiiketici kararlarinin sekillenmesinde, marka
itibarinda ve genel kullanici memnuniyetinde kritik bir rol oynamaktadir. Ancak mevcut
puanlama tahmin modelleri, genellikle bireysel kullanici egilimlerini ve yorum metinlerinde
yer alan anlamsal zenginligi g6z ardi etmektedir. Bu sinirlamalari agsmak amaciyla, bu
calisma, faydali yorumlarin tanimlanmasi ve Onerilmesini gelistirmeyi hedefleyen iki
tamamlayic1 derin 6grenme tabanli cergeve sunmaktadir. ilk &nerilen model olan Kisisel
Egilimlere Dayali Dengeli Faydali Yorum Olgiimleme (BHRQUT) modeli, kullanicilarin
kisisellestirilmis puanlama davraniglarini ve gercek ile tahmin edilen puanlamalardan
tiiretilmis yeni bir yardime1 6zelligi biinyesinde barindirmaktadir. Bu 6zellik, kelime gdmme
(embedding) ve dogal dil isleme teknikleri kullanilarak dengeli bir CNN-BiLSTM mimarisi
ile islenen metin tabanli girdilerle biitliinlestirilmistir. Amazon 5 dereceli puanlama
verisetleri lizerinde yapilan deneysel degerlendirmeler, BHRQUT modelinin %97'ye varan
dogruluk orani ile geleneksel modellere kiyasla kullanici tercihlerini yakalama ve faydali
icerigi tanimlama konusunda dnemli basarilar elde ettigini gdstermektedir. Ikinci model olan
On Egitilmis Derin Faydali Yorum Oneri Cercevesi (PRE-DHRRF), Amazon ve Yelp gibi
biiylik 6lcekli yorum verisetleri lizerinde transfer 6grenme uygulayarak, alanina 6zgii dil
kaliplarini, gayriresmi ifadeleri ve baglamsal anlamlar1 daha iyi kavramay1 amaglamaktadir.
Bu cerceve, egilim tabanli isbirlik¢i filtreleme algoritmasini veri artirma stratejileriyle
birlestirerek veri seyrekligi ve siif dengesizligi gibi sorunlar1 ele almaktadir. Deneysel
sonuclar, PRE-DHRRF modelinin %98 dogruluk orani ve yalnizca %0.3'liik ¢ok diisiik bir
genelleme farki ile, farkli verisetlerinde faydali yorumlar tespit etme konusunda ytiksek bir
dayaniklilik sergiledigini ortaya koymaktadir. Bu iki model birlikte, hem kullanic1 davranig
egilimlerini hem de yorum metinlerindeki dilsel niianslart dikkate alarak faydali yorum
tahmini alaninda 6nemli bir ilerleme saglamaktadir. Bulgular, 6nerilen sistemlerin e-ticaret
Oneri platformlarin1 gelistirme, bilingli karar alma siireglerini destekleme ve degerli
iceriklerin akilli filtrelenmesi yoluyla kullanici deneyimini artirma konusundaki pratik
degerini vurgulamaktadir.
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1. Giris

E-ticaretin yiikselisi ve ¢evrimigi platformlarin ¢ogalmasi, tiiketiciler tarafindan paylasilan
yaniltict ve glivenilmez {iriin incelemeleri ile puanlamalarin yayilmasini kolaylastirmis ve
bu durum deepfake iceriklerin ortaya ¢ikmasina zemin hazirlamistir. Bu giderek biiyliyen
sorun, bireylerin bilingli satin alma kararlar1 almakta zorlanmalar1 nedeniyle kullanicilar
arasinda kaygi ve giivensizlik yaratabilmektedir. Gelismis teknolojilerin hakim oldugu
giinlimiizde, gergek ve yaniltici bilgiyi ayirt edebilen saglam sistemlerin uygulanmasi biiytik
onem tagimaktadir. Derin 6grenmeye dayali inceleme analiz algoritmalari, gli¢lii ayristirma
yetenekleri ve degerli incelemeleri tespit etme konusundaki etkinlikleri nedeniyle popiilerlik
kazanmistir. Ancak, mevcut birgok derin 6grenme yaklagimi hala yararl incelemeleri dogru
bir sekilde tanimlamakta zorluk c¢ekmektedir. E-ticaret platformlari, oneri hizmetlerini
gelistirmek icin faydali icerigi filtreleme ve onceliklendirme konusunda 6nemli zorluklarla
kars1 karsiyadir. Bu platformlar, tiiketici davraniglarini sekillendirmek amaciyla biiyiik
Ol¢iide kullanict kaynaklr incelemelere dayansa da, tiim incelemeler karar verme siirecine
esit derecede katki saglamaz. Kullanici geri bildirimlerinde bulunan biiyiik veri hacmi, dilsel
cesitlilik ve Onyargilar gibi faktorler nedeniyle yararli incelemeleri belirlemek ve

vurgulamak karmagik bir gorev olmaya devam etmektedir.

E-ticaret, elektronik cihazlar kullanilarak iiriinlerin ¢evrimi¢i pazarlanmasi ve satilmasini
ifade eder. Ug ana egilime ayrilabilir: Isletmeden Isletmeye (B2B), Isletmeden Tiiketiciye
(B2C) ve Tiiketiciden Tiiketiciye (C2C) [1]. E-ticaret pazarlamasinin basaris1 biiyiik 6l¢iide
aligveris deneyimini bireysel miisterilere gore wuyarlayan Oneri sistemlerinden
kaynaklanmaktadir. E-ticaret i¢in bir Oneri sistemi gelistirmek, platformlarin miisterilere
dogru zamanda en uygun bilgileri sunmasini saglayarak miisteri sadakatini artirmakta ve
daha akici bir aligveris deneyimi olusturmaktadir. Simgeler, tercihlerini, gezinme
gecmislerini veya satin alma davraniglarini girdi verisi olarak sunan ¢ok sayida kullaniciy1
sembolize eder. Katman 2 olan Oneri Sistemi ve Oneriler, giris verilerini islemek igin
algoritmalar (6rnegin isbirlik¢i veya igerik tabanli filtreleme) kullanan 6neri sistemini igerir.
Icerik tabanli 6neri sistemleri, dgelerin dzelliklerine dayanir. Kullanicinin daha énce sectigi
ogeyle benzer ozellikler tasiyan icerikleri dnerir. Isbirliki filtreleme (Collaborative Filtering
- CF) olarak bilinen 6neri algoritmalari ise kullanicilar ve nesneler arasindaki benzerliklere
dayanir. CF’ye gore, daha 6nce ayn1 6geyi secip birbirine dneren iki kullanici benzer kabul

edilir [2].
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Oneri ¢iktis1, her kullanictya 6zel olarak hazirlanmus {iriin &nerilerini temsil eden bir listedir.
Katman 3 olan Cikt1 Katmani, kullanicinin kisisellestirilmis onerileri almasini temsil eder.
Tek kullanict simgesi, sistemin Onerilerine dayanan benzersiz ve kisisellestirilmis bir

aligveris deneyimini simgeler.

Oneri sistemleri, bilgi tiirlerine gore genellikle isbirlikci filtreleme ve igerik tabanli
yaklagimlar olarak smiflandirilmaktadir [3]. Isbirlikgi filtreleme, kullanicilarin gegmis
etkilesimlerini ve benzerliklerini analiz eder [4]; ancak "soguk baslangi¢" problemi gibi
sinirlamalar1 vardir. Bu ¢alismada, kullanici ve iirlin puanlama 6nyargilarini dikkate alan

sadelestirilmis egilim tabanli bir model ile daha dogru tahminler yapilmasi amaglanmistir

[5].

Yararl inceleme siniflandirmasinda dengesiz veri dagilimini ele almak i¢in asir1 6rnekleme
tabanli bir veri artirma ydntemi uygulanmustir. Ozellikle az temsil edilen "yararsiz"
incelemeler, esanlamli sézciiklerle zenginlestirilerek modelin genelleme giicli artirilmistir.
Calisma, veri yetersizligi, soguk baslangi¢ ve asir1 6grenme gibi temel zorluklari ele alarak

gercek diinya e-ticaret verilerine dayali bir 6neri sistemi gelistirmektedir.

Amazon’dan Video Oyunlari, Miizik Aletleri, Kitaplar-5, Giyim-Ayakkabi-Taki; Yelp’ten
ise Restoranlar, Alisveris ve Giizellik & Spa kategorileri secilmistir. Bu se¢im, dilsel
cesitlilik ve tiliketici davraniglarimin genis bir yelpazesini kapsayarak sonuglarin

genellenebilirligini artirmaktadir.

Arastirma kapsaminda, BHRQUT ve PRE-DHRRF olmak iizere iki derin 6grenme modeli
onerilmistir. NVIDIA TITAN XP grafik kartlar1 destegiyle, dogal dil isleme ve metin
siiflandirma uygulamalari i¢in modeller Amazon ve Yelp verileri {izerinde egitilmistir.
BHRQUT modeli dengelenmis CNN-BiLSTM yapisini; PRE-DHRRF modeli ise bu
mimariyi Onceden egitilmis katmanlarla genisletmektedir. Modellerin etkinligi
karsilagtirmali  analizlerle degerlendirilmis; veri dengesi, ©On egitim ve egilim

modellemesinin katkilar1 detayli bicimde incelenmistir.

Bu arastirmanin temel katkilar1 asagida 6zetlenmistir:
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e Yelp ve Amazon gibi popiiler e-ticaret sitelerinden alinan inceleme veri kiimelerinin
ozelliklerine dayali olarak derin 6grenme modelleri araciligiyla bilgi iceren geri
bildirimlerin siniflandirilmasina yonelik bir ¢6ziim sunulmustur. Dort farkli Amazon
inceleme veri kiimesi ve bir Yelp Akademik inceleme veri kiimesi kullanilarak
degerlendirmeler yapilmistir. Onerilen ydntem; dogruluk, kesinlik, duyarlilik, F1 skoru,
yanlis siniflandirma orani (MAE, RMSE), karisiklik matrisi ve genelleme farki agisindan
mevcut yontemlerden daha iyi sonuglar elde etmistir.

e Amazon inceleme veri setinde, faydalilik oraninin yildiz puanlamasi (3,4) tizerindeki
etkisi TCF ile ve TCF olmadan olmak iizere dort farkli senaryoda incelenmistir.

e ilk model (BHRQUT) icin giris ciimle uzunlugunun performansa etkisi analiz edilmis;
ardindan, en yiiksek dogruluga sahip Amazon veri kiimesi kategorisi se¢ilmis ve Yelp
veri kiimesiyle birlikte ikinci modelde (PRE-DHRREF) test edilmistir.

e Isbirlik¢i filtreleme algoritmalarina dayali bircok 6neri modelinin temel zorluklarindan
biri olan seyrek veri (sparsity) problemi ele alinmistir. Bu sorunu asmak i¢in egilim
tabanli isbirlikei filtreleme yontemleri ile transdiiser tabanli dnceden egitilmis modeller
birlestirilmis; bu sayede sinirli veriye asir1 6grenme engellenmis ve bilinmeyen Ornekler
tizerindeki performans iyilestirilmistir.

e Bu calisma, derinlemesine ve uygulanabilir inceleme 6nerileri sunan dnceden egitilmis
bir cer¢eve ortaya koymaktadir. Bu gergeve, simiflandirma sonuclarini gelistirmek
amaciyla iki yonlii bir mimari kullanir. Birinci yol, veri kiimesinin 6zelliklerine ve
smiflandirma hedeflerine uyarlanmis 6zel bir CNN-BiLSTM modeli igerir. Ikinci yol ise,
metin dizilerini isleme konusunda istiin performans gosteren 6nceden egitilmis bir
transdiiser modeli (Roberta-base) icermektedir. Bu model 6nce belirli bir veri kiimesinde
egitilmekte, ardindan agirliklar1 diger veri kiimelerinde yeniden kullanilmaktadir. Bu iki
yonlii yapi, 6zel modelin yiiksek performansi ile genel modelin genelleme yetenegini

birlestirerek ¢ercevenin uyarlanabilirligini ve dogrulugunu artirmaktadir.
Bu genisletilmis 6zetin geri kalan boliimleri su sekilde yapilandirilmigtir:

Boliim 2, kullanilan yontemleri, veri kaynaklarini, deneysel diizeni ve arastirma sorularini
yanitlamada kullanilan analiz tekniklerini ayrintili olarak agiklamaktadir. Boliim 3, elde
edilen temel bulgular ilgili sekil ve tablolarla destekleyerek sunmakta ve mevcut literatiirle
iligkili olarak kritik bir tartisma sunmaktadir. Son olarak, Bolim 4 caligmanin temel

katkilarin1 6zetleyerek gelecek arastirmalara yonelik 6nerilerde bulunmaktadir. Bu yapisal



yaklagim, arastirmanin kavramsallagtirmadan sonuglara kadar olan siirecinin agik ve tutarli

bir sekilde takip edilmesini saglamay1 amaglamaktadir.

2. Metodoloji

2.1. Veri Kiimesi Aciklamasi

Son yillarda biiylik 6l¢ekli veri kiimeleri, farkli alanlardaki arastirmalarin ilerlemesinde
onemli bir rol oynamaktadir. Bu baglamda Amazon ve Yelp inceleme veri kiimeleri, derin
o0grenme modelleri ile 6neri sistemlerinin gelistirilmesinde yaygin olarak kullanilmaktadir.
Kullanic1 yorumlari, iirlin metaverileri ve satin alma davraniglar1 gibi bilgiler sayesinde bu
veri kiimeleri; duygu analizi, dneri sistemleri ve tiiketici davranist modellemesi gibi birgok
alanda uygulanabilirlik sunmaktadir. Bu calismada oOnerilen model, iki vaka c¢aligmasi

kapsaminda egitilmistir.

Birinci vaka calismasinda, Amazon Inceleme Verisi (2018) veri kiimesinden dort kategori
se¢ilmistir. "S-core" olarak bilinen bu alt kiime, kullanicilarin en az bes irini
degerlendirdigi ve her iiriiniin en az bes kullanici tarafindan degerlendirildigi 6rneklerden
olusmaktadir. Iki kiiciik 6rneklemli kategori (Video Oyunlari — C1, Miizik Aletleri — C2)
tim verileriyle kullanilirken; iki biiyiik orneklemli kategori (Kitaplar-5 — C3, Giyim-
Ayakkabi-Taki — C4) i¢in her birinden 1.000.000 inceleme alinmistir. Amazon veri kiimesi

29 kategori, 75 milyonun ilizerinde yorum ve yaklasik 346 milyon puan icermektedir.

Ikinci vaka calismasinda iki veri tiirii kullamlmustir. Ilk tiirde, Amazon’dan segilen iki
kategori (DS1: Miizik Aletleri, DS2: Giyim-Ayakkabi-Tak1) yer almaktadir. Ikinci tiir ise
Yelp Akademik Inceleme Verisi’dir (DS3). Yelp verisi 6.990.280 inceleme igermekte olup;
isletme bilgileri, kullanic1 yorumlari, kullanict profilleri, miisteri giris kayitlari, kisa ipuglari
ve gorsel metaveriler gibi ¢esitli bilesenler barindirmaktadir. Bu ¢alismada, DS1’in tamami
(231.392 yorum), DS2’den 1.000.000 ve DS3’ten 200.000 yorum analiz edilmistir. Tablo
2.1, her kategoriye ait toplam 5 yildizl1 yorum sayisini ve ¢alismada kullanilan alt kiimeleri

gostermektedir:



Cizelge 2.1. Amazon 5 yildiz puanli ve Yelp inceleme veri kiimeleri, yorum sayilari

Kategori 5 Yildizh Yorum Sayist Onerilen Modelde Kullanilan 5 Yildizli
Yorum Sayisi
Kitaplar-5 (Books-5) 27,164,983 1000000
Giyim, Ayakkabt ve Taki 11,285,464 1000000
(Clothing...)
Miizik Aletleri (Musical 231,392 231,392
Instruments-5)
Video Oyunlar1 (Video 497,577 497,577
Games-5)
Yelp Inceleme Verisi 6,990,280 200,000

2.2. Veri On Isleme Teknikleri

Bu calismada kullanilan veriler, Amazon ve Yelp inceleme veri kiimelerinden elde

edilmistir. Her iki veri kiimesi sekiz temel 6n isleme adimina tabi tutulmustur:

1. Hedef 6zelliklerin filtrelenmesi: Yelp veri kiimesinden user_id, item_id, rating ve yorum

metni; Amazon veri kiimesinden ise user id, item_id, rating ve yorum Ozeti alanlari

secilmistir.

2. Eksik degerlerin temizlenmesi: Segilen alanlarda eksik degerlere sahip kayitlar veri

kiimesinden ¢ikarilmstir.

3. Tahmin edilen puanlarin hesaplanmasi: Veri seyrekligi problemini azaltmak igin egilim

tabanl: isbirlikgi filtreleme (CF) yaklagimi kullanilmistir. Kullanici (Ut) ve iiriin

egilimleri (It), kullanici-iirtin puanlar lizerinden tiiretilmis; KNNBasic algoritmasi ile

benzer kullanicilar veya iriinler arasindaki iliskilerden tahmini puanlar (PR1-PR4)

hesaplanmigtir. Bu tahminler, asagidaki formiiller ile belirlenmistir:

Kullanicr egilimi:

Ut = (¥(Uui - Viu)) / |yl

Uriin egilimi:

It = (X(Uui - Vui)) / |U.j|

Tahmin puanlar1 (kosullara gore):

(2.1)

(2.2)
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PR1 = max(Vui + It, Viu + Ut) (2.3)
PR2 = min(Vui + It, Viu + Ut) (2.4)
PR3 = min(max(Vui, (Viu + Ut)-c) + (Vui + It)(1 - 6), Viu) (2.5)
PR4 = Viuc + Vui‘(1 - o) (2.6)

Bu yontem, seyrek verilerde daha iyi temsil giiciine sahip Oznitelikler iiretmeyi

amaclamaktadir.

. Gergek puanlarin optimize edilmesi: Ortalama puanlar hesaplanarak derecelendirme
degerleri optimize edilmistir.

. Yiiksek degerli 6zelliklerin olusturulmasi: Faydali (1) ve faydasiz (0) yorumlar, orijinal
ya da tahmin edilen puanlara dayali olarak etiketlenmistir.

. Smuf dengesinin saglanmasi: Faydali (1) ve faydasiz (0) orneklerin dengesini saglamak
amaciyla azinlik smifina ait 6rnekler, SbBURA (Esanlamli Tabanli Faydasiz Yorum
Artirimi) algoritmasi ile ¢ogaltilmistir. SbBURA, ciimlelerdeki kelimeleri esanlamlilartyla
degistirerek veri ¢esitliligini artirir.

. Onisglenmis yorum metni ve etiketler: Amazon ve Yelp veri kiimelerine ait yorumlar;
stopword temizleme, kok bulma (stemming) ve tokenizasyon islemlerinden gegirilmistir.
Bu adimlar geleneksel dogal dil isleme (NLP) siireglerine 6zgii olup, 6zellikle Balanced
CNN-BiLSTM modelinde uygulanmuistir.

Geleneksel NLP Yontemleri: nltk kiitiiphanesinden stopword’ler ¢ikarilmus,
PorterStemmer() ile kok bulma yapilmis, keras.preprocessing.text. Tokenizer ile metinler
tokenize edilmistir.

Déniistiiriici.  Tabanli  Yontemler (Transformers): RoBERTa gibi modeller igin
Ozellestirilmis tokenizasyon islemleri kullanilmistir. RoBERTa, Byte-Pair Encoding
(BPE) ile alt kelime diizeyinde ayrigtirma yapar. Girdi metni, modelin egitildigi sozliik
ile uyumlu sekilde 6zel sembollerle (6rnegin <s>, </s>) islenir. Bu islem Hugging Face

transformers kiitiiphanesi ile entegre bir sekilde yliriitiilmstiir.
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2.3. Vaka Cahsmalarinda Kullanilan Derin Ogrenme Modelleri
2.3.1. Vaka ¢calismas1 1: BHRQUT modeli

Bu béliimde, kullanic1 egilimlerinin nicelenmesine dayali dengeli yararli 6neri modeli olan
BHRQUT modelinin genel yapisi1 gosterilmektedir. Modelin degerlendirilmesi iki senaryo

iizerinden gergeklestirilmistir.

Birinci senaryoda (Vaka 1), TCF algoritmasi, veri artirrmi, CNN ve BiLSTM modellerinin
avantajlar1 birlestirilmistir. Bu siirecte, Surprise kiitiiphanesindeki Tendencies sinifi
kullanilarak kullanici-iriin egilim farklar {izerinden yeniden derecelendirme yapilmis ve

veri iki alt senaryoya ayrilmistir:

Vaka 1_1: Ortalama puan (Ort = (Ger¢ek Puan + Tahmin Puani1)/2) > 3 olan yorumlar, Ort

> 0.3 ise “yararl1”, Ort < 0.2 ise “yararsiz” olarak etiketlenir.

Vaka 1 2: Daha siki bir esik uygulanir; Ort > 4 icin, Ort > 0.4 “yararl1”, Ort < 0.3 “yararsiz”

olarak siniflandirilir [83].

Ikinci senaryoda (Vaka 2) ise TCF algoritmas1 kullanilmaz; yalnizca gerg¢ek puanlara dayali

filtreleme yapilir ve yine iki alt senaryoya ayrilir:
Vaka2 1: ACR > 0.3 “yararli”, ACR < 0.2 “yararsiz” [84].

Vaka 2 2: Daha kati esiklerle ACR > 0.4 “yararli”, ACR < 0.3 *“yararsiz” olarak

degerlendirilir.

Model, tahmin edilen puanlar ve ger¢ek puanlara dayali olarak her bir yoruma ikili etiket
atar. Ardindan, SDBURA (Es Anlamli Tabanli Yararsiz Yorum Artirimi) gibi veri artirma
yontemleri ile veri dengelenir. Veri on isleme siireci geleneksel NLP teknikleriyle
gergeklestirilir. Bu temsiller kullanilarak CNN-BiLSTM modeli, 5 katli ¢apraz dogrulama
ile 20 epoch boyunca egitilir. Model yalnmizca kullanici puanlari ve yazili yorumlara
odaklanir. Basar1 degerlendirmesi; RMSE, MSE, MAE, dogruluk, geri ¢agirma, F1-skoru,
kesinlik ve karmagiklik matrisi gibi metriklerle yapilir. On isleme adimlar1 ayrintili sekilde

aciklanmis olup, ardindan ag mimarisi ve degerlendirme siiregleri sunulmustur.
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2.3.2. Vaka cahsmasi 2: PRE-DHRRF modeli

Bu vaka caligmasi, miisteri yorumlarinin analizinde basariyr artirmak amaciyla veri 6n
isleme, orneklem dengesi saglama ve transfer 6§renmesini bir araya getiren PRE-DHRRF
modelinin katkilarim1 ortaya koymaktadir. Modelin ilk adimi, egilim temelli isbirlik¢i
filtreleme algoritmasi, veri artirimi yoluyla dengeleme ve dogal dil isleme (NLP) tekniklerini

iceren kapsamli bir 6n isleme siirecini kapsamaktadir.

Ikinci asamada, Amazon ve Yelp veri kiimeleri iizerinde, daha 6nce egitilmis ve agirliklari
kaydedilmis iki model (Balanced CNN-BIiLSTM ve RoBERTa-base) kullanilarak transfer
ogrenme gerceklestirilmistir. Egitim siireci, 20 epoch boyunca 5 katli ¢capraz dogrulama ile

yuritilmustir.

Uciincii asamada ise model performansi dogrulanmis ve hiperparametreler optimize
edilmistir. Degerlendirme siirecinde; genelleme farki, dogruluk, kesinlik, geri ¢cagirma, F1
skoru, RMSE ve MAE gibi metrikler kullanilmistir. Bu siiregteki tiim adimlar detayli olarak

aciklanmistir.

Ust bilesen, giris veri kiimesinin 6n isleme adimlarini; alt bilesen ise her biri 5 katli ¢apraz
dogrulama ile dogrulanan iki farkli 6nceden egitilmis modelden olugmaktadir. Sol taraftaki
model, ince ayar yapilarak Onceden Egitilmis Model I (Balanced CNN-BiLSTM) ile yorum
siniflandirmasi igin; sag taraftaki model ise Onceden Egitilmis Model II (RoBERTa-base)

ile yorum simiflandirmasi i¢in kullanilmistir.

2.4. Vaka Calismasi 1'in Tekrarlanabilir Sonuclar1 (BHRQUT Modeli)

Bu calismada, Amazon Review-5 veri setinden dort kategori (Video Games, Musical
Instruments, Books-5 ve Clothing, Shoes, and Jewelry) segilerek Case Study 1
uygulanmigtir. Veri seti; kullanici ve iirlin kimlikleri, degerlendirme puanlari, inceleme
metinleri, iirlin 6zetleri ve tarih gibi ¢esitli 6znitelikler icermektedir. Yardimeilik etiketleri
(0/1), kullanicr egilimlerine dayali igbirlik¢i filtreleme algoritmasi ile hesaplanan ortalama

puanlara gore belirlenmistir.

Onisleme adimlarinda dogal dil isleme teknikleri kullanilmis ve kelimeler 50 boyutlu

gomme vektorlerine doniistiiriilmiistiir. En sik gecen 50.000 kelime igceren sozliikte her
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kelimeye Ozgii bir indeks atanmis ve bu gomme vektorleri modelin giris katmaninda
kullanilmistir. Metin dizileri, kategoriye gore farkli uzunluklarda olup maksimum 44 token'a

kadar uzanmaktadir.

Model, 2x2 cekirdek boyutuna sahip dért konvoliisyon katmani (Conv1D) igermektedir. ilk
katmanda 100 filtre, sonraki katmanlarda ise 64 filtre kullanilarak hem diisiik hem yiiksek
diizeyli Oznitelikler ¢ikarilmistir. 1x1 ¢ekirdekli max-pooling katmani ile boyut indirgeme
saglanmistir. Ardindan, 200 gizli birimli ¢ift yonlii LSTM (BiLSTM) katmani kullanilarak
dizisel baglam bilgisi modellenmistir. Modelin genelleme kapasitesini artirmak amaciyla her
katmandan sonra %50 oraninda dropout uygulanmis ve aktivasyon fonksiyonu olarak ReLU

tercih edilmistir.

Model egitimi, 20 epoch boyunca 5 katli capraz dogrulama yontemi (KFold) ile
gerceklestirilmistir. Her bir katlamada verinin %80°1 egitim, %10’u dogrulama ve %10’u
test icin ayrilmistir. Optimizasyon i¢in Adam algoritmasi, hata fonksiyonu olarak ise
Ortalama Kare Hata (MSE) kullanilmistir. Cikis katmaninda sigmoid aktivasyon
fonksiyonuna sahip tam baglantili (dense) bir yap1 yer almakta olup, incelemelerin "faydali"

veya "faydasiz" olarak ikili siniflandirmasini saglamaktadir.

2.5. Vaka Calismasi 2'nin (PRE-DHRRF) Tekrarlanabilir Sonuclar:

Bu vaka c¢alismasi, dnerilen modeli Amazon Inceleme Veri Kiimesi'nin iki alt kiimesi,
Miizik Aletleri (DS1) ve Giyim, Ayakkabi ve Taki (DS2),ile birlikte, e-ticaret
aragtirmalarinda yaygin olarak kullanilan Yelp Akademik Inceleme Veri Kiimesi iizerinde
degerlendirir. Degerlendirme siirecinde, {iriin puant, liriin kimligi (ASIN), kullanic1 kimligi
ve inceleme Ozeti gibi temel 6znitelikler filtrelenmistir. Onerilen yapi, hem faydali hem de
faydasiz kullanict yorumlarimi analiz edebilen iki ayr1 6nceden egitilmis model {iretmeyi

amaclamaktadir.

Ayrica ¢alisma, Yelp veri kiimesinden Inceleme Verisi Dosyasin1 (DS3) da icermektedir. Bu
veri kiimesinde inceleme kimligi, kullanic1 kimligi, isletme kimligi, yildiz puanmi (1-5),
inceleme metni ve tarith gibi 6znitelikler yer alir. Analizde kullanilan 6znitelikler inceleme

kimligi, isletme kimligi, y1ldiz puan1 ve inceleme metnidir. Tablo 2.2, Amazon ve Yelp veri
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kiimelerinden alinan Oznitelik bilgilerini orneklerle sunarak yapilandirilmig bir

karsilastirmali analiz saglar.

Cizelge 2.2. Amazon inceleme veri kiimesi ve Yelp akademik inceleme veri kiimesinden

ornekler
Amazon review dataset Yelp academic review dataset
Features Values Features Values
overall 4 review id BiTunyQ73aT9WBnpRIDZGw
vote 2.0 user id OyoGAe70Kpv6SyGZT5g77Q
verified True business id TATYjTIgM3jUlt4UM3IypQ
Review time 11 14,2011 stars 5
Reviewer id A18ZXVF5AQFK35 useful 1
asin 0151004714 funny 0
style {'style:": ' Straight to Straight'} cool 1
Reviewer I've taken many spin classes over the
meep text
name year...
Review text Meep bought several for the date 2012-01-03 15:28:18
home studio. They are nicel...
Summary very nice cables
Unix review 1321228800
time
image NAN

Onceden egitilmis modeller, metin simiflandirmas: ve diger dogal dil isleme (NLP)
gorevlerinde yliksek dogruluk ve saglamliklariyla bilinmektedir. Biiylik o6lgekli veri
kiimeleriyle egitildikleri i¢cin genelleme yetenekleri yliksektir ve fazla 6grenmeyi azaltirlar.
Bu da onlar1 6neri sistemleri aragtirmalarinda degerli kilar. Etkinliklerinin temelinde, gorev

0zelinde ince ayar yapilmasi (fine-tuning) yer alir.

Bu ¢alismada, iki 6nceden egitilmis modelin agirliklart kullanilmistir: Vaka Calismasi 1°de
gelistirilen 6zel Balanced CNN-BiLSTM modeli ve standart ROBERTa-base modeli. CNN-
BiLSTM modeli, sirali ve mekansal 6zellikleri ¢ikarmak i¢in CNN ve ¢ift yonlii LSTM
birimlerini birlestirir. Amazon inceleme verileriyle egitilmis bu model, Vaka Calismas1 2’de

inceleme faydaliligini siiflandirmak i¢in yeniden kullanilmistir (Baki Sekil 2.9).

Degerlendirme tutarliligi i¢in Vaka Calismasi 1’deki veri bolme stratejisi burada da
uygulanmis; 5 katli capraz dogrulama ile 20 epoch boyunca egitim yapilmistir. Model, 256
batch size, 0.01 Ogrenme orani, 0.5 dropout oram1 ve Adam optimizasyonuyla
yapilandirilmistir. Girdi uzunlugu Amazon veri kiimeleri i¢in sirasiyla 21 ve 24, Yelp i¢in

690 olarak belirlenmistir. Kelime dagarcigi 50.000 ve gdomme boyutu 50'dir. Cikis
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katmaninda sigmoid aktivasyon ve kayip fonksiyonu olarak ortalama karesel hata (MSE)

kullanilmistir. Modelin toplam parametre sayist 2.966.903'tiir.

RoBERTa-base modeli ise TensorFlow iizerinde uygulanmis ve 160 GB’lik biiyiik bir metin
koleksiyonuyla onceden egitilmis bir BERT tiirevidir. Veriler, RoBERTa tokenizer ile
50.000 kelimelik bir kelime dagarcigina gore doniistiiriilmiis ve her giris 768 boyutlu
vektorlerle temsil edilmistir. Model, 12 doniistiiriicli katmandan olusmakta ve ¢oklu baslikl
dikkat mekanizmalar1 icermektedir. Egitimde 32 batch size, 10 epoch, 7e-5 6grenme orani,
0.1 dropout ve Adam optimizasyonu kullanilmistir. Toplamda 124.647.170 6grenilebilir

parametre icermektedir.

PRE-DHRRF vyapisinda, her iki model de inceleme faydaliligi simiflandirmasinda tam
performans saglamak iizere gorev verilerine gore yeniden egitilmistir. Ikili siniflandirma icin
Binary Cross-Entropy kaybi ve Adam optimizasyonu tercih edilmistir. Tim

hiperparametreler ve ayarlar Tablo 2.3’te 6zetlenmistir.

Cizelge 2.3. Modellerimizde (BHRQUT ve PRE-DHRRF) kullanilan hiperparametre

ayarlari
PRE-DHRRF model
Hyperparameter BHRQUT model pre-trained model I. pre-trained model.IT
Balanced CNN-BiLSTM (Roberta-base)
Batch Size 256 256 256
Number of Epochs 20 20 20
K-Fold 5 5 5
Activation Function Relu Relu Gelu
Dense Activation Sigmoid Sigmoid Sigmoid
Optimizer Adam Adam Adam
Loss Function MSE MSE Binary Categorical
Crossentropy
Dropout 0.5 0.5 0.1
Learning Rate 0.01 0.01 5.00E-07
MAX NB WORDS 50,000 50,000 50,000
Embedding Dimension 50 50 768
maxLen (Input Lengths) 21,22,23,24,25,30,38,44 21,24, 690 21,24, 690

2.6. Ince Ayar (Fine-Tuning) ve Performans Degerlendirmesi

Model degerlendirmesi, derin 6grenme veya makine 0grenimi modellerinin basarimini,
avantajlarin1 ve smirliliklarimi 6lgmek icin ¢esitli metriklerle gergeklestirilir. Modelin

etkinligi, arastirmanin erken asamalarinda test edilmeli ve ilerleyen siirecte de izlenmelidir.
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Kullanilan performans olgiitleri arasinda karigiklik matrisi, genelleme farki, dogruluk,

hassasiyet, geri cagirma, F1 skoru, RMSE ve MAE yer almaktadir.

2.7. Deneysel Yapilandirma

Deneylerimiz, Python programlama dili kullanilarak Intel(R) Core(TM) i7-5500U CPU
(2.40 GHz), 64-bit isletim sistemi ve NVIDIA [6] tarafindan saglanan TITAN XP grafik
kartlartyla (40 GB GPU RAM) donatilmis bir sistemde gergeklestirilmistir. Sistem RAM’i
83.5 GB, disk alan1 ise 235.7 GB olup, giinliik yaklasik 11 saatlik hesaplama kullanimiyla

calismustir.

Derin 6grenme algoritmalarinin uygulanmasi ve analizler icin birgok kiitliphane
kullanilmaktadir. Giliniimiizde kiitliphaneler siirekli ~giincellenmekte ve yenileri
gelistirilmektedir; ancak halen tek bir kiitiiphane baskin degildir. Kullanicilar deneyimlerine
gore farkli Kkiitiiphaneler tercih etmektedir. Calismamizda scikit-surprise, NLTK,

TensorFlow ve Keras kiitiiphaneleri kullanilmistir.

3. Deneysel Sonuclar

3.1. Vaka Calismasi 1: Sonuglar ve Deneysel Dogrulama

Vaka Calismasi1 1’de onerilen modelin etkinligi, dort veri kiimesi kategorisi (C1, C2, C3,
C4) tizerinde degerlendirildi. Her kategori, iki yol ve her yolda iki vaka olmak iizere toplam
dort vakadan olusmaktaydi: (1 1), (1 _2), (2 1) ve (2_2). Tiim vakalarda amag, yorumlar1
faydali ve faydasiz olarak siniflandirmakti. Veri kalitesini artirmak i¢in TCF algoritmast
kullanild1 ve veri dengesini saglamak iizere Esanlamli Bazli Faydasiz Yorum Artirma
(SbURA) algoritmas1 uygulandi. On isleme sonrasi veri drnekleme yapist Sekil 3.1°de

gosterilmistir.
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1000000 200000
900000 800000
800000 700000
500000 go0000
500000 >00000
400000 400000
300000 300000
200000 200000
100000 I I 100000 I I
1] 0
c1l c2 c3 Cc4 c1 (or] 3 c4
o Helpful 444363 213524 945650 815502 W Helpful 393378 199365 827758 728118
HunHelpful 444363 213524 945650 815502 HunHelpful 393378 199365 827758 728118
(a) Balancing four datasets with case 1 based on AVG =3 (b) Balancing four datasets with case 1 based on AVG >4
1200000 1000000
300000
1000000 200000
800000 700000
600000
600000 500000
400000
400000 300000
200000 200000
l I 100000 I I
0 0
¢ e € ¢ c cz c3 c4
mHelpful 442462 216599 995589 872707 mHelpful 393318 200572 864300 781574
W unHelpful 442462 216598 995588 872707 BunHelpful 393318 200572 864309 781574
(¢) Balancing four datasets with case 2 based on ACR =3 (d) Balancing four datasets with case 2 based on ACR >4

Sekil 3.1. Yol 1 ve Yol 2°deki veri kiimelerinin dért Amazon-5 puan kategorisi icin veri
dengeleme

Performans degerlendirmesinde en yaygin kullanilan metrik dogruluktur. Onerilen oneri
cergevesinin tahmin giiclinii degerlendirmek i¢in egitim dogrulugu analiz edilmis ve Tablo
3.1’de sunulmugtur. Modelin tahmin performasini gostermek i¢in ¢esitli grafiksel dl¢iitler
kullanilabilir. Onerilen model, C2 veri setinde (1_1) vakasinda %97 yiiksek dogruluk ve
0,03 diisiik kayip degeri elde etmistir. Buna karsilik, C3 veri setinde (2_2) vakasinda %88
en diisik dogruluk ve 0,09 daha yiliksek kayip degeri gozlemlenmistir. Analizler ayrica,
model performansinin (1_2) vakasinda ortalama puan (avg) 4 ve iizerinde oldugunda, (2_2)
vakasinda ise puan 4’{i astiginda azaldigini gostermistir. Bu nedenle, 6neri performansini

artirmak i¢in faydalilik oraniin ortalama > 3 seviyesinde tutulmasi 6nerilmektedir.

Cizelge 3.1. Modelimizin her kategori (C1, C2, C3 ve C4) i¢in dogrulama ve egitim
sonuglari (Kesinlik, duyarlilik, F1-skora ve dogruluk) vaka isimlerine gore

Precision Recall F1-Score Accuracy

Val |Train| Val |Train.| Val |Train.| Val Train
case (1-1) | 94% | 96% |95.4%| 98% | 95% | 97% | 95% 97%
case (1-2) [ 89.4% | 93% | 92% | 95% [90.6% | 94% | 90.4% | 94%
case (2-1) [ 92.6% | 94% | 95% | 98% | 94% | 96% | 94% 96%
case (2-2) [ 89.8% | 93% |92.2%| 96% | 91% [ 95% | 90.8% | 94%
Average 92.55% | 95.25%

Category of Amazon Score-5| Case Name

Cl
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Cizelge 3.1. (devam) Modelimizin her kategori (C1, C2, C3 ve C4) i¢in dogrulama ve egitim
sonuglari (Kesinlik, duyarlilik, F1-skora ve dogruluk) vaka isimlerine gore

Precision Recall F1-Score Accuracy

Val | Train| Val |Train.| Val |Train.| Val Train
case (1-1) [ 96.2% | 97% [96.8%| 99% | 97% | 98% | 97% 98%
case (1-2) [ 92.8% | 96% [95.4%| 98% | 94% | 97% | 94% 97%
case (2-1) [ 94.8% | 97% | 97% | 99% | 96% | 96% | 96% 98%
case (2-2) [ 92.4% | 95% | 95% | 98% | 94% | 97% | 94%. 97%
Average 95.25% | 97.5%
case (1-1) [ 93.4% | 95% [94.4%| 96% | 94%. | 96% | 94% 96%
case (1-2) | 86.6% | 90% [91.6%| 95% | 89% | 93% | 88.8% | 92%
case (2-1) | 92% | 95% [93.8%| 96% | 93% | 95% | 93% 95%
case (2_2) | 85.6% | 89% | 91% | 96% | 88% | 92% | 88% 92%
Average 90.95% | 93.75%
case (1-1) [ 92.2% | 93% [94.2%| 97% | 93% | 95% | 93% 95%
case (1-2) [ 89.2% | 91% [92.6%| 95% | 91% | 93% | 90.8% | 93%

Category of Amazon Score-5| Case Name

c2

C3

c4 case (2-1) [ 91.8% | 94% [94.2%| 96% | 93% | 95% | 93% 95%
case (2-2) | 88% | 91% | 93% | 95% |90.8%| 93% | 90% 93%
Average 91.7% 94%

Karisiklik matrisi, siniflandirma modellerinin performansini1 degerlendirmede yaygin olarak
kullanilan bir aragtir. Onerilen modelimizde, karisiklik matrisi yatay eksende tahmin edilen
siiflari, dikey eksende gergek siniflar1 gosterir ve dogru ile yanlis smiflandirmalarin
ayrimini saglar. Matrisin ¢apraz elemanlar1 dogru pozitif (TP) ve dogru negatif (TN) sayisini
temsil ederek smiflandirma dogrulugunu gosterir. Bu yapi, farkli egitim veri
kategorilerindeki smiflandirma raporu bilesenlerinin ¢ikarilmasinda temel rol oynar.
Karisiklik matrislerinden elde edilen sonuglar, tiim vakalarda ve siniflarda dogru pozitif
tahminlerin arttigin1 ve boylece model dogrulugu ve kalitesinin iyilestigini gostermistir.
Sekil 3.2, 6nerilen modelin test asamasinda olusturulan karisiklik matrislerini sunmaktadir.
Alt sekiller (a), (b), (c) ve (d) sirasiyla C1, C2, C3 ve C4 veri kiimeleri i¢in uygulanan dort

vakay1 gostermektedir.
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Sekil 3.2. Yol 1 ve Yol 2’de vaka galismasi 1 modeline ait karigsiklik matrisleri (a-d), C1,
C2, C3 ve C4 veri setleri i¢in iki vakay1 gostermektedir



XXi

Tablo 3.2, dnerilen yontemle birlikte ¢esitli mevcut yaklagimlarin karsilastirmali analizini
sunmaktadir. RMSE, MSE ve MAE gibi degerlendirme metrikleri kullanilarak farkl
kullanic1 goriislerinin etkisi Ol¢iilmiistiir. Literatiirde, kisisellestirilmis Oneri hizmetlerini
gelistirmeye yonelik c¢esitli modeller yer almaktadir. RHRN modeli [7], inceleme anlamsal
cikarict, kullanict profili olusturucu ve kullanici/liriin 6neri jeneratorii olmak iizere ii¢
asamalt bir mimari sunar. Bu ¢ercevede, oy degerine gore yorumlarin faydaliligini
siiflandirmak i¢in hibrit CNN-BiLSTM modeli kullanilmistir. AFRAM modeli [8], miisteri
yorumlar1 ve puanlarindan gizli 6zellikleri yakalamaya odaklanir ve dikkat mekanizmasiyla
gelistirilmis CNN ve LSTM tabanli ¢ift yol mimarisi ile moda Oneri sistemi gelistirir.
Machine-Review Generation Model [9], insan ve makine tarafindan yazilan yorumlarda
baglam duyarli dikkat mekanizmalarmi kullanarak faydali yorumlar iiretip agiklamaya
caligir. DUPIA modeli [10], kullanic1 yorumlarini analiz ederek kullanici tercihleri ve {iriin
cekiciligi arasindaki fark: ayirt eden dikkat mekanizmalari igeren CNN tabanli bir yaklagim
sunar. Son olarak, [11] matriks ¢arpanlarina ayirma (MF) yontemiyle tahmini puanlama ve
faydali 6nerileri degerlendirirken, miisteri yorumlarindan Latent Dirichlet Allocation (LDA)

kullanarak tiriin 6zellik matrislerini ¢ikarmistir.

Cizelge 3.2. Faydalilik incelemesi analiz modellerinin RMSE, MSE ve MAE’ye gore
performans karsilagtirmasi

RMSE MSE MAE
C1 C2 C3 C4 C1 C2 C3 C4 C1 C2 C3 C4
RHRM [7] 0.592 0.468

AFRAM (8] 1.098 0.801
Machine-
generated 0.881
reviews[9]
DUPIA [10] 0.833
Deep Feature
Extractor [11]
BHRQUT. On
case (1_1) with |0.204 | 0.161 | 0.218 | 0.223 | 0.041 | 0.026 | 0.047 | 0.050 | 0.071 | 0.038 | 0.089 | 0.091
avg>=3

BHRQUT. On
case (1_2) with |0.265 | 0.219 | 0.290 | 0.264 | 0.070 | 0.048 | 0.084 | 0.069 | 0.133 | 0.073 | 0.154 | 0.139
avg>=4

BHRQUT. On
case (2_1) with | 0.217 | 0.184 | 0.233 | 0.225 | 0.047 | 0.034 | 0.054 | 0.051 | 0.076 | 0.047 | 0.102 | 0.101
avg>=3

BHRQUT. On
case (2_2) with | 0.263 | 0.226 | 0.301 | 0.268 | 0.069 | 0.051 | 0.089 | 0.072 | 0.126 | 0.083 | 0.179 | 0.145
avg>=4

Models

1.581|1.475|1.221|1.211
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Bagka bir ¢alismada [12], duygu analizini gelistirmek i¢cin CNN ve dikkat tabanli BiIGRU
modeli kullanan derin 6grenme yaklagimi dnerilmistir. Bu yontem, derecelere dayali olarak
pozitif ve negatif yorumlar1 etkili sekilde ayirt eden derin 6grenme algoritmalari
kullanmaktadir. Kitap kategorisi (C3) kapsaminda, maksimum yorum metni uzunlugunun
etkisini inceleyerek, RHRM [7] ve SLCABG [12] modellerinin siniflandirma
performanslarini karsilastirdik. Degerlendirme Kesinlik, Duyarlilik, F1-Skor ve Dogruluk
metrikleriyle yapildi. Sonuglar, modelimiz i¢in (1 1) vakasinda optimum maksimum dizi
uzunlugunun 24 oldugunu gosterirken, SLCABG modeli (maksimum metin uzunlugu 648)
RHRM modelini (metin uzunlugu 2817) geride birakmaktadir. Bu bulgular Tablo 3.3’te

ayrintili olarak sunulmaktadir.

Cizelge 3.3. Kitap kategorisi (C3) kapsaminda maksimum girdi ciimle uzunlugunun
BHRQUT modeli ve diger modeller iizerindeki etkisinin karsilastiriimasi

Models [eagigascore I Maxelength | Precision | Recall [F1 _score| Accuracy
helpfulness
RHRM [7] vote 2817 85.54% | 88.73% | 87.10% | 86.14%
SLCABG [12] rating 648 92.9% 93.8% | 93.3% 93.4%
8“2)8 HRQUT. cagg Average rating 24 93.4% 94.4% 94% 94%

3.2. Vaka Calismasi 2: Sonuglar ve Deneysel Dogrulama

Onerilen modelin etkinligi, iki Amazon veri kiimesi (DS1 ve DS2) ile bir Yelp Akademik
Inceleme veri kiimesi kategorisi kullanilarak degerlendirilmistir. Degerlendirme, iki
onceden egitilmis model tizerinde gergeklestirilmistir: Model I (Dengeli CNN-BiLSTM) ve
Model 1l (RoBERTa-base). Her veri kiimesinde yorumlar ikili olarak siniflandirilmistir:
yararli (1) veya yararsiz (0). Veriler, 6n isleme adimlariyla hazirlanmistir. Modelin
maksimum dizi uzunlugu iizerindeki etkisini incelemek i¢in hem kisa hem de uzun dizi
uzunluklarina sahip veri setleri kullanilmistir. Bu vaka ¢alismasi, kullanicilarin iiriinlere dair
yararlt yorumlarini analiz ederek ¢evrim i¢i aligveriste karar dogrulugunu artirmayi ve egitim
verisindeki giiriiltii ve dengesizlik nedeniyle asir1 6grenmeyi (overfitting) Onlemeyi

amaclamaktadir.

Kullanislt ve kullanigsiz yorumlar1 daha iyi siiflandirmak i¢in, yalnizca degerli (ortalama

puan > 3) ve degersiz (ortalama puan < 3) yorumlar egitim verisi olarak se¢ilmistir. Ortalama
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puan, dort egilim algoritmasina dayali olarak gercek ve tahmin edilen puanlarin

ortalamasiyla hesaplanmustir [5].

Modelimiz, siniflandirma performansinda en iyi metrikleri elde etmistir. Sonug¢larimiz,

asagidaki ¢alismalarla karsilagtirilabilir niteliktedir:

Differentiated Recommendation Framework [13]: Ozellik ¢ikarimu, bilgi grafi, veri artirma

ve FM tabanli bilgi transferiyle oneri iiretir, soguk baslangi¢ problemini ¢ozer.

CF(NRCF) + CF(DCCF) [14]: Kullanicilarin degerli yorumlarina gore etkili komsular

secilir.

Derin 6grenme tabanli metin incelemesi [ 15]: Derin aglar ve transformer modelleriyle 6neri

dogrulugu artirilir.

Duygu Analiz Sistemi [16]: Yorumlar toplanir, duygu analizi yapilir ve filtreleme ile oneri

sunulur.

Vaka caligsmasi 2’de, sekiz farkli degerlendirme metrigi (dogruluk, kesinlik, geri ¢agirma,
F1 skoru, MAE, RMSE, karisiklik matrisi, genelleme farki) kullanilmistir. Tiim deneyler, 5
kath ¢apraz dogrulama ile 20 epoch boyunca 100 iterasyonda gerceklestirilmistir. Egitim

verisinin %80°1 egitim, %20’si test i¢in kullanilmigtir.

Karigiklik matrisi, siniflandirma modellerinin basarimini analiz etmek i¢in kullanilir. N-
Actual, TN, FP, TP, FN degerleri ile model performansi 6l¢tilmiistiir (Tablo 3.4). Elde edilen
sonuclar, Model II’'nin (RoBERTa-base) tiim veri kiimelerinde Model I’e (Balanced CNN-
BiLSTM) gore daha yiiksek TP ve TN, daha diisik FP ve FN degerleri sundugunu
gostermektedir. Bu, transformer tabanli 6nceden egitilmis modellerin metin siniflandirma

gorevlerinde daha etkili oldugunu ortaya koymaktadir.
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Cizelge 3.4. Ug farkli veri kiimesiyle her bir dnceden egitilmis model igin &nerilen
cercevenin karisiklik matrisi

Pre-trained Model Name Dataset | N-Actual TN FP TP FN
Vodel | DSI 85409 | 41171 | 1534 | 41455 1249
(leaené odCNN-BILSTM) DS2 326201 | 149004 | 14096 | 154676 | 8425

DS3 66394 | 31359 | 1838 | 31370 1827
DSI 85409 | 41793 | 912 42192 513
Model.II Roberta-base DS2 326201 | 154197 | 8903 | 155755 | 7346
DS3 66394 | 31456 | 1741 | 31991 1206

Derin 0grenme modellerinin performansini  degerlendirirken, Ozellikle inceleme
siniflandirmas1 ve tavsiye sistemleri baglaminda, dogruluk ve modelin yeni verilere
genelleme yetenegi kritik Oneme sahiptir. Bu baglamda genelleme farki, egitim ve
dogrulama dogruluklar1 arasindaki fark olarak tanimlanir ve modelin asir1 6grenmeye karsi
dayanikliligini gosterir. Kiiciik bir genelleme farki, modelin egitim ve dogrulama verileri
iizerinde tutarli performans sergiledigini, yani veriye asirt uyum saglamadan anlaml
orlintiiler 6grendigini gosterir. Biiylik bir fark ise modelin veri setine 6zgli giiriiltiileri
ogrendigini ve genelleme kabiliyetinin diisiik oldugunu gosterebilir. Bu nedenle, genelleme
farkinin degerlendirme metriklerine dahil edilmesi, modelin giivenilirligi ve gergek diinya
uygulamalarina uygunlugu agisindan derinlemesine i¢goriiler sunar. Tablo 3.5, {i¢ farkli veri
kiimesi (DS1, DS2, DS3) iizerinde iki onceden egitilmis modelin (Model I: Dengelemeli
CNN-BIiLSTM, Model I1I: RoBERTa-base) dogruluk, kayip ve genelleme farki
karsilagtirmasini sunmaktadir. Genelleme farki, dogrulama dogrulugu ile egitim dogrulugu

arasindaki fark olarak hesaplanmistir.

Cizelge 3.5. Onerilen modelin ii¢ farkli veri kiimesi iizerindeki genelleme farki

degerlendirmesi
Pre-trained Model Name Dataset Accuracy - Generalization Loss -

Val Train Gap Val Train

Model. DS1 0.97 0.98 0.01 0.027 | 0.022
(BalancedCNN-BiLSTM) DS2 0.93 0.95 0.02 0.050 | 0.046
DS3 0.945 0.988 0.043 0.060 | 0.023

Model.ll DS1 0.983 0.986 0.003 0.065 | 0.062
(Roberta-base) DS2 0.95 0.954 0.004 0.114 | 0.110
DS3 0.956 0.962 0.006 0.116 | 0.110
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Tablo 3.6 ve Sekil 3.3 (a-c)'de performans sonuglar1 sunulmustur. Ug veri kiimesinde de,
inceleme analiziyle gelistirilen derin 6grenme modelleri, RMSE ve MAE acisindan 6nerilen
modele kiyasla daha basarili sonuglar vermektedir. Ancak, onerilen modelin Pretrained
Model II kullanilarak gelistirilen versiyonu en diisiik hata oranlarini elde etmis ve en basarili

performansi gostermistir.

DS1 (Miizik Aletleri Yorumlar1) veri kiimesinde, Pretrained Model I ile gelistirilen model
MAE: 0.016, RMSE: 0.129 ile en iyi sonucu verirken; Pretrained Model I kullanilan
versiyon MAE: 0.032, RMSE: 0.178 elde etmistir. BHRQUT modeli ise MAE: 0.038,
RMSE: 0.161 degerleriyle daha 1limli sonuglar sunmustur.

DS2 (Giyim, Ayakkab1 ve Taki Yorumlari) veri kiimesinde, Pretrained Model II ile
gelistirilen model yine en diisiik hata oranlarin1 (MAE: 0.049, RMSE: 0.223) elde etmis,
Pretrained Model | ise MAE: 0.069, RMSE: 0.262 ile onu takip etmistir. BHRQUT modeli
ise MAE: 0.091, RMSE: 0.225 degerlerine ulagmistir.

DS3 (Yelp Yorumlar) veri kiimesinde, Pretrained Model II ile gelistirilen model MAE:
0.044, RMSE: 0.210 ile en basaril1 performansi gostermistir. Pretrained Model I kullanilan
versiyon MAE: 0.052, RMSE: 0.228 degerlerine ulasirken, karsilagtirilan taban modeller
onemli 6l¢iide daha yliksek hata oranlarina sahiptir: Derin 6grenme tabanli model [15] MAE:
0.755, RMSE: 1.025 ve CF(NRCF) + CF(DCCF) modeli [14] MAE: 0.909, RMSE: 1.220

ile en diisiik basariy1 gostermistir.

Bu sonugclar, 6zellikle Pretrained Model II tabanli 6nerilen modelin, tahmin hatalarini en aza
indirerek istiin dogruluk sagladigini ve klasik/yontemsel modellere gore daha giivenilir

oldugunu ortaya koymaktadir.

Cizelge 3.6. Modellerin performansina iligkin kapsamli analiz

Study Dataset RMSE MAE Accuracy Precision Recall Flscore
Differentiated
recommendation DS2 0.8125
framework [13]
CF(NRCF)+
CF(DCCF) [14] DS3 1.22 0.909
Derin 6grenme tabanh | 44 1.025 | 0.755
metin incelemesi [15]




Cizelge 3.6. (devam) Modellerin performansina iliskin kapsamli analiz
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Study Dataset | RMSE | MAE | Accuracy Precision | Recall | Flscore

Du i

Siszlegmuiﬁrghz DS3 0.73 0.88 0.73

Proposed BHRQUT in | DS 0.161 | 0.038 0.97 0.962 0.968 0.97
case study 1 DS2 0.225 | 0.091 0.93 0.92 0.94 0.93
Proposed model in DS1 0.178 | 0.032 0.97 0.962 0.97 0.97
case study 2 using a DS2 0.262 0.069 0.93 0.92 0.95 0.93
Pre-trained Model. 1 DS3 0.228 | 0.052 0.945 0.946 0.944 0.95
Proposed model in DS1 0.129 | 0.016 0.983 0.978 0.988 | 0.983
case study 2 using a DS2 0.223 0.049 0.95 0.945 0.955 0.95
Pre-trained Model.IT DS3 0210 | 0.044 0.956 0.948 0.963 | 0.956

Pre-trained Model.ll

Pre-trained Model.|

proposed our model of case study 1
0 0,05 0,1

= MAE =RMSE

Musical Instrument Reviews (DS1 )

0,016
Proposed our model of case study 2 using — 0,129
0,032
Proposed our model of case study 2 using —
0,038

0,15

(a) Miizik aleti yorumlar1 (DS1) i¢in hata metriklerinin karsilagtirmasi

0,178

0,2

Sekil 3.3. (a-c) Ug veri kiimesi (DS1, DS2 ve DS3) iizerinde RMSE ve MAE hata

metriklerinin karsilastirmali analizi
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Clothing, Shoes and Jewelry Reviews (DS2)

Proposed our model of case study 2 using 0,049
Pre-trained Model.lI

f

0,223

Proposed our model of case study 2 using 0,069
Pre-trained Model. 0,262

0,091
proposed our model of case study 1

0,225

0 005 01 015 02 025 03
= MAE = RMSE

(b) Giyim, ayakkab1 ve taki yorumlar1 (DS2) veri kiimesi i¢in hata metriklerinin
karsilastirmast

Yelp dataset(DS3)

Proposed model using Pre-trained . 0,044
Model.ll 021

I 0,052
L 0,228

1,133
0,909
1,22

0 0,5 1 1,5

Proposed model using Pre-trained Model.|
Deep learning-based textual review [26]

CF(NRCF)+ CF(DCCF)[103]

= MAE ®mRMSE

(c). Yelp veri kiimesi (DS3) i¢in hata metriklerinin karsilastirmasi

Sekil 3.3. (devam) (a-c) Ug veri kiimesi (DS1, DS2 ve DS3) iizerinde RMSE ve MAE hata
metriklerinin karsilastirmal1 analizi

Tablo 3.6 ve Sekil 3.4 (a-c)’de goriildiigii gibi, dnerilen modelde kullanilan Onceden
Egitilmis Model II, diger modelleri geride birakmustir. Miizik Aletleri Incelemeleri (DS1)
veri setinde dogruluk, hassasiyet, duyarlilik ve F1 skoru sirasiyla %98.3, %97.8, %98.8 ve
%98.3 olarak &l¢iilmiistiir. Onceden Egitilmis Model I kullanan &nerilen model, BHRQUT
modelini duyarlilikta (%97 ve %095) gecerken, dogruluk, hassasiyet ve F1 skorunda
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BHRQUT ile benzer performans gostermistir. Yelp veri setinde (DS3), Sentiment Analysis
System [16] dogruluk, hassasiyet ve duyarlilik degerleri sirastyla 0.73, 0.88 ve 0.73 iken,
Onceden Egitilmis Model II kullanan 6nerilen modelde bu degerler 0.956, 0.948 ve 0.963
olarak belirlenmistir. Giyim, Ayakkabi ve Taki Incelemeleri (DS2) veri setinde,
Differentiated Recommendation Framework [13] dogruluk oranit 0.8125 iken, Onerilen
modelde Onceden Egitilmis Model I i¢in 0.93 ve Model Il i¢in 0.95 olarak bulunmustur. Bes
modelin dogruluk, hassasiyet, duyarlilik ve F1 skorlarma gore siralamasi su sekildedir:
Onceden Egitilmis Model II kullanan énerilen model > Onceden Egitilmis Model I kullanan
onerilen model > BHRQUT > Differentiated Recommendation Framework > Sentiment

Analysis System.

Musical Instrument Reviews (DS1)

. 0,983

0,988

Proposed model using Pre-trained Model.11 ‘78
0,983

I 0,97

0,97

Proposed model using Pre-trained Model.| 0,962
0,97

I 097

0,968

our BHRQUT model in case study 1 0,962
0,97

0,9450,950,9550,960,9650,970,9750,980,9850,99

mFlscore = Recall ®™Precision ™ Accuracy

(a) DSI1 veri setinde model performansinin Dogruluk, Hassasiyet, Duyarlilik ve F1-
Skoru ile degerlendirilmesi

Sekil 3.4. (a-c) Ug veri seti DS1, DS2 ve DS3 iizerinde modelin dogruluk, hassasiyet,
duyarlilik ve F1-Skoru metrikleri ile performans degerlendirmesi
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Clothing, Shoes and Jewelry Reviews (DS2)

I— 0,95
0,955

Proposed model using Pre-trained Model.ll _ 0,945
0,95

I— 0,93
0,95

PrOpOSEd model USing Pre-trained Model.l _0 92
0,93

I 0,93
0,94

our BHRQUT model in case StUdy 1 _0 92
0,93

Differentiated recommendation framework
[23]
. 0,8125

07 07 08 08 09 095 1

mFlscore = Recall ®mPrecision = Accuracy

(b) DS2 veri setinde model performansinin Dogruluk, Hassasiyet, Duyarlilik ve F1-
Skoru ile degerlendirilmesi

Yelp dataset (DS3)

0,956
0,963
0,948
0,956

0,95

0,944
0,946
0,945

Proposed model using Pre-trained Model.ll

Proposed model using Pre-trained Model.

0,73
0,73

sentiment analysis system [104]

o
©
[ee]

0 062 04 06 08 1 1,2

mFlscore = Recall mPrecision ™ Accuracy

(c) DS3 veri setinde model performansinin Dogruluk, Hassasiyet, Duyarlilik ve F1-
Skoru metrikleri ile degerlendirilmesi

Sekil 3.4. (devam) (a-c) Ug veri seti DS1, DS2 ve DS3 iizerinde modelin dogruluk,
hassasiyet, duyarlilik ve F1-Skoru metrikleri ile performans degerlendirmesi



XXX

4. Tartisma ve Sonug¢

Onerilen BHRQUT modeli, dort farkli Amazon inceleme kategorisi veri setinde RMSE,
MSE, MAE, Dogruluk, Geri Cagirma (Recall), Hassasiyet (Precision) ve F1-skora gore
degerlendirildi. Sonuglar, modelimizin tiim bu metriklerde temel modelleri geride biraktigini
gostermektedir (Bkz. Tablo 3.2 ve 3.3). BHRQUT modeli, Video Oyunlar (C1), Miizik
Aletleri (C2) ve Kitaplar-5 (C3) kategorilerinde RMSE’de %76,84’¢ varan iyilesme
saglamistir. Ayrica MSE ve MAE metriklerinde de sirasiyla %98,35 ve %95,26 oraninda

onemli gelismeler kaydedilmistir.

Veri setlerinde 6zet inceleme metinlerinin maksimum kelime uzunlugu sabitlenerek model
performansi incelenmis ve ¢ogu liriin kategorisinde 21 token uzunlugunun en uygun oldugu
belirlenmistir. Kisa ciimle uzunluklarinin dogrulugu artirdigi ve asir1 6grenmeyi (overfitting)
onledigi gdzlemlenmistir. Ozellikle kitap kategorisinde, 24 token uzunlugundaki girisler ile
BHRQUT modeli, ¢ok daha uzun metin kullanan modellerden (RHRM ve SLCABG) %6-9

arasinda performans artis1 gostermistir.

Calismada hem kii¢iik hem biiylik veri setleri kullanilarak, modelimizin diger yararlilik
analizi modellerine gore iistiin oldugu kanitlanmistir. Ozellikle (1_1) vakasinda, Balanced
CNN-BiLSTM tabanli derin 6grenme modeli diger tiim konfigilirasyonlardan daha yiiksek
performans sergilemistir. Miizik Aletleri (C2) veri seti, tiim metriklerde en 1y1 sonuglari
vermistir. Ayrica, ortalama degerlendirme (avg > 3) ya da ACR > 3 kullanimi, daha ytiksek

esik degerlerine kiyasla daha basarili bulunmustur.

BHRQUT modeli, TCF ve DA yontemleri ile desteklenmis ve %97 dogrulukla diger derin
ogrenme modellerini geride birakmustir. Karigiklik matrisi analizleri, modelin faydali
yorumlar1 siniflandirmada iistiin oldugunu ve kullanici egilimlerinin daha ¢ok yardimci oy
sayisina bagli oldugunu gostermistir. Sonuclar, 6nerilen modelin ger¢ek diinyada Amazon,
Alibaba ve Netflix gibi platformlarda kullanilabilirligini ve kullanici tercihleriyle satin alma

davranis1 arasindaki iliskiyi basariyla ortaya koymaktadir.

Ikinci model PRE-DHRRF’de, iki &nceden egitilmis model, Balanced CNN-BiLSTM
(Model 1) ve Roberta-base (Model II), ti¢ farkli veri seti (DS1, DS2, DS3) iizerinde

siniflandirma performansini degerlendirmek i¢in kullanilmastir.
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Tablo 3.4’da, iki modelin (Balanced CNN-BILSTM ve Roberta-base) ii¢ veri setindeki
(DS1, DS2, DS3) karigiklik matrisi bilesenleri (TN, FP, TP, FN) verilmistir. Bu bilesenler
dogruluk ve geri ¢agirma gibi temel degerlendirme metriklerini dogrudan etkiler. Yiiksek

TP degerleri dogrulugu artirirken, diisiik FN degerleri geri cagirmayai iyilestirir.

Tablo 3.5 ’te gorildiigii lizere, Model I (Balanced CNN-BiLSTM), {i¢ veri setinde giiclii
genelleme yetenegi ve asir1 0grenme (overfitting) ile etkili miicadele gostermistir. DS1°de
dogrulama dogrulugu %97, egitim dogrulugu %98 olup genelleme farki %1°dir. DS2 i¢in
dogrulama ve egitim dogrulugu sirasiyla %93 ve %95, genelleme farki %2’dir. En biiyiik
fark %4.3 ile DS3 veri setinde gbzlemlenmistir. Tim veri setlerinde kayip (loss) degerleri
diisiik seviyelerde kalmistir. Bu sonuglar, Model I’in egitim verilerinden asir1 6grenmeden

giivenilir sekilde 6grendigini gostermektedir.

Model Il (Roberta-base) ise 6zellikle uzun ve karmasik metin igeren DS3 veri setinde giiglii
performans sergilemis, tiim veri setlerinde ¢ok diisiik genelleme farklariyla basarili sonuglar
elde etmistir. DS1°’de dogrulama ve egitim dogruluklar1 sirasiyla %98.3 ve %98.6’drr,
genelleme farki yalnizca %0.3’tiir. DS2 ve DS3 i¢in genelleme farklar1 %0.4 ve %0.6 olarak
raporlanmistir. Kaybi degerleri Model I’e kiyasla biraz daha ytiksek olmakla beraber, kiigiik
genelleme farklari modelin karmasik kaliplar1 asir1 6grenmeden Ogrendigini ortaya

koymaktadir.

Tablo 3.6, Sekil 3.3 ve 3.4’de sunulan sonuglar, 6nerilen yaklagimin diger yontemlere gore
onemli performans iyilestirmeleri sagladigini gostermektedir. Balanced CNN-BiLSTM
modeli, ii¢ veri setinde Roberta-base modelini genel olarak geride birakmustir. Onerilen
modelin dogruluk oranlar1 DS1 igin %98.3, DS2 i¢in %95 ve DS3 igin %95.6’dir. Hassasiyet
(Precision), duyarlilik (Recall) ve F1 skorlar1 da yiliksek seviyelerdedir. Ayrica, onerilen
model RMSE ve MAE degerlerinde de diger yontemlere kiyasla daha diisiik hata oranlar

gostermistir.

Ozellikle PRE-DHRRF modeli, onceki Balanced CNN-BiLSTM tabanli BHRQUT
modeline gére DS1 ve DS2 veri setlerinde daha iyi sonuglar sunmustur. Bu iyilesmeler,
ozellikle Recall ve MAE metriklerinde belirgin olup, diger metriklerde de benzer gelismeler

gozlemlenmistir. Derin 0grenme temelli yaklasimlarin, iyi hazirlanmis veri setleri ile
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birlikte, inceleme metni siniflandirmasinda istatistiksel metriklerle uyumlu oldugu ortaya

konmustur.

PRE-DHRRF modeli, kullanicilarin iiriinleri degerlendirme egilimlerindeki farkliliklar1 ve
dengesiz veriyi dengelemek i¢in veri artirma (data augmentation) tekniklerini
kullanmaktadir. Dogal dil isleme yontemleriyle 6n islenen verilerle, 20 epoch ve 5 kat capraz
dogrulama ile egitilen modeller, ortalama %98.3 dogruluk, %97.8 hassasiyet, %98.8
duyarhilik ve %98.3 F1 skoruna ulasmistir. Her iki model de {iriin Oneri sistemlerini
gelistirmek amaciyla kullanici tarafindan olusturulan igerikleri analiz etmek igin
gelistirilmistir. Ancak, ozellik entegrasyonu, model bilesimi ve ince ayar stratejileri
acisindan farkli yaklasimlar benimsemektedir. Tablo 4.1, bu iki modelin mimari farklarini

One ¢ikarmaktadir.

Elde edilen sonuglar, Onerilen c¢ergevenin e-ticaret platformlarinda inceleme ve
degerlendirme sistemlerini dnemli Olcilide iyilestirme potansiyelini ortaya koymaktadir.
Diistik genelleme farki ve yiiksek performans, modelin gercek diinya uygulamalarinda da
giivenilir oldugunu gostermektedir. Bu yaklasim, kullanicilarin faydali yorumlari otomatik
olarak belirlemesini saglayarak, daha bilingli satin alma kararlarin1 destekler ve kullanici
memnuniyetini artirir. Ayrica, igerik denetleyiciler i¢in inceleme filtreleme siireglerini
kolaylastirarak 1s yiikiinii azaltir ve operasyonel verimliligi ylkseltir. Boylece dijital

platformlarda kaynaklarin etkin kullanimi ve kullanici deneyiminin gelistirilmesi saglanir.

Cizelge 4.1. BHRQUT ve PRE-DHRRF modellerinin karsilagtirmali genel goriiniimii

Aspect BHRQUT PRE-DHRRF

Onceden Egitilmis ve Dengelenmis
CNN-BIiLSTM + RoBERTa
backbone

Amazon Reviews (DS1, DS2) with
Amazon Reviews data (C1, C2, C3, textual reviews (summary), user-id,

Ozellestirilmis Dengeli CNN-

Model Mimarisi BIiLSTM Modeli

Veri Seti and C4) with textual reviews item-id, and overall ratings
(summary), user-id, item-id, and features, and Yelp Dataset (DS3)
overall ratings features with user-id, item-id, full review

text, and star ratings features
Embedding tokenized sequences +
helpful label (0/1) in pre-trained

Girdiler Embedding tokenized sequences + Balanced CNN-BIiLSTM, and

helpful label (0/1) Positional encoding tokens+helpful
label (0/1) with using ROBERTa
model
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Cizelge 4.1. (devam) BHRQUT ve PRE-DHRRF modellerinin karsilagtirmali genel

gorunimi
Aspect BHRQUT PRE-DHRRF
Maksimum Girdi | Tested on 21, 22, 23, 24, 25, 30, 38, Tested on 21, 24, 690 token
Uzunluklari 44 token sequence lengths sequence lengths
e .| Ozellikle kisa ve uzun
Performans I;:‘Sfﬁlfl? a maliyeti diigik, rekabetci incelemelerde daha yiiksek
& dogruluk ve daha iyi genelleme
Overfitting Dengelenmis egitim verisi ve %0.5 Dve.n.glgel'enn.llls'egltlr{l Yiﬂsh Onceden
Handling dropout kullanimi1 cgitilmis bilgi ve diisiik dropout
orani (%0,1) kullanimi

e Hafif yapr e Ustiin genelleme yetenegi

e Daha hizli egitim siireci * g?glﬁlanliﬁ.s?lf nlays
Avantajlar e Goreve Ozel uyarlanabilirlik : H se kenehl 1

o Kisa incelemelerde basarilt piem Kisa iem uzun

erformans incelemelerde basarili
P performans

TCF algoritmasi, veri artirma ve NLP | TCF algoritmasi, veri artirma
Yenilikler tekniklerinin CNN ile yerel 6zellik yontemleri ve biiyiik bir NLP

cikarimi ve BiLSTM ile siralt korpusundan transfer 6grenmenin

modellemenin birlesimi birlestirilmesi

5. Simirlamalar ve Gelecek Calismalar

Bu ¢alismanin temel sinirlamalarindan biri, inceleme siniflandirmasinda yalnizca puanlama
temelli gostergelere dayanilmasidir; bu yaklagim, daha karmasik baglamsal analiz gerektiren
durumlarda yetersiz kalabilir. Ayrica, uzun inceleme metinlerinin islenmesi sirasinda model
performansi ve bellek kullanimi kisitlamalar1 gézlemlenmistir. Tendency tabanli isbirlik¢i
filtreleme yonteminin biiyiik veri setlerinde 6lgeklenebilirlik sorunlart yasamas: da dnemli

bir diger kisitlamadir.

Gelecek caligmalarda, modellerin uzun metinleri daha iyi isleyebilmesi i¢in dikkat
mekanizmalar1 ve hiyerarsik yapilar gibi gelismis mimariler entegre edilebilir. Ayrica, liriin
gorselleri, stok durumu ve iiretim tarihi gibi ek baglamsal verilerin modele dahil edilmesi
faydali olacaktir. Isbirlik¢i filtrelemede hesaplama yiikiinii azaltacak daha verimli
yontemlerin gelistirilmesi, 6n isleme ve egitim siireclerinin bellek optimizasyonu da

arastirilmasi gereken alanlardir.

Bunun yani sira, incelemelerin zaman dinamiklerinin modellenmesi ve NLTK gibi dogal dil
isleme araglarinin derin 6grenme kiitiiphaneleriyle entegrasyonu, sistemlerin gergek diinya

uygulamalarinda daha etkili caligmasini saglayabilir. Son olarak, farkli derin 6grenme
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algoritmalarinin g¢esitli e-ticaret senaryolarinda karsilastirmali degerlendirilmesi, modellerin

genel uygulanabilirligini artiracaktir.

10.
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1. INTRODUCTION

The rise of e-commerce and the proliferation of online platforms have facilitated the spread
of misleading and unreliable product reviews and ratings posted by consumers, paving the
way for the emergence of deepfakes. This growing challenge can generate anxiety and
distrust among users, as individuals struggle to make informed purchasing decisions. In an
era of advanced technology, it is essential to implement robust systems capable of
distinguishing between genuine and deceptive information. Deep learning-based review
analysis algorithms have gained popularity due to their powerful discriminative capabilities
and their effectiveness in detecting valuable reviews. However, many existing deep learning
approaches still struggle to identify helpful reviews accurately. E-commerce platforms face
considerable challenges in filtering and prioritizing useful content to enhance their
recommendation services. Although these platforms rely heavily on user-generated reviews
to shape consumer behavior, not all reviews contribute equally to the decision-making
process. The task of identifying and highlighting helpful reviews remains complex due to
the vast volume of data, diverse linguistic patterns, and inherent biases present in user
feedback.

E-Commerce involves marketing and selling products online using electronic devices. It can
be divided into three trends: Business to Business (B2B), Business to Consumer (B2C), and

Consumer to Consumer (C2C) [1].

Online purchasing has been increasingly popular in recent years, particularly during the
coronavirus outbreak, and this has led to an explosion of data and information on the World
Wide Web [2]. Due to concealed items that are just impossible to find, people may find it
challenging to select a product that suits their needs and preferences, as well as their
expectations and behaviours. Because of this, there needs to be a bridge or connecting link
that structures the relationships of inclinations between users, items, or users and items. In
response to this challenge, the multi-directional recommendation system emerged,
expanded, and became significant in various fields, including information systems, social
media, economics, and learning. The main goal of these systems is to create a predictive

model capable of estimating the prediction function [3].



The success of e-commerce marketing largely stems from recommendation systems, which
tailor the shopping experience to individual customers. Creating a recommendation system
for e-commerce helps platforms deliver the most relevant information to customers at the
right time, fostering customer loyalty and creating a more seamless shopping experience.
The overall perspective of the recommendation system, illustrated in Figure 1.1, is a three-
layer process. Layer 1 is the Input Layer that represents customers entering the platform.
The icons symbolise multiple users providing their preferences, browsing history, or
purchase behaviour as input data. Layer 2 is the Recommender System and
Recommendation. The central layer contains the recommendation system, which processes
the input data using algorithms (e.g., collaborative or content-based filtering). The item
features are what the content-based recommender systems rely on. It suggests things that
share features with the one the user previously selected. The recommendation algorithms
known as collaborative filtering (CF) depend on the similarity between users and objects.
According to CF, two users are similar if they have previously selected and suggested the

same item to one another [4].

The recommendation output is a list, representing personalised product suggestions tailored
to each user. Layer 3 is the Output Layer, representing the customer receiving personalised
recommendations. The single-user icon signifies a unique, tailored shopping experience

based on the system’s suggestions.

/ Layer 1 Layer 2 Layer 3 \
Input Layer

Output Layer
Recommender  p. ommendation

< system =
e @& 19
b A

Figure 1.1. Overview of the recommendation system

Product customers provide reviews in text format [5]. The main way these reviews function
as an essential information source for customers making judgments about what to buy is by
rating things on a scale of 1 to 5 (often referred to as stars) [6]. In the era of sophisticated
technology, having a reliable system that can discriminate between accurate and fraudulent



information is essential. The rise of e-commerce and the development of online platforms
have facilitated the spread of misleading and unreliable product reviews and ratings posted
by consumers, paving the way for deepfakes. This can create anxiety and distrust as
individuals cannot easily make purchasing decisions. In the age of advanced technology, it
is crucial to have a robust system that can distinguish between real and fake information.
Preferences for unrated items were predicted using collaborative filtering and K-Nearest
Neighbours (KNN) algorithms based on the similarity between consumers' ratings.
However, consumers may assign extreme ratings, the lowest or highest possible scores,
without sufficient justification. This raises concerns regarding the reliability of star ratings,
as they often lack explanatory context. To enhance the credibility of these ratings, they
should be supported by detailed customer reviews. Such reviews enable other users to assess
the fairness and validity of the ratings, thereby improving the transparency and reliability of

the evaluation process [7].

To improve recommendation systems, user reviews are essential, especially when
overcoming the drawbacks of conventional collaborative filtering techniques. When users
submit few or no ratings, collaborative filtering suffers from the well-known rating sparsity
problem, even if it works effectively with enough rating information. This problem makes it
harder for the algorithm to understand user preferences and narrows the coverage of the
suggestion space. Instead of scalar ratings, user reviews offer more detailed, fuller feedback
that provides essential information about item attributes and user preferences [8].
Incorporating user reviews into recommender systems, though, presents several challenges.
Processing and analysing massive amounts of unstructured text data requires a lot of
computer power and sophisticated natural language processing methods. Extracting
consistent and trustworthy features is further complicated by the subjective nature of
evaluations, which includes a range of writing styles and possible biases. The authors
emphasise the necessity for reliable techniques to efficiently understand and apply this

information to increase suggestion accuracy without adding additional biases or complexity.

Deep learning-based review analysis algorithms are very popular due to their strong
discriminative capabilities and ability to detect valuable reviews. However, many deep

learning methods based on review analysis must identify valuable reviews more effectively.



E-commerce platforms face significant challenges in filtering helpful reviews to improve
recommendation services. While these platforms rely heavily on user-generated reviews to
influence purchasing decisions, not all reviews contribute equally to the decision-making
process. Identifying and prioritising helpful reviews is complex due to the sheer volume of
data, diverse linguistic expressions, and potential biases in user feedback. Existing methods
need to more effectively utilise the rich knowledge underlying the features learned by deep
neural networks. Li et al highlighted the limitations of traditional approaches and proposed
a hybrid CNN-based model [9]. The embedded Convolutional Neural Network (CNN)
model was utilised to enhance and transform additional features into feature vectors. These
vectors were subsequently used for sentiment classification through a Bidirectional Long
Short-Term Memory (BiLSTM) network [10].

Review sites have become an essential source of information for consumers when deciding
what to buy. However, with the increasing number of reviews online, consumers face the
problem of information overload. To alleviate this problem, many e-commerce platforms,
such as Amazon and Yelp, have developed a review-rating scoring system allowing users to
rate their reviews. Xinzhe Li and colleagues proposed a mechanism for e-commerce
platforms to incentivise relevant and valuable reviews by incorporating ratings and votes as
part of their multichannel entry design [11]. The usefulness of online reviews was estimated
by integrating review content, history, and product details using a context-sensitive coding
mechanism and CNN (Convolutional Neural Network) [12]. To gain a deeper understanding
of user preferences and product features, Suyu and colleagues developed a neural
recommendation framework that incorporates the usefulness of reviews into the
recommendation process. This method aims to improve recommendation quality [13].
Moreover, the Dual Attention Recommendation Model using Reviews and their Helpfulness
(DARMH) model provides a multi-task learning approach for rating prediction and review

usefulness [14].

Recommendation models are mainly classified as collaborative filtering and content-based
recommendation frameworks based on the types of information available [15]. Collaborative
filtering models analyse user preferences using historical interaction data and user
behavioural similarities [16]. A user similarity matrix is used to infer user preferences and
tendencies. However, since this approach relies heavily on users' historical data, the problem

of “cold start” for new users arises. Propensity modelling has improved personalised



recommendations, incorporating complex factors such as temporal dynamics[17]. In this
thesis, our work adopts a simplified propensity-based model incorporating user and item

rating biases for improved rating predictions.

The primary function of recommender systems is to provide tailored information and
recommendations that improve user experience and increase user satisfaction and
engagement. However, data scarcity is a significant problem for these systems. Since real-
world datasets often need more complete user-item interaction data, this leads to sub-optimal
performance. The dependence of recommender systems on sparse user-item interaction data
further reduces their effectiveness and makes them wvulnerable to problems such as
overfitting or undergeneralisation. Data augmentation techniques play a critical role in
overcoming such data gaps and improving the accuracy of recommender systems [18]. Data
augmentation extends data sets by producing additional or modified versions of existing
data. For example, work in [19]. aimed to increase the amount and diversity of training data
by using adversarial examples in collaborative filtering and content-based filtering
algorithms through feature injection, synthetic data generation, and data augmentation

techniques.

Data Augmentation is a technique used to artificially increase the size and diversity of a
dataset by creating modified versions of existing data. It is widely used in machine learning,
especially in review classification, natural language processing, and speech recognition. The
CorpusAugmentation algorithm is a data augmentation method that uses LDA and n-grams
to generate positive and negative trigrams of each review text. Researchers have studied the
effects of text data augmentation on sentiment classification quality by combining direct data
augmentation (DDA), back translation (BT), pre-trained data augmenter (PREDATOR), and
BART augmentation methods with various deep learning and machine learning
classification methods [20]. Another study fine-tuned the T5 model to create new questions
from user reviews, using reviews as documents and review summaries as answers [21]. A
study focused on the impact of data augmentation on dialogue intention classification [22].
To better capture relationships between users and items, a user-item knowledge graph was
constructed, allowing for enriched interaction modeling. To address challenges related to
limited data, a data augmentation method incorporating knowledge transferwas employed.
This approach refines item representations by assigning more informative labels and

reducing redundancy[23].



Traditional recommendation systems often fall short in accurately inferring user preferences,
particularly in data-scarce scenarios. To mitigate this, sequential recommendation models
have been developed to predict user behavior, such as viewing or purchasing, based on prior
activity. These models are particularly effective in domains with sparse interactions by
leveraging pretrained knowledge from related tasks[24]. A notable example is the Deep
Transfer Learning with Multimodal Embedding (DTLME) model, which integrates textual,
visual, and metadata features to enhance predictive performance under limited interaction
history conditions [25]. Recommender systems often rely on numeric ratings or purchase
histories, which may miss nuanced information in user reviews. Therefore, the textual
reviews improve recommendations by leveraging deep transformer models to extract latent
features [26]. Developing language model-based recommendation systems (LMRS) that
effectively balance user privacy with high-performance recommendation algorithms remains
a significant challenge. While recommendation systems leveraging customer review analysis
have reached a certain level of maturity, their integration and optimisation within the e-

commerce domain are yet to be fully realised.

To address class imbalance in helpful review analysis, this study applies an oversampling
data augmentation technique. Specifically, unhelpful reviews, typically underrepresented,
are syntactically varied by substituting words with their synonyms, thereby preserving
semantic meaning while generating diverse input samples. This approach enhances the
model's ability to generalize by increasing exposure to varied training data. Rather than
reiterating the broader importance of helpful reviews, the focus here is on how data
augmentation improves classification accuracy and model robustness in real-world
recommendation scenarios. This study addresses challenges such as data insufficiency, cold
start, and overfitting by constructing a recommender system utilising a real-world e-

commerce dataset.

Specific categories from the Amazon and Yelp datasets were selected to ensure a
representative and meaningful evaluation of our proposed models in the context of real-
world e-commerce scenarios. For Amazon, categories such as Video Games, Musical
Instruments, Books-5, and Clothing, Shoes, and Jewelry were chosen due to their high
volume of user reviews and the diversity of consumer opinions they attract. These categories
are central to everyday online shopping experiences and involve complex decision-making

processes where helpful reviews are especially valuable. Similarly, for Yelp, categories like



Restaurants, Shopping, and Beauty & Spas were selected because they reflect common
consumer services that rely heavily on user-generated feedback. These domains often
involve subjective experiences and varied language patterns, making them ideal for testing
the robustness and generalization capabilities of review analysis models. Together, the
selected categories capture a broad spectrum of consumer behavior and linguistic diversity,
thereby enhancing the validity and applicability of our findings to the broader e-commerce

landscape.

For this research, various study items were investigated using two analysis frameworks
(BHRQUT, PRE-DHRREF). The increase in computer capacity and NVIDIA's TITAN XP
graphics cards have advanced Deep Learning (DL) for various applications, including NLP
and text classification, which is the focus of this study. This research will use a DL model to
train on Amazon and Yelp datasets to develop an e-commerce recommendation system. To
enhance model performance, this research optimises user rating values using the Tendency
Collaborative Filtering (TCF) algorithm, balances review samples through data
augmentation, and explores strategies to reduce overfitting while improving accuracy. Two
novel deep learning frameworks are introduced: BHRQUT, which utilises a balanced CNN-
BiLSTM architecture, and PRE-DHRRF, which extends this structure by incorporating
pretrained layers. Both models are trained in review-based text sequences, and their
effectiveness is evaluated through comparative analysis. This approach aims to investigate
the role of data balancing and pretrained components in improving review analysis, an area

not yet fully explored in related work.

The key contributions of this research are as follows:

e We offer a solution for classifying informative feedback by leveraging deep models based
on the characteristics of review datasets from popular e-commerce sites like Yelp and
Amazon, along with the latest advancements in deep learning. We utilized four sets of
Amazon review datasets and one Yelp Academic Review dataset to evaluate our studies.
Our proposed method outperforms the baseline investigations in terms of accuracy,
precision, recall, F1 score, misclassification rate (MAE, RMSE), confusion matrix, and
generalization gap.

e \We examined how the size of the helpfulness measured ratio affected the star scores (3,4)

in the Amazon review dataset, both with and without TCF, in four different scenarios.



e We also analysed how the input sentence length influenced the first model's performance
(BHRQUT). Subsequently, we selected the Amazon review dataset category with the
highest case accuracy and tested it along with the Yelp dataset in the second model (PRE-
DHRRF).

e The sparsity problem presents a fundamental challenge for many recommendation models
based on collaborative filtering algorithms. To address this issue, we propose a
combination of propensity collaborative filtering methods and transducer-based pre-
trained models to prevent the model from overfitting to limited data and to enhance its
performance on unseen instances.

e This paper presents a pre-trained framework for deep, practical review proposals. This
framework utilises a two-path architecture to enhance classification results. The first path
employs a custom model, CNN-BiLSTM, tailored to fit the nuances specific to the dataset
and classification objectives. The second path incorporates a pre-trained transducer model
(Roberta-base), recognised for its superior ability to process text sequences. This model
is initially trained on a specific dataset, after which its weights are reused on other
datasets. This two-way configuration boosts the framework’s adaptability and accuracy
by leveraging the generalisation capabilities of a generic model combined with the high

performance of a custom model.

Deep learning

Deep learning, a subfield of machine learning, has become an increasingly prevalent
application area for deep neural networks. Rather than relying on specialised algorithms
tailored to specific tasks, deep learning emphasises data-driven learning to develop more
generalised solutions across diverse datasets. This approach holds significant promise for
addressing artificial intelligence challenges within machine learning. Deep neural networks
are multilayer neural networks that contain two or more hidden layers [27]. In deep learning,
there is a structure based on learning multiple levels of features or representations of data.
High-level features are derived from lower-level features to form a hierarchical
representation [28]. Some of these features represent the data better. In deep learning
methods, practical algorithms are used for hierarchical feature extraction that best describe

the data instead of manually extracted features.



In recommendation systems, deep learning is crucial by leveraging neural networks to
capture complex user-item interactions, extract meaningful features from textual reviews,
and enhance personalisation. These models are widely applied in domains such as
monitoring user activity, digital libraries, movies to watch, text and news to read on web
pages, product recommendations, personalised advertising, content filtering, and user
preference prediction, significantly improving recommendation accuracy and user
engagement [29], [30].

The factors that make deep learning architectures a fascinating field of study include:

e Deep learning, in contrast to conventional machine learning, can automatically learn and
extract pertinent features from preprocessed data without human engineering.

e Deep neural networks are characterised by their ability to represent the creation of
accurate and reliable relationships and patterns in data due to their multiple layers of
learning.

e Models based on deep learning are appropriate for real-world applications because they
can manage high-dimensional and large-scale datasets.

e Deep learning models can retrieve implicit data by using multiple hidden layers.

e The continuous advancements in activation functions (e.g., ReLU, GELU), data training
strategies, and data augmentation methods improve model performance and
generalisation. Additionally, transfer learning allows models to leverage pre-trained
knowledge from large datasets, reducing the need for extensive training data and
accelerating learning in new tasks. This is particularly valuable in applications with
limited labelled data, such as recommendation systems, where pre-trained models can be

fine-tuned for personalised recommendations.

In deep neural networks, multiple hidden layers facilitate the hierarchical extraction of
complex patterns from data. These networks progressively learn representations,
transitioning from simple to intricate features across successive layers. Each layer
establishes relationships with its predecessor, enabling a more detailed analysis of input data.
This structured learning process enhances the model's capability to offer more precise and
informed decisions [31]. Deep learning specialisations known as convolutional neural
networks (CNNs) and recurrent neural networks (RNNSs) have various types of architectures
designed. Specifically, Bidirectional Long Short-Term Memory (BiLSTM) handles
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sequential data in both forward and backwards directions. These algorithms are used in many
subject areas, including the classification of helpful reviews in recommendation systems,
and these strategies are useful for various problems because they provide superior results

comparable to or even better than human reasoning.

Convolutional neural networks (CNN)

The Convolutional Neural Networks (CNNs) algorithm is similar to standard supervised
learning techniques. It takes images as input, extracts essential features from each image,
and then trains a classifier based on these features. One of the main advantages of CNNs is
their capacity to learn feature representations automatically. Unlike traditional supervised
learning methods that necessitate manually created feature extraction algorithms, CNNs
independently carry out feature extraction and representation learning. During the training
phase, the network optimises the classifier parameters and the extracted features by

minimising the classification error.

Furthermore, the hierarchical structure of CNNs enables the extraction of features at varying
levels of complexity, ranging from simple patterns to more abstract representations. This
automated feature extraction and prioritisation process allows the network to adapt to the
specific problem at hand, eliminating the need for manual feature engineering. The ability
of CNNs to learn and refine features directly from the input data constitutes a significant
advantage over conventional learning methods, as the network independently handles the

entire feature extraction process.

The fundamental component of this type of neural network is its structure, which serves as
a feature extractor. This is achieved through template matching, facilitated by applying
convolutional filtering operations. In the initial layer, the network filters the input image
with multiple convolutional kernels, producing "feature maps." These feature maps are then
normalised using an activation function and may be resized. This process can be repeated
multiple times, where the resulting feature maps from one layer are further processed with
new convolutional kernels. This iterative filtering generates new feature maps, which are
again normalised and resized before undergoing additional convolutional operations.

Ultimately, the values from the final set of feature maps are concatenated into a feature
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vector, which serves as the output of the first processing block and acts as the input for the
next stage of the network [32].

The selection of hyperparameters in the design of CNN networks is a critical challenge that
significantly impacts model performance. The choice of these hyperparameters and their
respective values is influenced by various factors, including the nature of the dataset, the
expertise and intuition of the researcher, advancements in the field, and empirical results
obtained from different applications. Proper hyperparameter tuning is essential to optimise
the network's learning process and generalisation capabilities. The main parameters that can

be used when designing a model using CNN are as follows:

e Number of convolutional Layers.

e Number of kernel layers.

o Filter Size.

e the step size for the convolution operation (stride).
e Padding: Same (zero-padding) or valid (no padding).
e Pooling layers(type and number).

e Batch size.

e Number of epochs.

e Learning rate.

e Optimiser algorithm.

e Loss function.

e Dropout rate.

e L1/L2 Regularisation (weight decay).

e Batch Normalisation.

In numerous studies, hyperparameters are optimised through iterative experimentation using
a test-and-evaluate approach. The most optimal configuration for the model, yielding the
best performance, is identified based on empirical results [33].

Bidirectional long short-term memory (BiLSTM)

In recommendation systems that use sequential inputs (such as user-item or user-user

relationships), prior input data is required to predict a new, helpful recommender for the
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user. A group of deep neural networks called recurrent neural networks (RNNs) is made to
process sequential input in a loop that uses prior knowledge to classify the data by inferring
meaning from frames, because of their capacity to build connections with the past. RNNs
are adept at time-based tasks, but with this approach, the model keeps all the data. Activities
require specific types of information, but not all of it. Therefore, not all of the past has to be
preserved to categorise particular behaviours. RNNs, in contrast to conventional feedforward
networks, have feedback loops, which enable them to capture temporal dependencies in
input and maintain information from previous time steps. However, the vanishing and
ballooning gradient issues plaguing typical RNNs make it challenging to recognise long-
term relationships in sequences [34].

In predicting long events in the past, RNNs require a distinct architectural design. Long
Short-Term Memory (LSTM) networks, a more effective type of RNN, have been proposed
to solve these issues. Since RNNs' internal architecture repeats itself, it is theoretically
possible for them to remember long-term activity. However, the criteria for recall must be
carefully chosen because, in practice, such parameter selection is often infeasible. Despite
claims that this architecture accounts for information from earlier time points, it is said that
the gradient loss problem prevents this from occurring. By incorporating a customised gating
system that controls the information flow and consists of forget, input, and output gates,
LSTMs improve upon conventional RNNs, as illustrated in Figure 1.2. This process is
achieved using an activation function. We can use various activation functions, such as Tanh,
Sigmoid, or Relu. LSTMs are particularly useful for problems with long-range dependencies
due to their architecture, enabling them to remember or forget information over extended
periods selectively. Consequently, LSTMs have been effectively applied in numerous fields,
including time-series forecasting, speech recognition, and natural language processing in
review analysis to suggest products. In a Long Short-Term Memory (LSTM) unit, the current
input vector xt and the previous hidden state 4t—1 are fed into three key gating mechanisms:
the forget gate, the input gate, and the output gate. The forget gate determines which parts
of the previous cell state Ct—1 should be discarded, allowing the network to eliminate
irrelevant or outdated information. Simultaneously, the input gate regulates the amount of
new information from the current input and hidden state that should be added to the memory,
facilitating the incorporation of relevant new data. The candidate cell state, generated using
a tanh activation, provides potential values to be added to the cell state. These two

components work together to update the cell state Ct, which serves as the unit’s internal
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memory and is passed on to the next time step. Lastly, the output gate determines which
parts of the cell state should be exposed as the output hidden state A4t by applying a filtered
version of the memory through a tanh activation followed by element-wise multiplication.
This updated hidden state At is then propagated to the next LSTM unit in the sequence or
layer, enabling the model to capture long-term dependencies in sequential data.[35].
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Figure 1.2. LSTM layers architecture

By processing input data in both forward and backwards directions, Bidirectional Long
Short-Term Memory (BiLSTM) networks, which build upon LSTMs, further enhance
sequential modelling by resolving ambiguity by considering both preceding and succeeding
context. This is helpful in text-to-speech synthesis and sentiment classification to
comprehend sequential data relationships and attain greater accuracy. Two LSTM layers are
used; one reads the sequence from the future to the past, and the other from the past to the
future. BiLSTMs capture a more thorough depiction of context. This bidirectional processing
improves efficiency in tasks like machine translation, named entity identification, and
sentiment analysis that call for a deeper comprehension of dependencies [36]. Figure 1.3.
The BILSTM improves sequence modelling by processing input data in forward and

backwards directions. The Forward LSTM propagates input data from past to future
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(x¢—1 5x¢ = x:41)The Backwards LSTM processes the sequence in the reverse direction
(xt41-x: = x¢—1). Where t represents the time of the sequence data, the hidden states are
generated by both binary directions, forward and backwards LSTMs. The output state
incorporates information from both the past and the present. (y;_, x; — y:+1)and future
(Vt415Ye = Ve—1)Contexts. The BILSTM network is beneficial for sequential data tasks

and natural language processing (NLP), where contextual awareness is essential.
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Figure 1.3. Representation of the BIiLSTM

A common problem in machine learning, particularly in its application within e-commerce,
is that models are prone to overfitting. Overfitting occurs when a model captures randomness
or irregularities in the training data, resulting in excellent performance on the training set but
poor generalisation to unseen data, such as the validation set. This issue is especially critical
for e-commerce platforms, where recommendation systems depend on models to analyse
diverse and noisy user-generated data, including reviews and ratings. Models that overfit
may struggle to accurately predict the helpfulness of reviews, undermining their ability to
enhance user experience and inform purchasing decisions. Rice et al. [37] emphasised that
overfitting affects model robustness and limits its capacity to generalise to adversarial or
complex real-world scenarios. Thus, addressing overfitting is essential for ensuring the
reliability and scalability of machine learning models in e-commerce applications. The
accuracy of the recommendation model plays a crucial role in determining the model's
success or failure. If the product the system recommends aligns with the user's preferences,
the user may develop trust in the system. Consequently, achieving high accuracy and robust
performance in text classification is of utmost importance. However, similarity-based
algorithms encounter serious challenges, such as overfitting and observation sparsity, which

hinder the development of recommender systems [38].



15

Recommender systems often struggle with limited user-item interaction data and diverse
user preferences, which can reduce the accuracy of traditional models. To address these
challenges, transfer learning leverages insights from related tasks or domains, enhancing
recommendation quality despite sparse data. This approach is particularly valuable in e-
commerce, where personalized, relevant suggestions are essential for user satisfaction.
Zhang et al. [39]highlighted its potential to improve recommender systems by utilising pre-
trained models and fine-tuning them for domain-specific applications. However, despite its
promise, effectively transferring knowledge while addressing domain discrepancies and
ensuring scalability remains a significant challenge for e-commerce platforms. This paper
proposes a new model to improve accuracy, eliminate the issues, and simultaneously address

both challenges.

The Yelp Academic Review Dataset and Amazon Review Dataset serve as well-established
benchmarks for research in e-commerce recommendation systems, particularly in analysing
customer reviews and ratings. A comprehensive collection of customer reviews from the
Amazon Review Dataset was developed to support sentiment analysis, recommendation
systems, and natural language processing (NLP) research. Product and user IDs, review
content, star ratings, review summaries, helpfulness votes, and timestamps are among the
structured data it contains. the study has made substantial contributions to the dataset, which
has been made available in several editions. This data set was created primarily to assess
customer feedback, refine text classification algorithms, detect fraudulent reviews, and
improve personalised recommendation models. Researchers frequently use it to train deep
learning models like XLNet, GPT-2, and TFRobertaForSequenceClassification, which allow
for more precise sentiment categorisation and functional review prediction. Additionally, the
dataset is a valuable tool for temporal analysis, enabling researchers to examine customer
satisfaction patterns across time. The Amazon Review Dataset remains one of the most
significant benchmarks for Al-driven review analysis and recommendation system
development due to its vast size and diversity across product categories [40]. Likewise, the
Yelp Academic Review Dataset, available from Yelp since 2013, encompasses structured
information on businesses, including customer-written reviews, star ratings, business
attributes, and user interactions. This dataset is invaluable for studying consumer behaviour,
sentiment analysis, and personalised recommendation models within local businesses, such
as restaurants and retail stores [41]. In our research, we selected these datasets to develop a

rating-based recommendation system that employs natural language processing (NLP) and
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deep learning models to extract meaningful insights from textual reviews and numerical
ratings. By leveraging these datasets, we aim to enhance personalised product and service
recommendations, ensuring that users receive relevant suggestions based on prior customer
feedback. Furthermore, analysing sentiment trends and review helpfulness enables more
accurate predictions of user preferences, contributing to developing more effective and

customer-centric e-commerce platforms.

Problem statement

Recent studies on review-based personalised recommendation systems have concentrated on
the fact that they frequently include irrelevant or deceptive information that could influence
consumers' buying decisions, such as ads or phoney reviews. Therefore, it is indisputable
that offering suggestion services without considering review quality could decrease
recommendation performance. Furthermore, it would significantly enhance purchasing
selections to be able to suggest the finest favourable evaluations for a specific product.
Additionally, overfitting is a prevalent issue with recommendation models, including their
use in e-commerce. Overfitting is the process by which a model performs exceptionally well
on the training set but poorly on unseen data, like the validation set, because it captures
unpredictability or inconsistencies in the training data. In e-commerce platforms, where
recommendation systems use models to examine noisy and varied user-generated data, such
as reviews and ratings, this problem is significant. The capacity of reviews to improve user
experience and guide purchase decisions may be compromised by overfitting models, which
may not be able to forecast reviews' helpfulness. Scientific/artistic problems to be solved
should be defined in detail. The literature is scanned for this by revealing previous studies'
relationships, similarities, and differences. Conceptual frameworks, methods, techniques,

and paradigms should also be utilised.

Objectives

Our research employs an optimal deep model to analyse customers' reviews based on their
comments and differences in preferences. To learn the content of reviews (helpful or
unhelpful) with high accuracy without noise, enhance product review recommendations to
improve buying decisions, eliminate unhelpful reviews for purchasing decisions, like

advertising reviews, false, fake, or not helpful reviews, and help the buyer to make the right
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decision in a short time. The following challenges will be addressed in our research: 1) How
can we predict ratings based on the differences in the customers' tendencies? 2) Which rating
value is most useful for showcasing the helpful review? 3) Performance of which deep
learning techniques are best suited to analyse the text of a review? 4) Which transfer learning
and data augmentation algorithms are used to improve model performance while saving both

time and resources?

This document's remaining sections are arranged as follows: Related research on various
methods based on rating and review deep recommendation systems is covered in Sect. 2.
The proposed strategy and model were explained in the third section. In the fourth part, the
description of the implementation of this study included details of the classification process
of the customers' reviews. Experimental results were explained in the fifth section. The
discussion and conclusion were included in the sixth section of the thesis. Finally, the last

section shows limitations and how we can mitigate these challenges in further work.
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2. LITERATURE REVIEW

As e-commerce continues to expand in the post-COVID era, online retailers are increasingly
seeking innovative and efficient strategies to deliver a dynamic and personalised shopping
experience that adapts to consumers' evolving needs and objectives. The development of
advanced methodologies for generating recommendations has significantly enhanced the
ability of e-commerce platforms to increase shopper profitability while simultaneously
saving users' time. These approaches enable users to access the products they seek with
minimal effort, efficiently, and promptly. Data mining, a critical technique, involves
analysing large datasets to extract meaningful insights or identify relationships among items.
Recommender systems, widely recognised as prominent data mining applications, leverage

these insights to provide users with personalised and relevant product suggestions [42].

Recommendation systems have been fundamental to early e-commerce platforms, including
Amazon, Yelp, and CDNOW. These systems were initially developed to address the critical
need to assist users in discovering suitable products through recommendations and customer
feedback. Over time, Amazon has pioneered implementing various recommendation
techniques, ranging from algorithmic methods, such as collaborative filtering, to non-
algorithmic approaches, including non-personalised recommendations. The overarching
goal of recommendation systems is to achieve large-scale personalisation by offering
services adapted to the specific needs of individual users. To this end, Amazon meticulously
records and analyses customer actions to enhance its recommendation algorithms [43].
Moreover, personalisation is seen as a way to build long-term customer relationships.

Recommendation systems are still critical in e-commerce today and continue to grow.

2.1. Types of Deep Learning Techniques for E-Commerce Recommendation Systems

In the context of recommendation systems for e-commerce, deep learning techniques are
tailored to provide personalised and efficient recommendations. Deep learning is a subset of
machine learning, and the different kinds of learning in deep learning are based on how
models are trained with data. These techniques use other learning approaches, depending on
the data availability and the problem’s nature. By selecting the proper learning method (or a
combination), e-commerce platforms can provide personalised recommendations that boost

user engagement and sales.
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2.1.1. Supervised learning

Supervised learning is essential in recommendation systems, especially when labelled data
is available, like user-item interactions with explicit feedback (likes, purchases, or numerical
evaluations). The main goal is learning a mapping function that anticipates user preferences
for unseen things to provide tailored suggestions. The Neural Collaborative Filtering (NCF)
framework is grounded in supervised learning and leverages labelled data, such as user-item
interaction data (e.g., ratings and clicks). In this context, Positive Interaction (1) denotes
instances where a user has engaged with or expressed a preference for an item (e.g., by
viewing, purchasing, or providing a positive rating), while Negative Interaction (0) refers to
situations where the user has not interacted with or has shown disinterest in the item (e.g.,
by not viewing, purchasing, or rating it). These labelled interactions train neural networks
for modelling the underlying relationships between users and items [16]. On the other hand,
[44] introduced the concept of interaction-based neighbourhood modelling. Instead of
treating all interactions equally, this model groups users or items into local neighbourhoods
based on their interaction patterns. Aimed to enhance recommendation quality by accounting
for local relationships, which may be more beneficial in datasets with localised user
behaviour or preferences. [45] The ONCF model was further built on NCF by introducing a
more expressive interaction model based on outer products. This model is explored using
outer product embeddings to capture more complex interactions between user-item pairs in
the collaborative filtering task. The outer product allows for richer interactions by extending
the interaction space, allowing for better feature representations in the learned embeddings.
This method improves the modelling of user-item interactions by using a higher-order
interaction model compared to previous models. While ONCF offered a more expressive
approach to modelling user-item interactions through outer product embeddings, the model
may struggle to adapt to dynamic user-item interactions where the relationships between
users and items evolve. ONCF assumes static embeddings, which might not capture temporal
changes effectively. By integrating reliability estimates into the recommendation process,
the [46] model enhanced the interpretability and trustworthiness of collaborative filtering
systems, addressing a significant gap in traditional NCF approaches. Sreepada et al. (2018)
employed a heuristic, tendency-based collaborative filtering method closer to unsupervised
learning or statistical modelling. The focus is leveraging deviations in user-item tendencies
to make recommendations without requiring labelled data or explicitly optimising a

supervised loss function [17].
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2.1.2. Unsupervised learning

Considering user behaviour and product attributes, unsupervised learning in
recommendation systems finds patterns, structures, or clusters without needing explicitly
labelled data. Rather than being trained using preset user-item interactions or ratings,
unsupervised learning algorithms group comparable individuals, products, or behaviours by
analysing underlying relationships in the data. For this reason, it is beneficial for exploratory
analysis and recommendation-making when labelled data is limited or inaccessible. In
reference [47] A behaviour-based recommender system that leverages customers' natural
behaviours, such as browsing and clicking, on e-commerce platforms. The methodology
involves clustering active customers, determining neighbourhoods, and calculating product
reputation based on similar users. An unsupervised clustering approach based on product
categories is developed to enhance recommendation accuracy. The study presented a unified
matrix factorisation method based on dynamic multi-view clustering (MFDMC) and
employed an end-to-end training paradigm [48]. The approach enhanced the interpretability
of user/item representations and improved recommendation performance in real-world

datasets.

2.1.3. Semi-supervised learning

Semi-supervised learning is helpful in e-commerce applications where user interaction data
is frequently sparse or partial, since it uses labelled and unlabeled data to enhance model
performance when recommending things. In many real-world situations, only a tiny
percentage of user-item interactions have clear labels, like reviews or purchase
confirmations, while most data, including browser history, clicks, or time spent on product
sites, are left unlabeled. To overcome this difficulty, semi-supervised learning uses the
patterns and structures found in the unlabeled data to improve the prediction accuracy of
recommendation models. The approach that combined item side information and labelled
complementary item pairs to generate practical recommendations for cold items. The
technique used semi-supervised adversarial learning to enhance recommendation quality in
e-commerce settings [49]. In [50], a probabilistic chain graph model was proposed that
integrated semi-supervised learning with latent factor models. The approach addressed rating
sparsity in recommendation systems by combining Bayesian networks and Markov random

fields, improving performance in sparse data scenarios.
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2.1.4. Self-supervised learning

One method for improving recommendation algorithms in e-commerce platforms is self-
supervised learning. This learning technique allows models to learn strong user and item
representations without needing explicit labels by immediately producing supervisory
signals from the data. Sequence recommendation is studied using the dual-tower retrieval
architecture. Self-supervised multi-modal pretraining aligns different item feature
combinations, enhancing generalisation across a range of e-commerce datasets [51]. By
automating data augmentation procedures, the study [52] presented a unified framework that
uses self-supervised learning (SSL) to improve recommendation systems. This improves the
resilience and quality of learned user-item representations. This method produced strong
embeddings for recommendation using pretext tasks, including applying contrastive learning
or predicting missing interactions. The approach has drawbacks, such as restricted
generalizability across various e-commerce datasets, possible overfitting to supplemented
data, and scalability problems brought on by the processing demands of SSL and automated
augmentation techniques. Furthermore, the system relies mainly on creating successful
pretext tasks, which may not always produce the best outcomes, and struggles to handle
cold-start issues for new users or objects. To improve recommendation accuracy in e-
commerce platforms, the study [53] developed a social recommender system to maintain
beneficial social interactions and permit tailored cross-view knowledge transfer through
adaptive semantic alignment. The reliance on high-quality social data, scalability problems,
domain specificity, cold-start difficulties for users with little social interaction, evaluation
bias, and possible overfitting in self-augmented learning, even though it provided a novel
framework for incorporating social relations into recommendation systems. These

restrictions must be addressed for wider usage in e-commerce platforms.

2.1.5. Multi-task learning

Multi-task learning is a sophisticated deep-learning technique that trains a single model to
do several tasks simultaneously. With this method, the model may use common
representations across functions, improving generalisation and learning efficiency. Multi-
task learning lowers the chance of overfitting and improves overall model performance by
finding and exploiting task similarities. To provide a balanced learning process that takes
into consideration the goals. In the J-NCF study a multi-task learning approach is used to
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combine explicit feedback (rating prediction) and implicit feedback (ranking) into a single

neural architecture [54].

2.1.6. Hybrid models

Hybrid recommendation systems integrate multiple learning approaches to enhance
recommendation quality by leveraging diverse data sources and methodologies. In e-
commerce, these systems combine collaborative filtering, content-based filtering, and
sequential modelling to address challenges such as the cold-start problem and dynamic user
preferences. A hybrid recommendation system that combined collaborative filtering with
content-based filtering using a weighted stochastic block model, addressing the cold-start
problem and improving accuracy in e-commerce recommendations [55] Stochastic block
models, especially when weighted and hybridised, can be complex, making it difficult for
practitioners to interpret the recommendations or understand the rationale behind
predictions. .A hybrid neural collaborative filtering (HNCF) model addressed key challenges
in recommendation systems by integrating content-based and collaborative filtering
techniques with deep learning. Including external features and using a multi-layer perceptron
makes it a robust and scalable approach capable of generating accurate and diverse
recommendations. The framework is indeed hybrid learning due to its combination of
multiple strategies and methodologies [56]. The study [57] proposed a hybrid graph neural
network model that captured user multi-behaviour information for improved
recommendations. Despite integrating various user interactions to enhance recommendation
accuracy in e-commerce platforms, Graph neural networks are computationally expensive,

especially when applied to large-scale e-commerce datasets with millions of users and items.

2.1.7. Transfer learning

Representation  transfer, which applies pre-trained models to domain-specific
recommendation tasks, has been shown to improve recommendation accuracy by fine-tuning
transformer-based models such as BERT and GPT to encode textual information like user
reviews and item descriptions[58]. This approach addresses key challenges of traditional
deep learning recommenders, including heavy reliance on large training datasets and

computational resources, especially under sparse user-item interactions.
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However, its effectiveness in e-commerce depends on overcoming issues such as data
dependency, domain mismatch, overfitting, and the high computational cost involved.
Transfer learning also helps mitigate biases in collaborative filtering for domains with
limited interaction data [59], but scalability remains a challenge for large, heterogeneous e-

commerce systems, particularly when high-quality source data is scarce.

To tackle these limitations, integrated frameworks combining pre-trained model adaptation
with embedding techniques have been proposed to enhance scalability and address cold-start
and sparsity problems [60]. Moreover, hybrid methods that unify fine-tuning strategy with
active learning show improvements in data efficiency and accuracy in cross-system
recommendations, though challenges around domain alignment, scalability, and

computational complexity still require further investigation [61].

our research differs from the existing works as it only recommends informative and useful
items to improve customer satisfaction when choosing products and reduce the amount of
time to research any product using a combination of transfer learning, hybrid deep learning
with multi-task Learning, supervised learning as statistical methods from using tendencies
collaborative filtering algorithm(TCF), and data augmentation while handling multiple

objectives (review classification and recommendation).

2.2. Customers' Review Analysis in E-commerce with Recommendation System

Customer review analysis in e-commerce makes it possible to understand
customers' opinions, refine items, and improve the whole buying experience. Review
analysis can result in more precise and individualized product recommendations when paired
with a recommendation system. Several forms of customer review analysis are frequently

employed in e-commerce with recommendation systems, including the following:

2.2.1. Sentiment analysis

SA (Sentiment Analysis) determines the overall sentiment (positive, negative, neutral) of a
review. it is used in the recommendation System to help the system understand the general
mood of reviews for a product, which can influence product recommendations. For example,

products with positive sentiments may be recommended more frequently. This is the
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overarching task focused on understanding and classifying the sentiment of text (e.g.,
positive, negative, neutral) in e-commerce or other domains. It involves analysing user
reviews, feedback, or other textual data to gauge sentiments. It is an activity of Natural

Language Processing (NLP), which is the process of extracting and evaluating people's

opinions.
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Figure 2.1. Illustratites the categorization of sentiment analysis techniques

Sentiment analysis is classified into three primary methods for text analysis, as illustrated in
Figure 2.1. above. Most methods within the machine learning approach fall under supervised
learning, while deep learning techniques are used to recognise patterns and establish
connections during text analysis. Lastly, the semantic approach is often applied as a subset
of the lexicon corpus-based method.[62].

2.2.2. Sentiment analysis focused on specific aspects (ABSA)

This approach is focused on extracting specific aspects or features mentioned in reviews
(e.g., product quality, customer service, delivery speed) and evaluating sentiment on each.
The recommendation system can make product recommendations based on consumer
preferences for particular characteristics by determining whether product components are
liked or disliked. Weigianli and Bugaoxu (20202) used a specific application of the ABSA

approach, tailored for the fashion domain. It leverages reviews to extract and evaluate
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sentiments to particular aspects, using these insights to improve recommendation quality.
Attention mechanisms further enhance the model’s ability to focus on the most meaningful

content in reviews [25].

2.2.3. Topic modelling

The topic modelling identifies recurring topics, such as "battery life,” "size,”" or "colour,"
from textual data. These themes can be used to recommend products that fit a user's
preferences in the context of recommendation systems. For example, by using the identified
subjects, the system can suggest related products to a user who has previously bought items
related to particular themes, increasing the suggestions' relevancy and personalization.
Shafgat and Byun (2019) used topic modelling and sentiment analysis to suggest a
recommendation system for promoting underutilised tourist destinations. They used Latent
Dirichlet Allocation (LDA) to discover important features of tourist sites by extracting
themes from reviews and social media posts. Opinions on these factors were assessed using
sentiment analysis, which enabled the system to identify and rate the attractiveness of lesser-
known attractions. This strategy promotes sustainable tourism by balancing the distribution
of visitors, raising awareness of underappreciated places, and showing how natural language
processing (NLP) can be used to improve recommendation systems. The combination of
topic modelling and sentiment analysis shows promise for identifying under-emphasised
tourist spots but is limited by data quality, model constraints, and computational demands.
Advanced techniques, such as transformers or multimodal analysis, could improve system

robustness and effectiveness [64].

2.2.4. Text classification

The text classification classifies reviews into predetermined groups (e.g., Vverified
purchase/non-verified, helpful/unhelpful). Reviews categorised as "helpful” or originating
from "verified purchases” may be given higher weight in the recommendation system to
boost their credibility. The paper [65] introduced a model based on Amazon and Yelp
datasets aimed at automatically predicting the helpfulness of online reviews. A customer's
expectation of a review is significantly influenced by the review's sentiment and the
customer's awareness of relevant product information. An attention-based model is adapted

to evaluate review helpfulness by considering these factors to address this challenge. The
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model's effectiveness is demonstrated through experiments, highlighting its potential to
enhance the identification of helpful reviews in e-commerce platforms. This model for
review helpfulness evaluation is effective but does not account for external factors, such as
user-specific preferences or cultural differences, which may influence perceptions of

helpfulness.

2.2.5. Review rating prediction

Predicting a customer's potential rating for a product based on their past behaviour and
reviews is integrating review rating prediction into recommendation systems. The
effectiveness and personalisation of recommendations can be increased by combining this
predictive ability with collaborative filtering techniques to make product recommendations
that a user will likely find appealing. Collaborative filtering methods, like matrix
factorisation, for example, examine user-item interaction patterns to find commonalities and
forecast user preferences The system may recommend products that closely match the user's
expected ratings by fusing these predictions with collaborative filtering, which will increase
user engagement and happiness [66] Although review rating prediction offers valuable
information for recommendation systems, these drawbacks might be addressed to improve
the method's resilience and adaptability, for example, by implementing hybrid techniques,

explainable models, or real-time learning.

2.2.6. Review trend analysis

Recommendation systems that use review trend analysis must track changes in consumer
sentiment and product reviews over time. Products with improved feedback are promoted,
while those with dropping sentiment are demoted, allowing the system to adapt its
suggestions based on temporal trends in reviews, such as changes in sentiment from positive
to negative. This dynamic modification aligns recommendations with current customer
attitudes, improving their relevance and reliability. For example, using temporal sentiment
analysis, product reviews have been clustered over time, which helps to understand how
customer impressions change over time [67]. Reviewing trend analysis is valuable for
tailoring suggestions to change consumer preferences. Still, its efficacy and dependability in

practical applications depend on resolving issues with data quality, model accuracy, and



28

computing scalability. Advanced contextual models and hybrid strategies can lessen these

restrictions.

2.2.7. Personalised review summarisation

Personalised review summarisation in recommendation systems involves condensing user
reviews into concise formats, highlighting key points, such as pros and cons, tailored to
individual preferences. This approach lets users quickly grasp product strengths and
weaknesses, facilitating informed decision-making. Recommendation systems can leverage
these personalised summaries to suggest products that align with users' interests and needs.
To enhance tailored review summarisation in recommender systems, the creation of a
Transformer Reasoning Network has also been investigated [68]. Also, [69] An investigation
proposed a pre-trained personalised review summarisation method that effectively integrates
personalised information of users and products into the salience estimation of input reviews.
Still, challenges like scalability, bias, and loss of context must be addressed to ensure reliable
and effective summaries. We should adopt explainable Al and hybrid summarisation models

to guarantee accurate and useful summaries.

2.2.8. User-generated content analysis

User-generated content (UGC) such as videos, photos, and Q&A sections is used in
recommendation systems to improve content analysis and product authenticity assessments.
According to research, recommendation algorithms can adapt suggestions to each customer's
unique profile by analysing user-generated content (UGC) in conjunction with browsing
history and purchase information. This improves the accuracy of recommendations by
retrieving preference information [70]. A promising combination of user-generated content
(UGC) and augmented reality (AR) in recommender systems was highlighted by Gonzalez
et al. (2021); nevertheless, its applicability is limited by some issues. First, the method uses
much computing power, especially when processing multimedia-rich and varied user-
generated content (UGC) in real time, like text, photos, and videos. Scalability is another
issue since the system might not be able to manage the constant flow of big datasets produced
by large user bases. The system's success is further complicated by its reliance on the calibre
and applicability of user-generated content (UGC), since biased, noisy, or incomplete

content can decrease the accuracy of recommendations. The gathering and analysing of
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sensitive user data raises further privacy and security concerns, necessitating strict
compliance with data protection regulations. In addition, UGC frequently incorporates
context-dependent and subjective information, which makes it challenging to generalise
suggestions across a range of users. The AR integration adds more limitations, requiring
technological know-how and suitable devices, which may restrict acceptance and
accessibility. The framework'’s usability and resilience could be significantly improved by
addressing these constraints with sophisticated multimodal learning approaches, privacy-

preserving mechanisms, and scalable architectures.

2.2.9. Trustworthiness analysis

In recommendation systems, trustworthiness analysis quantifies the dependability of reviews
by considering user reputation, review length, and consistency. By giving more weight to
deemed reliable evaluations, these systems hope to improve users' decision-making ability.
According to the study [71], collaborative filtering recommendations can be enhanced by
examining how variations in review attributes, such as length and rating, impact perceived
helpfulness. The research also investigated combining trust indicators, such as user
reputation, to improve recommendation performance. Although functional, trustworthiness
analysis in recommendation systems has some drawbacks. The subjective nature of elements
like review length and consistency, which may not necessarily correlate with
trustworthiness, makes it difficult to evaluate the reliability of reviews accurately. Metrics
measuring user reputation frequently depend on past data, which might not fully represent
the reviewer's present actions or intentions, particularly regarding recently enrolled users or
intentional manipulation. Users may be discouraged from engaging due to privacy concerns
over the system's dependence on metadata, including user profiles and activity patterns.
Furthermore, even sophisticated detection algorithms can be circumvented by fraudulent or
misleading reviews designed to look genuine, which diminishes the effectiveness of
trustworthiness assessments. The method also has trouble with cultural and contextual
variations since generalisation is made more difficult by the possibility that different
locations or domains have different standards for reliability. The scalability of the system in
settings with large volumes of review data may be impacted by the increased computational
complexity of implementing strong trustworthiness checks. Integrating cutting-edge

machine learning methods, such as deep learning and multimodal analysis, is necessary to
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overcome these constraints and improve the precision and resilience of trustworthiness

assessments.

2.3. User Behaviour Analysis in Recommender Systems

Recommender systems have become essential to modern digital platforms, providing
personalised content suggestions based on user preferences. These systems analyse user
behaviour, including interactions, ratings, and browsing history, to generate accurate and
relevant recommendations. Understanding user behaviour is critical in enhancing the
performance of recommender systems, as it helps address challenges such as accuracy, data
sparsity, and the cold-start problem. Deep learning has significantly advanced the
capabilities of recommender systems by leveraging sophisticated algorithms to extract
meaningful patterns from large-scale user data. Techniques such as Convolutional Neural
Networks (CNNs), Recurrent Neural Networks (RNNs), Long Short-Term Memory
(LSTM), Gated Recurrent Units (GRUs), Deep Matrix Factorisation (DMF), and Deep
Neural Networks (DNNs) have been widely adopted to improve recommendation accuracy.
Furthermore, feature extraction techniques like autoencoders and attention mechanisms
enhance the system’s ability to analyse user interactions effectively. By integrating these
deep learning approaches, recommender systems can better understand user preferences,
refine ranking algorithms, and improve the overall user experience. Various methodologies
are used to analyse user behaviour in recommender systems. It examines the role of deep
learning models in processing user-generated data, addressing key challenges, and
optimising recommendation performance. Additionally, it discusses how behavioural
insights contribute to refining personalisation strategies, ensuring a more accurate and

dynamic recommendation process.

2.3.1. Studies on the application of CNN

Convolutional Neural Networks (CNNs) have emerged as powerful tools for analysing user
behavioural trends in e-commerce recommender systems, especially when visual and
contextual information is crucial. Traditional collaborative filtering methods often struggle
with the cold-start problem and fail to capture complex relationships between users and
products. By leveraging CNNs, recommender systems can extract deep feature

representations from product images, user interactions, and behavioural data, enhancing
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recommendation accuracy. The visual appearance of clothing products conveys valuable
information, which has led to an increased focus on visual recommendation systems in
recommendation system development. The Style-aware Bayesian Personalised Ranking
(SBPR) model was introduced to capture the relationship between users and items, enabling
the representation of user preferences at the style level. Each dataset was processed by
extracting implicit feedback, and the relationships between specific channel responses in
each layer of the network were analysed using a convolutional neural network (CNN) based
on VGG architectures. The VGG-19 model, consisting of 16 convolutional layers and five
pooling layers, was employed, with the max-pooling layers replaced by average-pooling
layers. The model was trained using data from Amazon.com, Tradesy.com, and a second-
hand clothing exchange platform, focusing on clothing, footwear, and accessories categories.
Empirical evaluations on challenging public datasets demonstrate the effectiveness of this
recommendation framework in capturing user style preferences and addressing the cold-start
problem [72].

To infer latent user preferences, CNN-based models have been used to analyse browsing
patterns, purchase histories, and engagement metrics [73]. Moreover, integrating CNNs with
knowledge graphs and attention mechanisms enables personalised and context-aware
recommendations, improving user satisfaction and engagement. The ability of CNNs to
process high-dimensional visual data makes them particularly effective for fashion,
electronics, and home decor recommendations, where aesthetics significantly influence
purchasing decisions. Thus, CNN-based user behaviour analysis has become crucial in
modern e-commerce recommendation systems, enhancing predictive accuracy and

addressing key challenges such as sparsity and cold-start issues.

2.3.2. Studies on the application of RNN

Recurrent Neural Networks (RNNs) are a class of neural networks characterised by their
ability to process sequential data through bidirectional information flow, allowing data to
propagate from deeper layers to initial layers. Unlike traditional feedforward networks,
RNNs incorporate recurrent connections, enabling them to retain information over time. This
memory mechanism allows the network to consider a specific number of previous states at
a given time stept t, making RNNs particularly well-suited for tasks involving temporal

dependencies. Due to their ability to model sequential patterns, RNNs more closely resemble
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the functioning of the human nervous system, where information processing is not strictly
unidirectional. As a result, RNNs are particularly well-suited for context-dependent
applications, especially those involving the processing of temporal sequences where data
points are interdependent rather than isolated. Examples include sequential learning and
speech recognition, where the information order is crucial. However, for tasks requiring the
retention of long-range dependencies, such as video sequence classification, the inherent
"short-term memory" of traditional RNNs proves insufficient. Standard RNN architectures,
often called vanilla RNNs, are limited in their ability to retain information over extended
sequences, typically beginning to lose memory after approximately fifty iterations.
Furthermore, the bidirectional flow of information in RNNs complicates the training process,
making optimisation more challenging. More advanced architectures, such as Long Short-
Term Memory (LSTM) networks, have been developed to address these limitations, offering
improved mechanisms for capturing long-range dependencies in sequential data. These
large-scale "transient memory" networks have significantly transformed machine-based
speech recognition and the interpretation and generation of text in natural language
processing (NLP). From a theoretical standpoint, RNNs possess substantially greater
potential than traditional neural networks, as they can theoretically approximate any
computational function. However, practical implementation remains a challenge despite this
theoretical flexibility, as there is no straightforward methodology for structuring RNNs to

perform such functions effectively [74].

2.3.3. Studies on the application of LSTM

The Long Short-Term Memory (LSTM) model consists of four primary layers: an
embedding layer, an adaptive attention layer, an LSTM layer, and an output layer. The
embedding layer constructs a memory matrix at sequence time by encoding the user’s basket
information into two-dimensional levels. The adaptive attention layer comprises intra-basket
and inter-basket attention mechanisms. The intra-basket mechanism is designed to capture
the diversity of user interests within a single basket, while the inter-basket mechanism
represents variations across multiple baskets over time. This mechanism allows the model
to identify items closely related to the predicted one using a max-pooling function. The
LSTM algorithm is utilised to dynamically adjust candidate items within inter-basket and
intra-basket adaptive user representations. The model aggregates relevant elements in the
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output layer that characterise a user's preferences. The softmax function is then applied to
predict the following item to be purchased in a future basket [75].

To address these challenges, Liu et al. (2020) introduced the Next Basket Attribute-Aware
Multi-Level Attention-Based Recommendation Model (NbRAM), incorporating a sequence
layer using LSTM. This model was tested using the same dataset from a previous study (Ta-
Feng and JingDo) and evaluated using standard performance metrics, adding precision and
HitRate measures. Experimental results demonstrated that NoRAM outperformed the earlier
IIAAN approach in terms of recall (0.227), F1-score (0.125), NDCG (0.167), precision
(0.087), and HitRate (0.291), particularly for N-Top = 5 when applied to the JingDo dataset
[76]. Figure 2.2. presents the general architecture of the NoRAM model.
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Figure 2.2. Attention-based LSTM model [73]

2.3.4. Studies on the application of autoencoders

A recent study employed a knowledge graph to tackle the cold-start problem and improve
the accuracy of recommendation systems. Furthermore, implementing an Autoencoder

Neural Network in the hidden layer effectively reduced the issue of lack of data by
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leveraging the word2vec approach. The connections between the knowledge graph and
Autoencoder nodes were labelled using a Semantics-Aware Autoencoder (SemAuto). The
study thoroughly analyses the proposed method and demonstrates how the SemAuto model
can generate content-based descriptions for recommended items. Both point-based and
binary description styles were explored, utilising various types of information available in
DBpedia. The study further investigates how the efficiency of the proposed descriptions
varies based on the kind of information—categorical or factual—used to train the SemAuto
model [77]. A denoising autoencoder (DAE) was utilised in a recent study to enhance
recommendation accuracy. Specifically, the study employed user rating trend information to
predict ratings for the topN recommended items using the Rating-Trend Collaborative
Denoising Autoencoder (UT-CDAE) framework. Encoding user rating trends is critical
when addressing incomplete or noisy data. The model incorporates two additional node
vectors within the DAE architecture to capture user preferences effectively: the High
Tendency User Node (HTUN) and the Low Tendency User Node (LTUN). Low-value
ratings are encoded using a single node vector, whereas high-value ratings are represented
through the combined participation of both node vectors. The study evaluates the model
using various performance metrics for topN recommendation accuracy, including precision
(P@N), recall (R@N), mean average precision (MAP), normalised discounted cumulative
gain (NDCG), NDCG@N, and mean reciprocal rank (MRR). The UT-CDAE model was
compared against the standard DAE and the Collaborative Denoising Autoencoder (CDAE)
using the ML-100K and ML-1M datasets. Furthermore, its performance was benchmarked
against three recent deep learning-based recommendation models—Caser, Neural
Collaborative Filtering (NCF), and Enhanced Collaborative Autoencoder (ECAE)—on the
ML-1M dataset. The results demonstrate that, compared to existing methodologies, the UT-
CDAE framework improves performance and robustness in generating topN

recommendations.

2.3.5. Studies on the application of NLP

Natural Language Processing (NLP) is a subfield of artificial intelligence that focuses on
enabling machines to understand, interpret, and generate human language. NLP techniques
integrate computational linguistics with machine learning and deep learning approaches to
process textual and spoken data. Key applications of NLP include sentiment analysis,

machine translation, named entity recognition, and text summarisation [77]. Traditional
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methods, such as rule-based systems and statistical models, have been complemented by
advanced deep learning architectures, including Transformer-based models like BERT and
GPT, significantly enhancing the ability to capture contextual meaning. Additionally, NLP
plays a crucial role in recommender systems, chatbots, and voice assistants by facilitating
more natural and personalised interactions between users and Al-driven applications. As
research advances, integrating NLP with knowledge graphs and multimodal learning is
expected to improve the accuracy and efficiency of language-based Al systems. A recent
study employed Term Frequency-Inverse Document Frequency (TF-IDF), a vectorisation
technique commonly used in natural language processing (NLP), to develop a bidirectional
personal review generation model. The model utilised LSTM, RNN, encoder-decoder
architecture, and attention mechanisms to generate explanations for recommendations. The
study used two datasets from the Amazon 5-star review (Video and Toys) and two additional
datasets (Beer and Yelp). The experiment was evaluated using several performance metrics,
including Root Mean Square Error (RMSE) for assessing recommendation rating accuracy,
Normalised Discounted Cumulative Gain at rank K (NDCG@K) for evaluating predicted
ranking performance, and Delta Root Mean Square Error (DeltaRMSE to measure
improvements in machine-generated reviews. Figure 2.3. illustrates the different phases
involved in text processing within the CNN-LSTM model [78].
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Figure 2.3. NLP-based architecture[78]

In [79], the authors proposed UltraGCN to enhance the existing Graph Convolutional
Network (GCN) framework by eliminating specific messaging layers that contribute to
computational overhead during the training process. While GCNs primarily function by
aggregating and clustering similar information, this mechanism often results in significant
delays during training. To address this issue, the authors optimised the model by removing
redundant layers, thereby reducing the transmission of such messages and improving overall

training efficiency.

Our research adopted a hybrid nature method to analyse reviews with a rule-based approach
for labelling the data (related to lexicon-based methods). It transitioned into a text
classification approach for training and predictions. While the initial labels rely on simple
rules, the deep learning model has the potential to learn more complex patterns and provide

more accurate predictions.
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In Table 2.1, we present the limitations of existing methods and the corresponding solutions
offered by our proposal. This provides a clear comparative framework demonstrating our

model's novelty and effectiveness.

Table 2.1. Emphasises the priority limitations and illustrates how our proposed model
addresses these gaps

[11] Xinzhe Li et al.
(2023)

which extracts
semantic features
from review text, and
a rating value encoder
that integrates voting
values exceeding 10.

votes, while reviews with fewer
but high customer ratings are
often overlooked. This bias is
particularly pronounced when
recommendations are confined
to a single category within 5-
Amazon's domain.

[12] Olatunji, Li, and
Lam (2019)

a neural deep learning
model for predicting
the helpfulness of
online product
reviews, emphasising
a context-aware
approach to capture
semantic relationships
within review texts.

The model primarily focuses on
the textual content of reviews,
potentially overlooking other
influential factors such as
reviewer credibility, temporal
dynamics, or product-specific
characteristics that may affect
perceived helpfulness.

Reference /Author Methodology Limitations Proposed solution
The prediction of Helpfulness-based A simplified propensity-
helpful reviews is recommendation systems exhibit|based model integrating
achieved through the |bias, as reviews with higher rating biases was used,
interaction of a multi- [helpfulness scores and the analysis was
channel (CNN), disproportionately attract more |conducted using two

distinct datasets sourced
from Amazon and one
dataset obtained from
Yelp.

[13] Ge et al. (2019)

Hierarchical layers
from CNN to
encoder, helpfulness-
aware reviews

The model heavily depends on
user-provided helpfulness
ratings, which may be biased, as
popular reviews might receive
higher ratings regardless of their
value. This can impact the
model's learning process.

[14] Liu et al (2022)

deep learning-based
recommendation
model that integrates
ratings and review
helpfulness through a
multi-task learning
approach.

Helpfulness bias, cold-start
issues, scalability challenges,
dependence on review quality,
and limited generalizability.

[16] He et al. (2017)

Neural Collaborative
Filtering

Cold start problem; limited
scalability to large datasets

[17] Sreepada et al.
(2018)

Tendency-Based
Collaborative
Filtering algorithm

The model might overfit
individual user tendencies if the
data is not regularised correctly
or there is not enough diversity
in the training set. Another limit
is that it is dependent on rating
data only.

Improved generalisation
and scalability through
optimised feature
extraction (average
rating) from actual rating
and predicted rating that
is achieved from four
conditions, a tendency-
based algorithm

integration rating biases
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Table 2.1. (continued) Emphasises the priority limitations and illustrates how our proposed
model addresses these gaps

Reference /Author

Methodology

Limitations

Proposed solution

[19] Abulaish and Sah
(2019)

Data augmentation
techninques and CNN
model

The study might not account for
user-specific preferences or
needs, which can be critical in
real-world question-answering
scenarios.

Efficient integration of
deep learning with large-
scale data through
feature optimisation and
diversification with
adapting Synonym-
Based Unhelpful Review
Augmentation (SbURA)
Algorithm on two
popular domains of
(Amazon review, Yelp
review) datasets

[21] Abonizio et al
(2021)

Data augmentation,
deep learning, and
machine learning
algorithms.

Some augmentation methods
may alter the text's original
meaning, leading to mislabeled
data and potentially degrading
model performance. Another
limitation is that it is dependent
on just text data

[22] Derek Chen and
Claire Yin (2022)

Explore various data
augmentation
techniques to enhance
intent classification
models.

The quality of generated data
varies significantly across
different augmentation
techniques. Some methods lead
to substantial improvements,
while others have minimal or
even negative impacts on model
performance, like random word
insertion or KNN retrieval,
which can produce noisy data
that harms performance.

[23] YAN et al (2019)

Knowledge graph
integration and data
augmentation via
pretrained model

The framework is explicitly
tailored for fashion
recommendations, and its
effectiveness in other domains
or applications may not be
guaranteed without significant
modifications.

[24] Li et al. (2016)

Factorising
Personalised Markov
Chains (FPMC) with
Transfer by Pattern
Recommendation
(TBPR)

The transfer learning approach
is practical, but it heavily
depends on the quality and
relevance of the auxiliary data.
If the source and target domains
are not closely related, the
transferred knowledge may not
be beneficial and could
potentially degrade the model's
performance.

Through comprehensive
training on extensive
datasets, domain
adaptation techniques
enhance the training
process, effectively
mitigating or preventing
the issue of overfitting to
improve performance
with customer review
analysis.
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Table 2.1. (continued) Emphasises the priority limitations and illustrates how our proposed
model addresses these gaps

Reference /Author Methodology Limitations Proposed solution

integrating Integrating multimodal
multimodal data and |embeddings might pose
leveraging pre-trained |challenges for scalability,

deep learning models. [especially with large datasets or
systems requiring real-time
recommendations.

[25] Jafri et al (2022)

Leveraging deep While transformers help extract
transformer models  |features from reviews, they face
(e.g., BERT, GPT, challenges when dealing with

[26] Gheewala et al Roberta) to improve |users or items without reviews
(2024) the effectiveness of  |(cold-start issues).
recommended

systems that rely on
textual reviews
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3. METHODOLOGY AND MATERIAL

Initially, we present an overview of the selected dataset and a description of the data
preprocessing method. Finally, we describe the theoretical foundations and architecture of

the proposed balanced deep learning models.

3.1. Dataset Description

In recent years, the availability of large-scale datasets has played a critical role in advancing
research across various domains. Among these, the Amazon Review and Yelp review
datasets have emerged as a valuable resource for researchers and practitioners, enabling the
development and evaluation of deep learning models and recommendation algorithms. This
dataset provides comprehensive information, including user reviews, product metadata, and
purchasing behaviours, facilitating a wide range of applications in sentiment analysis,
recommender systems, and consumer behaviour modelling. Our proposed model is trained
on two case studies. In case study 1, we utilized four distinct categories from the Amazon
Review Data (2018) dataset. Amazon Review Data is a subset of 5-core reviews, where each
user reviews at least five products, and at least five users review each product. This dataset
contains 29 categories, 75,257,650 reviews, and 345,769,901 ratings. Specifically, we
selected two small-sample categories, Video Games (C1) and Musical Instruments (C2),
where all available reviews were included. Additionally, for two large-sample categories,
Books-5 (C3) and Clothing, Shoes, and Jewelry (C4), we extracted a subset of 1,000,000

reviews from each category.

The full dataset contains over 142.8 million reviews collected between May 1996 and July
2018 on an open-access platform(http://jmcauley.ucsd.edu/data/amazon/, accessed June 1,
2024). These reviews include various attributes such as ratings, textual feedback, and
helpfulness votes. Furthermore, the dataset encompasses product metadata, including
descriptions, category details, price, brand, and image features, as well as user interaction
graphs (e.g., also-viewed and also-purchased relationships), making it an extensive and well-
structured resource for large-scale analysis in recommender systems and user behavior

modeling.


http://jmcauley.ucsd.edu/data/amazon/

42

Two different types of datasets were used in our second case study. For the first type of
dataset, two categories were selected from Amazon Review Data (2018): Musical Instrument
Reviews (DS1 ) and review Clothing, Shoes and Jewelry (DS2). The second dataset type is
the Yelp Academic Review Dataset(DS3) (https://www.yelp.com/dataset, accessed June 1,
2024). This dataset contains 6,990,280 reviews and ratings. The data is organised in multiple
JSON files and includes the following details: Business information aimed at making
recommendations based on user's previous interactions and interests (Business Data), user-
generated reviews about companies (Review Data), details of users who posted reviews
(User Data), check-in information of business customers (Check-in Data), short
recommendations for businesses from users (Tip Data), and metadata for pictures posted on
Yelp (Photo Data). This study selected and used the entire DS1 dataset (231,392 reviews),
1,000,000 reviews from the DS2 dataset, and 200,000 reviews from the DS3 dataset. Table
3.1. represents the total count of reviews in the dataset that received a 5-star rating for each
category and the subset of 5-star reviews that were utilized in the study using the proposed

model.

Table 3.1. Amazon score-5 and Yelp review datasets, number of reviews

Item Category Number of Reviews(5-star) Number of Reviews(5-star) with

our model

Books-5 27,164,983 1000000

Reviews-Clothing-Shoes and 11,285,464 1000000

Jewelry

Musical-Instruments-5 231,392 231,392

Video-Games-5 497,577 497,577

Yelp Review Data Fil 6,990,280 200,000

3.2. Data Preprocessing Techniques

The input content data are the Amazon reviews dataset and the Yelp academic review
dataset, which are preprocessed with eight steps as follows:

1. Filter the target features: user_id, item_id, rating, and review text from the Yelp dataset,
and user_id, item_id, rating, and summary of review text from the Amazon review
dataset.

2. Drop the missing values: drop missing rows from each filtered feature in this step.


https://www.yelp.com/dataset
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3. Predicting rating: The implicit difference of customers' tendencies using the tendency-
based CF algorithm is a data preprocessing technique used to eliminate the sparsity
problem in the CF (collaborative filtering) algorithm [17] . The KNNBasic algorithm
estimates predicted ratings by computing similarities between user and item pairs through
collaborative filtering techniques. It considers four distinct cases to evaluate these
similarities and identifies the k-nearest neighbors accordingly. Based on these neighbors,
the algorithm generates predicted ratings for user-item interactions. Ultimately, the
resulting output consists of enhanced feature representations, including the predicted

rating feature. We explain these steps in Figure 3.1. and algorithm 3.1 where:

_ =1y Uui-Viu

Ut refers to the user tendency, Ui, = EEE— (3.1)
It is the item tendency. It :W (3.2)

Uui is the rating given by user u on item I, Viu is the average rating for item I, l.u is the
absolute of group items evaluated by user u, Vui is the average rating given by user u across
all items, U.i is the absolute of group users who have evaluated item i. the four formula of
predectedRting( PR1, PR2, PR3, and PR4) are calculated upend of four conditions (a, b, c,
and d), the PR1 is computed as:

PR1=max (Vui+lt,Viu+Ut) (3.3)

When condition (a) (U, It) has a positive inclination, the formula of PR2 is that when
condition (b), the inverse of condition (a) (Ut, It), has a negative inclination.

PR2=min (Vui+It,Viu+Ut) (3.4

The predicted rating (PR3) is computed on condition © It is positive, and Ut has a negative

inclination as:

PR3=min (max (Vui, (Viut+Ut) ¢ )*+(Vuit+It)(1- 6 )),Viu) (3.5
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Where the parameter 6 controls the item's and user's mean contributions. The last condition
is the opposite of the third condition, which is a positive user tendency, Ut with a negative

item tendency I is calculated as:

PR4= (Viu *o ) +Vui( 1- o) (3.6)

Algorithm 1 shows the step-by-step pseudocode that captures the logic of user-item tendency
calculations, rating predictions, and the four conditions used to compute the feature-

predicted rating using the Tendencies-based collaborative filtering algorithm.

Algorithm: Tendency-based collaborative filtering algorithm

Input:

o dataModel: A data structure holding user-item-rating data
e ¢ (sigma): Tuning parameter € [0, 1] (default: 0.5)
Output:

e Predicted ratings for all user-item pairs

Step 1: Initialize Recommender System

Procedure TendenciesBasedRecSys(dataModel, o < 0.5)

1. Store dataModel and o

2. Call calculateTendencies()

3. Call generatePredictions()

Step 2: Calculate Tendencies

Procedure calculateTendencies()

1. Initialize userTendencies and itemTendencies as empty dictionaries
2. For each user in training set:

o Compute user tendency as:

Yi=14 Uui-viu

userTendency« Uy « T

3. For each item in training set:

o Compute item tendency as:
Yi=1q Uui—-vui
U.i

Step 3: Generate Predictions

Procedure generatePredictions()

1. For each user in training set:

o For each item in training set:

=  Compute predicted rating using calculatePrediction(user, item)
= Store in predictions[user][item]

= Insert into predictedRatings[user][predictedRating] list

Step 4: Calculate Individual Prediction

Function calculatePrediction(user, item)

1. If rating exists in data model, return the actual rating

2. If either tendency is not available, return MIN_VALUE

itemTendency«|; «

Figure 3.1. Optimization ratings with adapting steps of the tendencies collaborative filtering
algorithm
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Retrieve:
U « userTendency[user], It «— itemTendency[item]
Vui < user average rating, Viu «<— item average rating
Compute predicted rating based on 4 cases:
Case1: Ui>0& ;>0 —
predicted < max (Vui+l,Viu+Uy)
o Case2:Ui<0& k<0 —
predicted < min (Vui+It,Viu+Uy)
o Case3d:Ui<0&1t>0—
predicted < min (max (Vui, (ViutUy) o )H(Vuitly)(1- 6 )),Viu)
o Case4: Ut>0 & It <0 —predicted « (Viu *o ) +Vui( 1-0)
5. Format and return rating (2 decimal precision)
Step 5: Predict Rating on Demand
Function predictRating(user, item)
Return predictions[user][item] if available, else MIN_VALUE

0O MO 0 w

i i
I l
: Item_ID | @ Input features
: Actual ratings i

@ Determine set of dotes from (Tt/Ut)
item tendencies and user tendencies

@ Use tendencies to calculate "predictedRating’ based
on four conditions: PR1 on condition a, PR2 on
condition b, PR3 on condition ¢, and PR4 on
condition d.

@ Generate PredictedRting using KNN algorithm

Uder_id Item_id lActua]Rating PredictedRating |®St0re PredictedRating with input features in
"Predictions" dictionary

|
| Return Predictions | @ Return optimized rating

Figure 3.1. (continued) Optimization ratings with adapting steps of the tendencies

collaborative filtering algorithm

As mentioned earlier, simple formulas were used for the four conditions and calculations.

Also discussed is the CF algorithm, which is based on the similarity of associations between

users on the same item. This method states that if two users exhibit a similar classification

pattern, there is a high probability of matching in missing classifications. However, since

identifying these links is relatively complex, most solutions require a lot of information.

Therefore, similar algorithms have significant problems when dealing with sparse datasets.

4. Optimize the actual rating values by calculating the average rating.

5. Generate high-value features, such as helpful and unhelpful reviews, primarily based on

either the optimal rating or the original rating.
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6.

Balance helpful (1) and unhelpful (0) review instances as in Figure 3.2. To balance the
distribution of classes in the dataset, the over-sampling approach based on the Synonym-
Based Unhelpful Review Augmentation (SbURA) algorithm [80] requires copying
instances from the minority class, unhelpful (0). This helps to ensure that the deep model
gets enough samples from all classes, preventing it from being biased against the majority
class (1). SbURA is a data augmentation method that generates synonyms for words in
sentences to balance text datasets. This produces examples that are syntactically diverse
yet semantically comparable. Algorithm 3.2 displays the procedure of the SbURA
algorithm. The input is the original dataset with text reviews and helpful labels. The
output is the dataset containing the balanced augmented review text.

Pre-tokenized review text and labels: We should tokenize the review texts of groups
(Amazon review and Yelp review) datasets that we used in the two case studies by
stopword removal, stemming, and tokenizing. These processes represent fundamental
steps in a standard natural language processing (NLP) pipeline. In our approach, they
were applied alongside case study 1 and case study 2 with (Balanced CNN-BiLSTM).
However, their application is not exclusive to transformer-based models, such as case
study 2 with Pre-Trained Model Il (RoBERTa-base), and may not always align with
model-specific preprocessing requirements. The following section outlines how these
steps integrate into traditional NLP pipelines compared to transformer-based

architectures.

Traditional Pipelines: These steps are used in traditional NLP pipelines for our task, such
as review classification as input pre-tokenizing data for training (Balanced CNN-
BiLSTM) to break the texts of reviews into smaller, easier-to-understand chunks. These
adjustments to the data before training the deep model are called preprocessing. In text
classification, we need to use nltk.corpus.stopwords to extract meaningful information
from the review text according to our task. Reducing words to their essential forms is
called stemming, with the function PorterStemmer(). The Porter Stemmer is often used
because of its balance of simplicity, speed, and effectiveness, especially in general-
purpose NLP. Although the root serves as a basic form for related words in terms of
meaning, it may not be a word in the language on its own. It is necessary to improve text
representation by grouping similar words. Tokenization is used in NLP on
keras.preprocessing.text. Tokenizer to break down phrases and paragraphs into more
straightforward and processable elements. Collecting data (a sentence) and breaking it
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into understandable components (words) are the first steps in the NLP process. The
vocabulary introduced to word segmentation profoundly influences its precision. Striking
a balance between efficiency and exactness is paramount when selecting words for these
algorithms. An NLP would reach heightened precision if equipped with a comprehensive
dictionary's vocabulary. This assertion resonates with algorithms tailored for niche
purposes. The lexicon introduced to word segmentation dictates its precision level.
Choosing the right words for these algorithms demands a harmony between efficiency
and exactness [81]. The tokens are embedded using a word embedding approach by

mapping various word indices to embedding vectors during training as an input layer.

Transformer Pipelines: For transformer pipelines, like the case study with Pre-Trained
Model Il. (Roberta-base), These steps are replaced by advanced tokenization methods and
model-specific preprocessing tailored to handle textual data more effectively. First,
isolating specific columns from a structured dataset (e.g., a DataFrame) and converting
them into a format-compatible input in list format with the RoOBERTa tokenizer. Roberta
uses a special tokenizer based on Byte-Pair Encoding (BPE) to split text into subword
units. The tokenizer ensures consistency with the vocabulary used during Roberta's
pretraining. Roberta, in addition to special tokens, expects special tokens such as <s>
(start of sentence) and </s> (end of sentence) around the input text. Sequence-pair tasks
also include a separator token </s></s> between the sequences. Each word in the input
text is broken into subwords or tokens (Convert Text to Tokens) using the BPE
vocabulary. As the Output compatibility, the pipeline directly prepares the dataset for
frameworks like Hugging Face’s transformers library, ensuring smooth integration for

training and evaluation [82].
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Algorithm: Synonym-Based Unhelpful Review Augmentation (SbURA) Algorithm

Input: rawDS // Dataset with text reviews and helpfulness labels
Output: augDS // Augmented unhelpful reviews

1. augbDS « {}

2. unhelpful_reviews « filter rawDS where helpful = 0 and drop NaN values
3. num_helpful_reviews « total number of helpful reviews in rawDS
4, num_unhelpful_reviews < size of unhelpful reviews

5. target_augment_count «— num_helpful reviews - num_unhelpful_reviews
6. augmented_count « 0

7. while augmented_count < target_augment_count do

1. review < randomly choose a review from unhelpful_reviews

2. tokens « tokenise review into words using nltk.word_tokenize

3. augmented_tokens « []

4. for each token in tokens do

5. synonyms «— get synonyms for token using wordnet.synsets

6. if synonyms is not empty then

7. augmented_token «— randomly choose a synonym from synonyms
8. Else

9. augmented_token « token

10. append augmented_token to augmented_tokens

11. End

12. augmented_review < join augmented_tokens into a sentence

13. add augmented_review to augDS

14, augmented_count « augmented_count + 1

8. End

9. return augDS

1 1 1 0 O
1 1 1 0 O
1 0 1 11 |10 |0

Imbalance Binary Classes

Balance Binary Classes

Figure 3.2. Over-sampling based on SbURA for balancing binary classes

3.3. Deep Learning Models Used in Case Studies

3.3.1. Case study 1: BHRQUT model

In this part, we detail the overview of the proposed balanced helpful recommendation model,
with quantifying users’ tendencies, BHRQUT model, which is illustrated in Figure 3.3. To

test the performance of review analysis on item reviews, we follow two cases: one Casel
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combines the advantages of the TCF algorithm, CNN, data augmentation, and the BiLSTM
model, in this case, re-rating of items is performed by analyzing differences between users
and items using the Tendencies class from the Surprise package. The dataset is then filtered
into two paths Case 1 and Case 2, her path is divided into two subpaths: Case 1 is partitiond
into Case 1_1 and Case 1-2, where Casel_1 a review is considered highly helpful if the
average rating (avg), computed as avg = (Actual Rating (ACR) + Predicted Rating (PRR)) /
2, 1s > 3. In this scenario, reviews are labeled helpful if avg > 0.3, while those with avg < 0.2
are categorized as unhelpful. A stricter threshold is applied in Case 1 2, where avg > 4 is
required, classifying reviews as helpful if avg > 0.4 and unhelpful if avg < 0.3, following the
methodology proposed in [83], while the Case 2 is the same but does not use the TCF
algorithm, in this case, filtering is performed based solely on the actual rating of the dataset
without utilizing the Tendencies class. The dataset is again divided into two subcases: Case
2 1, where a review is labeled helpful if ACR > 0.3 and unhelpful if ACR < 0.2, following
the approach in [84], and Case 2_2, where a more stringent threshold is applied, categorizing
reviews as helpful if ACR > 0.4 and unhelpful if ACR < 0.3. We utilize the TCF algorithm
to enhance the review feature to predict optimal rating and assign a binary label (helpful,
unhelpful) to each row based on the average rating values computed from the ‘Actual Rating’
and ‘Predicted Rating’ columns. Then we balance the dataset by employing one of several
data augmentation techniques, such as the Synonym-Based Unhelpful Review
Augmentation (SbURA) algorithm, resulting in an equal number of rows for each label.
Following data preprocessing, the review representation is structured using a traditional
Natural Language Processing (NLP) pipeline. Subsequently, a CNN-BIiLSTM model is
trained over 20 epochs using a 5-fold cross-validation technique. The model is designed to
analyse the textual summary content of user reviews, considering only rating interactions
and written reviews by the user. The evaluation process incorporates various performance
metrics, including Root Mean Squared Error (RMSE), Mean Squared Error (MSE), Mean
Absolute Error (MAE), accuracy, recall, F1-score, precision, and the confusion matrix. The
preprocessing steps applied to the dataset are detailed in (See Section 3.2), followed by an
in-depth discussion of the CNN-BILSTM network architecture, its mathematical

formulation, and the evaluation process.
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Figure 3.3. Overview of the BHRQUT model

Hypothetical background of the balanced CNN-BiLSTM network

Feature extraction begins with structural attributes such as review length, sentence count,
and word count. The organisation of content significantly influences review quality. For
instance, excessively long reviews may include vague or ambiguous details, which can
diminish the effectiveness of product recommendations. Additionally, metadata features
such as star ratings and review summaries play a crucial role. Customers provide star ratings
alongside their written reviews, and the discrepancy between an item’s actual average rating

and individual user ratings can be a key factor in assessing review significance.

To improve the accuracy of helpful review analysis in product reviews, we leverage the
strengths of TCF and the balanced CNN-BIiLSTM model, introducing the BHRQUT
framework. The process begins with dataset collection based on user ratings and behavioural
tendencies. After applying NLP-based preprocessing and optimising user profile features
through binary label assignment and dataset balancing techniques, the embedding layer
captures the semantic meaning of words and sentences. This layer transforms categorical
data into continuous vectors (0,1), enhancing efficiency in analysis, classification, and

prediction tasks.

Subsequently, the extracted feature vectors and attributes are fed into a Convolutional Neural

Network (CNN) for recommendation. The CNN layers perform feature extraction on the
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input-balanced dataset, capturing intricate patterns within the data. In our proposed model,
four Conv1D layers are incorporated, where each layer’s output is determined based on its
respective inputs, word embedding dimensions, maximum sequence length, kernel filter
size, and neuron biases. The mathematical formulation of the convolutional layer output is

presented in “Eq. 3.7”.
Y(n) _ Zf_t—l D-1y K(n) +p™ 3.7
i T Lj=0 4f=02(stj-p) f ( : )

In our model, two matrices represent the input text sequence and the convolutional filter.
The input text sequence is denoted as a matrix X with dimensions LxD, where L represents
the sequence length in tokens, and D denotes the dimensionality of the word embeddings.
Similarly, the convolutional kernel is defined as a matrix K with dimensions #xD, where A
corresponds to the filter height, and D aligns with the embedding dimension. The output
vector at position n, denoted as Y, is calculated as the filter traverses the input matrix. The
stride determines how many words the filter shifts at each step, with each element's position
(itj, f) in the input matrix X corresponding to the position (j, f) in the filter matrix K. To
maintain consistent output dimensions, padding (p) is applied by appending zero tokens at
the beginning and end of the sequence. Additionally, the bias term b, associated with each

layer, is regulated by “Eq. 3.8”.

Ap™ £ 2L | Ap™Y (3.8)
n YiJ'lf l
In this framework, bi represents the bias associated with each neuron, while the

regularisation parameter is denoted by . The variables n and m correspond to the total

number of samples used for training and testing. The loss function is represented as the Ye—'L,
Lj.f

is defined as the Mean Squared Error (MSE) concerning the output at position (i, j, f) for
the f-th filter. A max-pooling layer is applied to generate a more abstract and compact
representation of the input data, enabling subsequent layers to focus on higher-level features.
The max pooling operation for a given feature map is mathematically formulated in “Eq.
3.9”.

MP;,, = maX(Yl-,Hf,n) forf=01,.,m-1 (3.9)
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In this formulation, MPi,n represents the element in the output feature map at the position
(i,n), while Yi,n denotes the corresponding element in the input feature map. The maximum
value is selected from a pooling window of size m along the sequence length dimension L.
This approach enhances the network’s ability to generalize to unseen data. To further
improve sequence learning, these extracted features are integrated with BiLSTMs within the
CNN-BILSTM architecture, as illustrated in Figure 3.4. The Bidirectional Long Short-Term
Memory (BILSTM) model captures user preferences in both forward and backward

directions, addressing challenges associated with cold-start problems in recommendation

systems.
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Figure 3.4. Formulation of BHRQUT architecture

The BILSTM architecture employs two LSTM networks to process the input sequence
instead of just one. One LSTM works on the original sequence, while the other analyzes a
reversed or modified version [85]. This bidirectional structure enhances pattern recognition
by capturing contextual dependencies in both forward and backward directions, thus

improving the model’s ability to comprehend sequential relationships within the data.

The mathematical formulation of a BiLSTM consists of both forward and backward LSTM
layers. At each time step, the BiLSTM generates hidden states from both directions. The
forward hidden state at time ¢, denoted as Atf, is calculated based on the previous hidden
state ~t—1 and the cell state ct—1, as defined in “Eq. 3.10”. Similarly, the backward hidden

state at time t, represented as /tb, is determined using the future hidden state 4t+1 and the
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cell state ct+1, as expressed in “Eq. 3.11”. The input at time t, denoted as Xt, is included in

both computations to capture contextual dependencies from both temporal directions.

heg = Istmf (X¢, he—q, €c—1) (3.10)

hep = Istmb (X, Ay, Ceyr) (3.11)

The output of the BILSTM at each time step t is obtained by concatenating the forward and
backward hidden states. This operation integrates contextual information from both temporal
directions, as expressed in “Eq. 3.12”.

BiLSTM = (hys. hep) (3.12)

Finally, the fully connected layer is constructed by merging three key components: the
flattened, Dense, and output layers. This integration is based on the width of the input
sequence (L), the height of the input sequence (D), the bias term (b), the number of output
units (yn), and the activation function sigmoid (S), which classifies the output to binary
values (0,1) [86], as formulated in “Eq. 3.13”.

Y =S(L.D.y") + b (3.13)
3.3.2. Case study 2: PRE-DHRRF model

Case Study 2 outlines the effectiveness of integrating dataset preprocessing techniques,
sample size balancing, and transfer learning as essential components for improving
performance in customer review analysis, as depicted in Figure 3.5. The process incorporates
a tendencies-based collaborative filtering algorithm, data augmentation through
oversampling, and a natural language processing (NLP) pipeline for preprocessing rating
and review texts of two categories from the Amazon customer review dataset and one group
from the Yelp Academic dataset, all of which contribute to more robust dataset preparation.
In the subsequent phase, we trained the datasets using previously saved weights from two
pre-trained models: Balanced CNN-BiLSTM and RoBERTa-base. The training procedure
employed a 5-fold cross-validation strategy over 20 epochs. The final phase involved

validating model performance and fine-tuning hyperparameters. Evaluation metrics included
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generalization gap, accuracy, precision, recall, F1 score, root mean square error (RMSE),
and mean absolute error (MAE). Each stage of the process is described in detail to ensure

transparency and reproducibility.
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Figure 3.5. An architecture of our proposed PRE-DHRRF framework. Top component:
Preprocessing the input dataset. The bottom component consists of two pre-
trained transformer models, each validated on 5-fold cross-validation; the left
one is fine-tuned for review classification using Pre-trained Model | (Balanced
CNN-BILSTM), and the right one is fine-tuned for review classification using
Pre-trained Model I1. (Roberta-base).

The system can provide useful recommendations to users based on our proposed case study

2, as shown in Figure 3.6.
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Figure 3.6. Flowchart illustrating the steps methodology of our case study 2

Hypothetical background of the pre-trained balanced CNN-BiLSTM model

Input features were extracted using tokenized text sequences and padded for consistency.
Additionally, we included domain-specific features, such as review length to determine the
maximum number of words for input to our model layer, and sentiment scores (helpful label),
to enhance contextual understanding. Padding = ' same' in our previous model (Balanced
CNN-BILSTM) was crucial for ensuring dimensional consistency and compatibility with
pre-trained weights. In convolutional operations, the output dimensions shrink without
padding as the filter slides across the input, potentially leading to information loss at the
edges. By applying padding='same’, the output dimensions are maintained, matching the

input size, essential for preserving architectural consistency throughout the model.

To enhance the formulation of the Custom Balanced CNN-BILSTM as a pre-trained model,
the proposed CNN-BiLSTM model integrates Convolutional Neural Networks (CNN) for
feature extraction and Bidirectional Long Short-Term Memory (BILSTM) for sequential
modeling. The embedding layer maps tokenized words into dense vectors, while the Max
Pooling layer reduces dimensionality while preserving dominant features. The BiLSTM
layer captures long-range dependencies bidirectionally, as demonstrated in (See Section
3.3.1) with case study 1 and as (See Equations 3.4-3.9). Following this, A fully connected
layer is employed to integrate features by combining the representations learned from the
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CNN-BILSTM architecture with those obtained from a pre-trained model. Specifically, the
hidden states generated by the BiLSTM are concatenated with the pre-trained feature vector

Pt, as defined in “Equation 3.14.”, to enhance the overall feature extraction process.

H, = BiLSTM @ P, (3.14)

The final classification layer outputs a binary helpfulness label is performed using a fully

connected layer followed by a sigmoid activation, as in “Eq. 3.15”.

Y =S(L.D.y".H,) + b (3.15)

This integration is based on the width of the input sequence (L), the height of the input
sequence (D), the bias term (b), the number of output units (yn), and the activation function

sigmoid (S), which classifies the output to binary values (0,1)

Hypothetical background of the pre-trained balanced Roberta-base model

The raw text input, denoted as X is tokenized using ROBERTa's tokenizer, which converts
textual data into a structured format suitable for input into a neural network. This process
produces tokenized inputs, attention masks, and segment identifiers, collectively referred to
as Xtorens- 10 €nsure consistency in input dimensions, padding and truncation are applied

to maintain a fixed sequence length of L, yielding a tokenized representation as “Eq. 3.16".

Xeokens = {x1,x2, ..., x.} (3.16)

Each tokenized input X;,kens-- 1S then embedded into a dense vector space using word
embeddings and positional encodings, forming the input matrix, then processed using a
pretrained ROBERTa model to extract contextual embeddings [82].

E = Embedding(X;okens) = Positional Encoding (Xtokens) (3.17)

Let E € RX*? denote the input embedding matrix, where L is the sequence length and d
represents the hidden dimension of the RoOBERTa model (typically d=768 for RoOBERTa-
base). The input embeddings incorporate both token embeddings and positional encodings.

Positional encodings are crucial for preserving the sequential order of tokens, which is
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otherwise not inherently captured by self-attention mechanisms. The embedding
representation E is passed through a stack of Transformer encoder blocks. Each block

consists of the following key components:

e Multi-Head Self-Attention (MHSA):

This mechanism enables the model to attend to information from different positions within
the input sequence simultaneously. It does so by projecting the input into multiple sets of
query, key, and value vectors (heads), applying scaled dot-product attention independently
across each head, and then concatenating and projecting the results. This facilitates learning
complex dependencies and contextual relationships between tokens.

e Layer Normalization:

Applied after the self-attention and feed-forward sublayers, layer normalization stabilizes
and accelerates training by normalizing the summed input across the feature dimension. This

helps mitigate internal covariate shift and improves convergence.

e Feed-Forward Network (FFN):

Each transformer block includes a position-wise feed-forward network, typically consisting
of two linear layers separated by a non-linear activation function such as GELU (Gaussian
Error Linear Unit). The FFN processes each token's representation independently, enabling

non-linear transformations that enhance the model’s expressive capacity.

e Dropout:

Dropout is applied at various stages (e.g., after attention and FFN layers) to prevent
overfitting by randomly zeroing out elements of the input tensor during training, thus
improving the generalization ability of the model.

The output of the i-th Transformer block can be formally expressed as shown in“Eq. 3.18”
and illustrated in Figure 3.7. These stacked layers collectively enable the model to capture
both local and global dependencies in the input sequence, which is essential for effective

downstream tasks such as classification.
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H; = LayerNorm(FFN (LayerNorm(MultiHeadAttention(Hi_l)))) (3.18)
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Figure 3.7. Construction of pre-trained (Roberta-base) model

The model generates a hidden state representation Hy;, € R1%4, where d denotes the hidden
dimension of the RoOBERTa model. The first hidden state, corresponding to the classification
(CLS) token, is extracted as h.;; = Hy[0]. The [0] index extracts the first row of this matrix,
which corresponds to the [CLS] token (classification token).This CLS representation is then

passed through a fully connected layer to obtain the logits:

z=Whgs +b (3.19)

where, W € R%*2 s the weight matrix and b € R?is the bias vector. They are trainable

parameters.

To introduce non-linearity, an activation function such as GELU (Gaussian Error Linear
Unit) is applied:

z' = GELU(2) (3.20)

The error function is complex and slow for deep learning models. A practical alternative is

using the sigmoid function o(x), which is easier to compute:
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The final class probabilities are computed using the sigmoid function:

1

o(x) = = (3.21)
The Approximation: Instead of the erf-based GELU, we use:
GELU(x)~=x-6(1.702x) (3.22)

The scaling factor 1.702 makes the sigmoid function closely match the shape of the erf-based
GELU.

Y=0(z") (3.23)

where Y represents the predicted probability distribution over the two classes [87].

3.4. Model Training and Hyperparameter Selection

This section introduces the key hyperparameters related to model training and architecture,
discusses their importance, and methods for determining their value range, addressing their
efficiency and accuracy, particularly for deep learning networks. Hyperparameters play a
crucial role in deep learning because they dictate how a model learns and generalises from
data. Unlike model parameters (such as weights and biases) learned during training,
hyperparameters are set before training begins and significantly impact the model's
performance, convergence speed, and ability to generalise to unseen data. Hyperparameters
are crucial in defining the model architecture and optimising its training process. They
influence the model's structure, such as the number of hidden layers, the choice of activation
functions, and training efficiency and accuracy through parameters like the learning rate

(LR) of the optimizer, batch size, and loss function [88].

Drouput reqularazition technique

Dropout is a regularization technique that randomly deactivates a subset of neurons during
training with a specified probability, thereby reducing the network’s reliance on specific
weights. This stochastic process enhances generalization and mitigates overfitting by

preventing the model from memorizing training data Figure 3.8. The recommended
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probability for neuron deactivation typically ranges between 20% and 50%. If the dropout
rate is excessively high, the model may become overly simplistic, compromising its learning
capacity. Conversely, a very low dropout rate may have a negligible impact on
regularization. Furthermore, it is advisable to use a higher learning rate with decay and
increased momentum, as the reduced number of active neurons necessitates stronger weight

updates per batch to maintain training stability and convergence efficiency.

Net without applying dropout Net with applying dropout
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Figure 3.8. Effect of dropout on a neural network

Activation functions

Activation functions are crucial in deep learning for introducing nonlinear properties to the
output of neurons. Without an activation function, a neural network would behave as a
simple linear regression model, unable to capture complex patterns within data. Activation
functions must be differentiable to compute weight gradients and perform backpropagation
effectively. The choice of activation depends on the type, structure, and scale of the dataset,
as it directly influences the network's learning efficiency and convergence behaviour. The
main functions of the activation are Sigmoid, Hyperbolic Tangent (TanH), Rectified Linear
Units (ReLU), and Gaussian Error Linear Unit (GELU). Figure 3.8 and its calculations are
in “Eq. 3.24, 3.25, 3.26, and 3.27”, respectively.

One of the most used activation functions is the Sigmoid function, mathematically expressed
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as: f(x) = = (3.24)
The Sigmoid function maps any real-valued input to a range between 0 and 1, making it
particularly useful for binary classification tasks. By constraining activations within this
range, it prevents excessively large values, ensuring stable learning. However, the Sigmoid
function suffers from the vanishing gradient problem, which can slow down the training of

deep networks.

A more advanced alternative is the Hyperbolic Tangent (TanH) function, given by:

1-e~2%
1+e~2%

fx) = (3.25)
Unlike the Sigmoid function, TanH is zero-centered, with outputs ranging from —1 to 1,
allowing for a more balanced gradient flow during training. Its steeper derivative enables
faster learning compared to the Sigmoid function. However, despite its advantages, TanH
still suffers from the vanishing gradient problem, making it unsuitable for deep networks

with many layers.

In recent years, the Rectified Linear Unit (ReLU) function has become the most widely used
activation function due to its simplicity and effectiveness in deep learning models.

Mathematically, ReLU is defined as:

O,xSO}

Fx) = {x’x >0 (3.26)

ReLU has gained popularity because it overcomes the vanishing gradient problem present
in Sigmoid and TanH, making it particularly effective in multi-layer networks. Unlike
Sigmoid and TanH, ReLLU does not similarly activate all neurons, improving the network’s
ability to learn complex representations. However, ReL U has two main drawbacks. First, its
range extends from zero to infinity, which can lead to unstable activations. Second, for
negative input values, ReLU outputs zero, causing some neurons to become permanently
inactive, a phenomenon known as the "dying ReLU" problem. To address this issue, several
ReLU variants have been introduced, including Leaky ReLU, Parametric ReLU (PReLU),
Exponential Linear Unit (ELU), and Scaled Exponential Linear Unit (SELU), Figure 3.9.
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Leaky ReLU introduces a small slope (e.g., 0.01x) for negative inputs, allowing small
gradient updates and preventing neurons from becoming permanently inactive. Despite these
limitations, ReLU remains the default choice for deep learning models due to its
computational efficiency and fast convergence. If vanishing gradients become an issue,

Leaky ReLU is often suggested as an alternative.

For deep architectures like Transformers, the GELU function [89] has been widely adopted
due to its smooth activation properties, improved gradient propagation, and enhanced
training stability, contributing to superior performance in large-scale natural language
processing (NLP) tasks. The GELU function is defined as:

fx) =x.9(x) (3.27)

where x. ¢ (x) is the standard normal cumulative distribution function (CDF). An alternative

approximation is:

f(x)=x-(1.702x) (3.28)

Where x represents a range of input values for which the activation functions are calculated.
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Figure 3.9. Formulation of activation functions

Adam optimizer algorithm

Optimization algorithms, such as Adaptive Moment Estimation (Adam), play a crucial role
in training deep neural networks by efficiently minimizing the loss function and enhancing

model performance. The choice of optimizer directly impacts the convergence speed,
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stability, and overall effectiveness of the learning process. Adam is widely adopted due to
its adaptive learning rate, momentum-based updates, and bias correction, which address

some challenges associated with traditional optimization methods.

Adam is a widely used optimization algorithm in deep learning, recognized for its efficiency
and effectiveness across various neural network architectures. Adam combines the
advantages of stochastic gradient descent (SGD) with momentum and RMSprop, which
incorporates bias correction and momentum into RMSprop to enhance performance,
especially in the later stages of optimization. It calculates both the exponential moving
average of past gradients and the squared gradients. Moreover, Adam maintains an
exponentially decaying average of past gradients, ensuring balanced memory efficiency
between GD (Gradient Descent) with momentum and RMSprop. Due to its robustness and
low hyperparameter tuning requirements, aside from the learning rate (LR), the learning rate
function controls the extent of parameter adjustments during each training iteration,
influencing the convergence speed and stability of a model. While its values typically range
between 0 and 1, the optimal selection depends on factors such as the optimizer, dataset
characteristics, and model architecture. To improve training efficiency and stability,
techniques such as learning rate schedules and adaptive optimization methods are commonly
employed. Additionally, batch size, which determines the number of samples processed
before updating model parameters, significantly impacts both computational efficiency and
training accuracy, while the hyperparameter epoch represents the total number of iterations
the learning algorithm performs over the entire training dataset. A single epoch ensures that
each sample in the dataset has been processed once, allowing the model to update its internal
parameters accordingly. Although increasing the batch size can reduce model performance,
this effect can be mitigated by appropriately adjusting the learning rate in conjunction with
batch size, ensuring balanced optimization and improved learning dynamics. Adam is
frequently recommended as the default optimization algorithm for training deep neural
networks [90].

Loss functions

Loss functions are fundamental in deep learning-based recommendation systems, as they
quantify the discrepancy between predicted and actual outcomes, guiding model
optimization. The selection of an appropriate loss function depends on the recommendation
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task, such as rating prediction, implicit feedback modeling, review classification, or ranking
optimization, with the primary objective of minimizing prediction errors to enhance
recommendation accuracy. Loss functions are broadly classified into regression-based and
classification-based types. Regression loss functions [90], such as Mean Squared Error
(MSE), are employed for continuous value predictions and are particularly suitable when
target outputs follow a normal distribution. MSE, computed as the average of squared
differences between predicted and actual values, is differentiable, making it well-suited for

gradient descent optimization. Mathematically, it is expressed in “Eq. 3.29”.

1 A
MSE = 3 vi =y )* (3.29)
Conversely, classification loss functions, such as Binary Cross-Entropy (BCE), are used in
binary classification tasks where models predict probabilities between 0 and 1 [91]. This loss
function penalizes incorrect and low-confidence predictions by leveraging logarithmic
computations, ensuring that the model learns to produce both accurate and confident

predictions.

To maintain the convention where lower loss values signify better model performance, the

computed result is multiplied by -1 as in “Eq. 3.30”.

BCE = -1, [yilogp(y:) + (1 — y)log(1 — p(y:))] (3:30)

where yi is the true label (either 0 or 1), and p(yi) represents the predicted probability of the

instance belonging to class 1. The average loss across an entire training dataset of size n.

The choice of an appropriate loss function directly impacts the effectiveness of a
recommendation system by optimizing model performance, reducing error, and improving

user satisfaction.
3.4.1. Reproducible results of case study 1 (BHRQUT)

To implement and evaluate our case study 1 approach by selecting four categories from the
Amazon Review-5 dataset: Video Games (C1), Musical Instruments (C2), Books-5 (C3),
and Clothing, Shoes, and Jewelry (C4). The dataset comprises multiple features, including
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Reviewer ID, Product ID (ASIN), Reviewer Name, Overall Review Score, Review Text,
Product Summary, Total Votes Cast by the Reviewer, Product Image, Review Accuracy
(Boolean Value), Product Attributes (e.g., Style), and Review Date. Table 3.2 shows

examples of all the features and their values.

To enhance the predictive capabilities of our model, we utilized a summary of the review
text along with helpfulness features, represented as binary values (0 or 1), which were
derived by filtering the average rating attribute computed using a tendencies-based
collaborative filtering algorithm. The selected features were subsequently preprocessed
using natural language processing techniques. As part of the model training process, we
employed a word embedding approach, wherein words were learned and mapped to
embedding vectors by associating various word indices during the training phase. This
embedding layer served as the input to our balanced CNN-BIiLSTM model, enabling

effective representation learning for review classification.

The input dimension of 50,000 represents the most frequently occurring words, with each
token assigned a unique integer ranging from 0 to 49,999. The output embedding dimension,
set to 50, defines the size of the dense vector space in which words are embedded. This
dimensionality reduction is intended to minimize model complexity and computational cost,
particularly when working with large datasets. The generated word embeddings capture
semantic relationships between words within the given data context. In this approach, the
embedding layer functions as a lookup table, where each of the top 50,000 most frequent
words in the vocabulary is mapped to a corresponding 50-dimensional vector. Given that the
study encompasses four dataset categories, the maximum sequence length of text statements
varies across categories. Specifically, we observed maximum sequence length values of 21,
22,23, 24, 25, 30, 38, and 44 tokens for different categories.

The input text sequence data was processed using a convolutional kernel of size 2 x 2. This
kernel configuration enables the model to capture and interpret local word patterns while
preserving essential contextual information, especially given the relatively short nature of
the text sequences (i.e., review summaries). In this context, predicting helpfulness may rely
on identifying concise yet significant word pairs. Four Convolutional (ConvID) layers were
employed to extract meaningful feature representations. The first ConvID layer utilized a
filter size of 100 to capture a broad range of textual features while maintaining a balance
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between model complexity and feature extraction. The subsequent three ConvID layers
incorporated 64 filters, a design choice that facilitates dimensionality reduction in deeper
layers. This reduction is crucial for focusing on higher-level, abstract representations of the

input data, thus enhancing the model's ability to discern meaningful patterns.

Additionally, a max-pooling layer was applied to downscale the spatial dimensions of the
extracted feature maps. This layer selects the highest value from each filter kernel’s receptive
field, effectively reducing the height and width of the feature maps while preserving their
most salient characteristics. A kernel size of 1 x 1 was employed in this layer, ensuring that
key features are retained while mitigating computational complexity and minimizing the risk
of overfitting.

After the max-pooling layer, the outputs were passed to a single Bidirectional Long Short-
Term Memory (BiLSTM) layer with 200 hidden units. The bidirectional aspect of the LSTM
allows the model to effectively capture both forward and backwards contextual
dependencies, thereby improving the overall sequence representation. The use of 200 hidden
units gives the model a high capacity for learning and retaining patterns over time, which is
especially beneficial in natural language processing (NLP) tasks where understanding
contextual relationships across a sequence is crucial. To enhance the model’s generalization
and robustness against data variations, a dropout rate of 0.5 was applied after each layer.
Additionally, a batch normalisation layer was added to reduce the risk of overfitting by
normalising the activations. The Rectified Linear Unit (ReLU) activation function was
employed across all layers due to its computational efficiency and ability to promote

representational sparsity, which supports the learning process.

To ensure a robust evaluation of the model, we trained our model on 20 epochs and employed
a 5-fold cross-validation strategy using the KFold method. In each fold, the dataset was
partitioned such that 90% of the data was allocated for training and validation, while the
remaining 10% was used exclusively for testing. Within the 90% training portion, we further
split the data, using 80% for actual training and 10% for validation. As a result, the data
distribution for each fold consisted of 80% for training, 10% for validation, and 10% for
testing. This approach enabled thorough performance assessment while maintaining data
integrity and preventing information leakage from the test set during the training and
validation phases.
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The model was initialised with a learning rate of 0.01 and optimised using the Adam
algorithm. The Mean Squared Error (MSE) loss function was employed to enhance accuracy
by minimising prediction errors. The final layers of the model consisted of a fully connected
architecture comprising three key components: a flatten layer, a dense layer, and an output
layer. The dense layer utilised a sigmoid activation function, which is particularly suitable
for binary classification tasks where each input sample is categorised as either helpful or
unhelpful. The overall structure of the proposed model, along with the parameter

configurations for this case, is presented in Figure 3.10.
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Figure 3.10. Construction of the proposed case study 1

3.4.2. Reproducible results of case study 2 (PRE-DHRRF)

This case study evaluates the proposed model using two subsets of the Amazon Review
Dataset, Musical Instruments (DS1) and Clothing, Shoes, and Jewelry (DS2) in addition to
the widely used Yelp Academic Review Dataset, which is commonly employed in e-
commerce research. The evaluation process involves filtering essential attributes, including
the overall item rating, unique item identifier (ASIN), reviewer ID, and the review summary
text. The proposed framework is designed to generate two distinct pre-trained models

capable of analyzing both helpful and unhelpful user reviews.

Furthermore, the study incorporates the Review Data File (DS3) from the Yelp dataset,
which contains attributes such as review ID, user ID, business 1D, star rating (ranging from
1 to 5), review text, and date. From this dataset, the selected features used in the analysis
include review ID, business ID, star rating, and review text. Table 3.2 provides illustrative

examples of attribute information, presenting one representative column from the Amazon
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Review Dataset alongside one from the Yelp Academic Review Dataset. Each column is
further broken down into feature—value pairs to enable a structured and comparative analysis.

Table 3.2. Examples of the Amazon review dataset and the Yelp academic review dataset

Amazon review dataset Yelp academic review dataset
Features Values Features Values
overall 4 review_id BiTunyQ73aT9WBnpRIDZGw
vote 2.0 user_id OyoGAe70Kpv6SyGZT5g77Q
verified True business _id TATYjTIgM3jUIt4UM3IypQ
Review time 11 14, 2011 stars 5
Reviewer id A18ZXVF5AQFK35 useful |
asin 0151004714 funny 0
{'style:": ' Straight to
style Straight'} cool 1
Reviewer name meep ot I've taken manyyzzlrn classes over the
Meep bought several for the
Review text home studio. They are date 2012-01-03 15:28:18
nicel...
Summary very nice cables
Unix review 1321228800
time
image NAN

Pre-trained models are widely recognized for their accuracy and robustness in text
classification and other natural language processing (NLP) tasks. Due to their training on
large-scale datasets, they offer improved generalization and help mitigate overfitting,
making them particularly valuable in recommender system research. A key component of
their effectiveness is the fine-tuning process, which ensures optimal adaptation to

downstream tasks.

In this study, we utilize the saved weights of two pre-trained models: a custom Balanced
CNN-BIiLSTM model developed in Case Study 1, and the standard RoBERTa-base model.
The Balanced CNN-BIiLSTM combines convolutional neural networks (CNNs) with
bidirectional long short-term memory (BiLSTM) units to extract sequential and spatial
features. It was originally trained on Amazon review datasets and is reused in Case Study 2

for classifying review helpfulness. The structure of this model is illustrated in Figure 3.10.

To ensure consistency in evaluation, we adopted the same data partitioning strategy from

Case Study 1 in Case Study 2, applying 5-fold cross-validation over 20 epochs. The
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Balanced CNN-BIiLSTM model was configured with the following hyperparameters: batch
size of 256, learning rate of 0.01, dropout rate of 0.5, and the Adam optimizer. The maximum
input lengths were set to 21 and 24 tokens for the Amazon Musical Instruments and Clothing
datasets, respectively, and 690 tokens for the Yelp dataset. The vocabulary size was fixed at
50,000, and the embedding dimension was set to 50. The fully connected output layer
employed a sigmoid activation function and mean squared error (MSE) as the loss function
to classify reviews as helpful or unhelpful. The model contained 2,966,903 parameters, of
which 2,965,391 were trainable.

The RoBERTa-base model, implemented in TensorFlow, is an enhanced version of BERT,
pre-trained on 160 GB of text from sources including BooksCorpus, Wikipedia, and
OpenWebText. To prepare our data for this model, we adapted each dataset into lists of
review texts and corresponding helpfulness labels. These inputs were tokenized using the
RoBERTa tokenizer, which maps text tokens to integer indices within a 50,000-token
vocabulary. Each token sequence is then embedded into a 768-dimensional vector with

positional encoding to preserve word order.

The RoBERTa model comprises 12 transformer layers, each containing multi-head self-
attention mechanisms and feed-forward sub-networks. The model's training configuration
included a batch size of 32, 10 epochs, a learning rate of 7e-5, and 3072 hidden units per
feed-forward layer, with GELU (Gaussian Error Linear Units) as the activation function.
The model was regularized using a dropout rate of 0.1 and optimized using Adam. In total,
RoBERTa-base includes 124,647,170 trainable parameters.

Within the PRE-DHRRF framework, we fine-tuned all layers of both the Balanced CNN-
BiLSTM and RoBERTa models on domain-specific datasets to maximize performance in
classifying helpful versus unhelpful reviews. For binary classification, we compiled the
models using the Binary Cross-Entropy loss function and the Adam optimizer. This fine-
tuning ensures full adaptation of the pre-trained architectures to the target classification task.
Table 3.3 summarizes all hyperparameters and configuration settings applied in the two case

studies.
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Table 3.3. Hyperparameters are set up in our models (BHRQUT and PRE-DHRRF)

PRE-DHRRF model
re-trained model 1. re-trained
Hyperparameter BHRQUT model P Balanced CNN- mO(f:el.II (Roberta-
BiLSTM base)
Batch Size 256 256 256
Number of Epochs 20 20 20
K-Fold 5 5 5
Activation Function Relu Relu Gelu
Dense Activation Sigmoid Sigmoid Sigmoid
Optimizer Adam Adam Adam
Loss Function MSE MSE Binary Categorical
Crossentropy
Dropout 0.5 0.5 0.1
Learning Rate 0.01 0.01 5.00E-07
MAX NB_ WORDS 50,000 50,000 50,000
Enbeiin . .
maxLen (Input 21,22,23,24,25,30,38,44 21, 24, 690 21, 24, 690
Lengths)

3.5. Fine-Tuning and Performance Evaluation

The final step is to analyze and calculate the quality score utilizing the values of each
attribute. This is achieved through the weighted sum method. The three main factors
establishing the quality criteria are structural elements, metadata, and readability. Reviews
that attain higher quality scores indicate superior quality. This stage concludes with the
calculation of a quality score and the ranking of reviews based on quality. Model evaluation
involves using various metrics to assess the performance, advantages, and disadvantages of
a deep learning or machine learning model. The model's effectiveness should be evaluated
during the early stages of research. Additionally, model evaluation aids in monitoring its
performance in the future. Performance measures include the confusion matrix,

generalization gap, accuracy, precision, recall, F1 score, RMSE, and MAE.

To evaluate the classification performance of our proposed models, we employed several
metrics, including confusion matrix, Accuracy, Precision, Recall, F1-score, Mean Absolute
Error (MAE), Root Mean Squared Error (RMSE), Mean Squared Error (MSE), and
generalisation gap. The mathematical formulations of these metrics are presented in “Eq.
3.31 -3.38”. The popular Python machine learning library, sklearn.library provides these

measurement metrics.
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In our study, the confusion matrix is structured with two rows: the first row comprises True
Negatives (TN) and False Positives (FP), while the second row contains False Negatives
(FN) and True Positives (TP). Specifically, True Positives (TP) represent the number of
actual helpful reviews correctly classified as helpful, whereas True Negatives (TN) denote
the number of actual unhelpful reviews accurately identified as unhelpful. Conversely, False
Positives (FP) refer to the number of unhelpful reviews incorrectly predicted as helpful, and

False Negatives (FN) indicate the number of helpful reviews misclassified as unhelpful.

Among the various evaluation metrics, accuracy is the most commonly utilised. It is defined
as the ratio of correctly classified reviews, both helpful and unhelpful, to the total number of
reviews. This metric provides an overall measure of the model’s classification performance

by assessing the proportion of correctly identified instances across all categories.

The accuracy (Accuracy) of the model is determined by the ratio of correctly classified
instances, both helpful and unhelpful reviews, to the total number of reviews, as formulated
in “Eq. 3.31”.

TP+TN
TP+TN+FP+FN

Accuracy = (3.31)

Where TP denotes true positives, TN represents true negatives, FP signifies false positives,

and FN corresponds to false negatives.

Precision quantifies the proportion of correctly predicted helpful reviews out of all reviews

classified as helpful by the model. It is mathematically defined in “Eq. 4.2”.

TP
TP+FP

Precision = (3.32)

Similarly, Recall measures the percentage of correctly predicted helpful reviews relative to

the total number of truly helpful reviews, as given in “Eq. 3.33”.

TP
TP+FN

Recall = (3.33)
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The F1-score provides a harmonic mean of precision and recall, ensuring a balanced
evaluation between these two metrics. A higher F1-score indicates a stronger classification
capability of the recommender system. The F1-score is formulated in “Eq. 3.34”.

F1 —score = 2.% (3.34)
In addition to classification metrics, statistical evaluation measures such as Mean Absolute
Error (MAE) and Root Mean Squared Error (RMSE) are used to assess prediction
performance by quantifying the deviation between actual and predicted target values. The
MAE, representing the average absolute difference between predicted and actual values, is
defined in “Eq. 3.35.”

1
MAE = =37,

yi =il (3.35)

Where y”i represents the predicted value, yi is the actual value, and n denotes the total

number of samples.

RMSE, a widely used metric for error measurement, assigns greater weight to larger errors,
thereby penalizing significant deviations more than MAE. A lower RMSE value indicates

higher prediction accuracy. The RMSE is given by “Eq.3.36”.

1 N 2
RMSE = \/;Z?zl(yi — ;) (3.36)
Where (y"i—yi) represents the difference between the predicted and actual target values.

Mean Squared Error (MSE) is employed as the loss function for model training. The

objective function used to optimise the model parameters is formulated in “Eq. 3.37”.
_1on A 2

MSE = -3 (v — i) (3.37)

Finally, the absolute difference in performance (Accuracy, loss) between a model's

performance on a training dataset and its performance on test or validation data that hasn't

been seen yet is known as the generalisation gap [95].
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Generalization Gap = [Validation Accuracy — Training Accuracy| (3.38)

These evaluation metrics collectively provide a comprehensive assessment of the model's

classification and predictive performance in our case study 1.

3.6. Experiment Configuration

The running of our experiments implemented using Python high level language on Intel(R)
Core (TM) i7-5500U CPU, 2.40 GHz, 64-bit operating system, x64-based processor on
TITAN XP graphics cards donated by NVIDIA GPU RAM 0.0/ 40.0 GB, System RAM 2.4
/ 83.5 GB, Disk 32.5 / 235.7 GB with 100 compute units approximately usage rate 11 per
hour one day.

NVIDIA is a leading technology company specialising in graphics processing units (GPUS),
artificial intelligence (Al), and high-performance computing. NVIDIA GPU develops the
TITAN XP graphics cards as available hardware resources. It is a specific graphics card
(GPU) used for running the experiments, and TITAN XP is A high-performance GPU
(Graphics Processing Unit) commonly used for deep learning, Al, and computational
workloads [96].

Many libraries are used to run deep learning algorithms, conduct studies, and solve
problems. Today, existing libraries are constantly being updated, and new ones are being
made available, but no single library is completely dominant. Users work with different
libraries based on their experiences. Some of the libraries, scikit-surprise, NLTK,

TensorFlow, and Keras packages used to conduct our deep learning studies are as follows:

TensorFlow: is Google develop an end-to-end open-source machine learning platform. It
provides a comprehensive ecosystem of flexible tools, libraries, and community-driven
resources to support various machine learning (ML) and deep learning (DL) applications.
TensorFlow enables users to efficiently build and deploy machine learning models, from
research prototypes to production-scale applications. One of its key advantages is its multi-
level abstraction, allowing developers to select the most appropriate level of control
depending on the complexity of the problem. For instance, high-level APIs such as Keras

simplify the process of building and training neural networks. At the same time, low-level
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operations offer more flexibility for researchers and advanced users who need finer control
over model architecture and optimisation. Moreover, TensorFlow supports deployment
across various platforms, including cloud services, edge devices, and mobile applications. It
also integrates seamlessly with hardware accelerators like GPUs (Graphics Processing
Units) and TPUs (Tensor Processing Units) to enhance computational efficiency. The
framework is widely used in healthcare, finance, autonomous systems, and natural language
processing (NLP) industries. Due to its open-source nature and strong community support,
TensorFlow continues to evolve, incorporating state-of-the-art machine learning techniques
and providing extensive documentation, tutorials, and pre-trained models to facilitate
adoption [97].

Keras: Keras is a high-level deep learning API that provides an intuitive and user-friendly
interface for building, training, and deploying neural networks. Unlike lower-level
frameworks, Keras prioritises ease of use, enabling researchers and practitioners to develop
complex deep learning models with minimal code. It is specifically designed for humans,
not machines, making it an accessible tool for beginners and experienced machine learning
engineers. One of Keras's key advantages is its consistent and modular API design, which
allows users to prototype models quickly and experiment with different architectures. It
supports rapid debugging by offering precise and actionable feedback to help identify errors
efficiently. Additionally, Keras is highly extensible, allowing for easy addition of custom
layers, loss functions, and metrics, enhancing its adaptability for cutting-edge research.
Keras seamlessly integrates with TensorFlow, which serves as its backend, enabling efficient
execution on both CPUs and GPUs. The framework is widely used in academic research,
industry applications, and educational contexts due to its simplicity and flexibility.
Moreover, Keras provides a vast ecosystem of pre-trained models and reusable code, making

it well-suited for transductive learning and practical deployment in real-world scenarios [98].

NLTK: The Natural Language Toolkit (NLTK) is a comprehensive open-source library for
natural language processing (NLP) in Python, widely used in corpus linguistics and text
analysis. NLTK provides a broad range of tools and methods to clean and preprocess text
data before analysis by other NLP models. This includes removing common words (like
"the, " "is, " "in") that do not add significant meaning to the analysis, counting how often
each word appears in a corpus, identifying pairs or groups of words that frequently occur

together, tokenisation, stemming, lemmatisation, part-of-speech (POS) tagging, named
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entity recognition (NER), and syntactic parsing, making it a fundamental library for
automated text analysis and linguistic research. It includes access to predefined corpora and
lexical resources, such as the WordNet database, enabling researchers to analyse linguistic
structures and relationships effectively. One of NLTK’s key applications is automated
sentiment analysis, which facilitates classifying text data into categories such as positive,
negative, or neutral sentiments. By integrating machine learning models and sentiment
lexicons, NLTK enables sentiment classification across various domains, including social
media analysis, customer feedback evaluation, and market trend prediction. The library also
supports text preprocessing techniques such as stopword removal and word frequency
analysis, which are essential for enhancing the performance of NLP models. Due to its
modular structure and user-friendly interface, NLTK is widely adopted in academic research
and industry applications, serving as an essential tool for text mining, natural language
understanding (NLU), and computational linguistics. Its role in corpus research and
automated sentiment analysis makes it a valuable resource for researchers and developers

working on machine learning-based text classification and NLP-driven applications [99].

Scikit-Surprise: The Surprise library is a Python scikit designed explicitly for building
recommendation systems. It provides a variety of algorithms and tools for rating prediction
and collaborative filtering, making it a versatile library for anyone working on recommender
systems. It supports multiple recommendation algorithms, including memory-based and
model-based collaborative filtering techniques, and allows for easy integration of different
similarity measures. One of the key features of the Surprise library is its straightforward
installation process, which can be carried out using a standard pip command. This ease of
installation makes it accessible for developers looking to prototype and test various
recommendation system algorithms quickly. Designed to mirror the scikit-learn API closely,
Surprise simplifies the transition from users familiar with scikit-learn to those working with
recommendation systems. It provides a collection of estimators (or prediction algorithms)
that can be utilised for rating prediction. These algorithms include popular ones like SVD
(Singular Value Decomposition), KNN-based collaborative filtering, and baseline
algorithms. Each algorithm is tailored for rating prediction in collaborative filtering-based
recommendation systems. Moreover, Surprise supports various similarity indices to compare
user preferences or item features, which is crucial for collaborative filtering approaches. This
makes it easy for users to experiment with different similarity measures to find the most

suitable one for their problem domain [100].






4. EXPERIMENTAL RESULTS

4.1. Case Study 1 ( BHRQUT): Results and Experimental Validation
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The effectiveness of the proposed model in Case Study 1 was evaluated using four dataset

categories (C1, C2, C3, and C4), each consisting of two paths, with two cases per path.

Consequently, each category contained four cases: case (1_1), case (1_2), case (2_1), and

case (2_2), all aimed at classifying reviews into two labels: helpful and unhelpful. The TCF

algorithm was employed for optimization to enhance data quality, and dataset balancing was

achieved through the Synonym-Based Unhelpful Review Augmentation (SbURA)

algorithm. The sampling structure of the datasets following these preprocessing steps is

illustrated in Figure 4.1.
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Figure 4.1. Balancing data for the four Amazon-5 score categories of datasets in pathl and

path2

Subsequently, the data underwent a structured text preprocessing pipeline before being

trained using a deep balanced CNN-BiLSTM model. Additionally, as presented in Table 4.1,
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the evaluation metrics were determined based on a loss function (or cost function), which
quantifies the deviation between predicted and actual values while considering the
probability and uncertainty of predictions. This analysis provided a comprehensive
assessment of the model’s performance. The validation and training loss values were
recorded, and experimental results indicate that case (1_1) exhibited the lowest error value
across all dataset categories.

Table 4.1. Validation and training loss results of our model for each category (C1, C2, C3,
and C4) in each case name

Loss Value
Case Name Category of the Dataset -
Val Train
C1 0.04 0.03
Cc2 0.03 0.02
Case (1_1)
C3 0.05 0.03
C4 0.05 0.04
C1 0.07 0.05
Cc2 0.05 0.03
Case (1_2)
C3 0.08 0.06
C4 0.07 0.05
C1 0.05 0.03
c2 0.03 0.02
Case (2_1)
C3 0.05 0.04
C4 0.05 0.04
C1 0.07 0.04
c2 0.05 0.03
Case (2_2)
C3 0.09 0.06
C4 0.07 0.06

Accuracy is the most widely utilised evaluation metric in performance assessment. To
evaluate the predictive capability of the proposed recommendation framework, we analysed
the training accuracy, as presented in Table 4.2. Various graphical measures can be
employed to illustrate a model’s predictive performance. The proposed model achieved a
high accuracy of 97% with a low loss value of 0.03 when tested on the C2 dataset in case
(1_1). Conversely, the lowest accuracy of 88% with a higher loss value of 0.09 was observed
in case (2_2) when tested on the C3 dataset. Further analysis revealed that model
performance deteriorated in case (1_2) when the average rating (avg) was greater than or
equal to 4, and in case (2_2) when the rating exceeded 4. Therefore, the optimal helpfulness

ratio should be maintained at avg > 3 to enhance the recommendation performance.
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Table 4.2. Results of our model for each category (C1, C2, C3, and C4) in terms of
Validation and Training (Precision, Recall, F1-score, and Accuracy) for each case
name

Precision Recall F1-Score Accuracy

Val | Train| Val |Train.| Val |Train.| Val Train
case (1-1) | 94% | 96% |95.4%| 98% | 95% | 97% | 95% 97%
case (1-2) | 89.4% | 93% | 92% | 95% |90.6%| 94% | 90.4% | 94%
case (2-1) | 92.6% | 94% | 95% | 98% | 94% | 96% | 94% 96%
case (2-2) | 89.8% | 93% |92.2%| 96% | 91% | 95% | 90.8% | 94%
Average 92.55% | 95.25%
case (1-1) | 96.2% | 97% |96.8%| 99% | 97% | 98% | 97% 98%
case (1-2) | 92.8% | 96% |95.4%| 98% | 94% | 97% | 94% 97%
case (2-1) | 94.8% | 97% | 97% | 99% | 96% | 96% | 96% 98%
case (2-2) | 92.4% | 95% | 95% | 98% | 94% | 97% | 94%. 97%
Average 95.25% | 97.5%
case (1-1) | 93.4% | 95% |94.4%| 96% | 94%. | 96% | 94% 96%
case (1-2) | 86.6% | 90% |91.6%| 95% | 89% | 93% | 88.8% | 92%
case (2-1) | 92% | 95% |93.8%| 96% | 93% | 95% | 93% 95%
case (2_2) | 85.6% | 89% | 91% | 96% | 88% | 92% | 88% 92%
Average 90.95% | 93.75%
case (1-1) | 92.2% | 93% |94.2%| 97% | 93% | 95% | 93% 95%
case (1-2) | 89.2% | 91% |92.6%| 95% | 91% | 93% | 90.8% | 93%

Category of Amazon Score-5| Case Name

Cl

C2

C3

C4
case (2-1) [ 91.8% | 94% |94.2%| 96% | 93% | 95% | 93% 95%
case (2-2) | 88% | 91% | 93% | 95% (90.8%| 93% | 90% 93%
Average 91.7% | 94%

A confusion matrix is a widely adopted tool for evaluating the performance of classification
models. In the context of our proposed model, the confusion matrix displays the predicted
classes along the horizontal axis and the actual classes along the vertical axis, enabling a
clear distinction between correct and incorrect classifications. The diagonal elements of the
matrix represent the number of true positives (TP) and true negatives (TN), offering a
reliable indicator of classification accuracy. This structure is instrumental in deriving the
components of the classification report across different training data categories. The results
derived from the confusion matrices indicated an increase in the number of accurate positive
predictions across all cases and classes, thereby contributing to the overall enhancement of
model accuracy and quality. Figure 4.2. presents the confusion matrices generated during
the testing phase of the proposed model. Specifically, subfigures (a), (b), (c), and (d)
correspond to the four cases applied to the respective datasets C1, C2, C3, and C4.
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Figure 4.2. Confusion matrices (a-d) for the model of case study 1 in pathl and path2,
featuring two cases for the C1, C2, C3, and C4 datasets
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Table 4.3. presents a comparative analysis of various existing methods alongside the
proposed approach, providing a clearer understanding of these studies through evaluation
metrics such as RMSE, MSE, and MAE to measure the impact of different user opinions.
Several notable models have been introduced in the literature, each incorporating distinct
methodologies to enhance personalised recommendation services. The RHRN model [9]
introduces a three-phase architecture: a review semantics extractor, a user profile
constructor, and a user/item recommendation generator. This framework employs a hybrid
CNN-BILSTM model to classify the helpfulness of reviews based on vote value, thus
assisting users in making informed purchasing decisions. The AFRAM model [63] focuses
on capturing latent features from customer reviews and ratings. It incorporates a dual-path
architecture consisting of CNN and LSTM networks to develop an aspect-based fashion
recommendation system enhanced with an attention mechanism. The Machine-Review
Generation Model [78] explores context-aware attention mechanisms applied at two levels:
human-written reviews and machine-generated reviews. This model utilizes DNN and RNN
frameworks to generate and explain helpful reviews. The DUPIA model [101] predicts user
ratings by analyzing user reviews and considering diverse user preferences. It introduces a
CNN-based approach with attention mechanisms to distinguish between user preferences
and item attractiveness. Lastly, the approach in [102]employed Matrix Factorization (MF)
to evaluate predictive ratings and helpful recommendations, enhancing this process by
extracting item feature matrices from customer reviews using Latent Dirichlet Allocation
(LDA) analysis.

Table 4.3. Performance comparison of helpfulness review analysis models based on RMSE,
MSE, and MAE

RMSE MSE MAE
C1 C2 C3 C4 C1 C2 C3 C4 C1 C2 C3 C4
RHRM [9] 0.592 0.468

AFRAM [63] 1.098 0.801

Machine-
generated 0.881
reviews[78]

DUPIA [101] 0.833
Deep Feature

Extractor [102]
BHRQUT. On

case (1_1) with | 0.204 | 0.161 | 0.218 | 0.223 | 0.041 | 0.026 | 0.047 | 0.050 | 0.071 | 0.038 | 0.089 | 0.091
avg>=3

Models

1.581|1.475|1.221|1.211
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Table 4.3. (continued) Performance comparison of helpfulness review analysis models
based on RMSE, MSE, and MAE

RMSE MSE MAE
C1 Cc2 C3 C4 C1 Cc2 C3 C4 C1 Cc2 C3 C4

Models

BHRQUT. On
case (1_2) with | 0.265 | 0.219 | 0.290 | 0.264 | 0.070 | 0.048 | 0.084 | 0.069 | 0.133 | 0.073 | 0.154 | 0.139
avg>=4

BHRQUT. On
case (2_1) with | 0.217 | 0.184 | 0.233 | 0.225 | 0.047 | 0.034 | 0.054 | 0.051 | 0.076 | 0.047 | 0.102 | 0.101
avg>=3

BHRQUT. On
case (2_2) with | 0.263 | 0.226 | 0.301 | 0.268 | 0.069 | 0.051 | 0.089 | 0.072 | 0.126 | 0.083 | 0.179 | 0.145
avg>=4

To assess the impact of sequence length on model performance, we selected the maximum
text sentence length from the dataset and evaluated its effect across different cases and four
datasets, as presented in Table 4.4. Our findings indicate that a maximum sequence length
of 21 vyields the best performance in terms of accuracy and loss function, demonstrating

superior results compared to longer sequences.

Table 4.4. Effect of the max sequence length of the input sentences on the performance of
the (BHRQUT) model

Dataset Name Case Name Max-Length Accuracy Loss
case (1_1) 30 95% 0.04

al case (2_1) 30 94% 0.03
case (1_2) 30 91% 0.07

case (2_2) 38 91% 0.07

case (1_1) 21 97% 0.03

2 case (2_1) 23 96% 0.03
case (1_2) 24 94% 0.05

case (2_2) 25 94% 0.05

case (1_1) 24 94% 0.05

c3 case (2_1) 23 93% 0.05
case (1_2) 22 89% 0.08

case (2_2) 23 88% 0.09

case (1_1) 23 93% 0.05

ca case (2_1) 23 93% 0.05
case (1_2) 44 91% 0.07

case (2_2) 44 90% 0.07

In a separate study [84], a deep learning approach utilizing a CNN and an attention-based

BiGRU model was proposed to enhance sentiment analysis of reviews. This method employs
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deep learning algorithms to extract sentiment, distinguishing between positive and negative
reviews effectively based on rating value. We examine the impact of the maximum review
text length by establishing an optimal sequence length and comparing the classification
performance of the RHRM [9] and SLCABG [84]models within the book category(C3). The
evaluation was conducted using Precision, Recall, F1-Score, and Accuracy metrics. The
results indicate that the optimal maximum sequence length was 24 for case (1_1) of our
model, while the SLCABG model, with a maximum text length of 648, outperforms the
RHRM model, which uses a text length of 2817. These findings are further detailed in Table
4.5.

Table 4.5. Comparison of the Impact of Maximum Input Sentence Length on the BHRQUT
Model and Other Models within the Book Category (C3)

Models rfneasured e Maxelength | Precision Recall |[F1 _score| Accuracy
or helpfulness
RHRM [9] vote 2817 85.54% 88.73% | 87.10% 86.14%
SLCABG [84] rating 648 92.9% 93.8% 93.3% 93.4%
Our BHRQUT. case (1_1) | Average rating 24 93.4% 94.4% 94% 94%

4.2. Case Study 2 (PRE-DHRRF: Results and Experimental Validation

The effectiveness of the proposed model was evaluated using two categories of Amazon
review datasets (DS1 and DS2) and one category of the Yelp Academic Review dataset. The
evaluation involved training the datasets on two pre-trained models: Pretrained Model |
(Balanced CNN-BILSTM architecture) and Pretrained Model 1l (Roberta-base). For each
dataset category, the models were designed to perform binary classification, categorizing
reviews as either helpful (1) or unhelpful (0). We prepared the data using the steps of data
preprocessing. To investigate the effect of our model on each maximum sequence review
length, we used both small and large max-length datasets. This case study introduces a model
that analyses customers' helpful reviews of products to improve decision-making accuracy
in online shopping and avoid the problem of overfitting with balancing datasets when the
system encounters noisy and irregular variations in the training dataset. The separation of
the samples of the three datasets before and after balancing using the (SbURA) approach
[80]is depicted in Figure 4.3.
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Figure 4.3. Balancing three datasets (DS1, DS2, and DS3) on the SbURA algorithm

To better classify helpful or unhelpful reviews, we preferred only invaluable reviews
(average rating >= 3) and unhelpful reviews (average rating < 3) as the training data set. The
average rating variable is computed from the average of the summation of actual and

predicted ratings, calculated using four tendency algorithm conditions [17].

Our model achieved the best metrics in classification performance. Our results are
comparable to those of other studies, Differentiated Recommendation Framework [23], the
authors in this model recommend product list are generated by combining the feature
extraction knowledge graph generated through data augmentation based on deep learning
and knowledge transfer using the FM (Factorization Machine) model. This method provides
recommendations based on ratings for active users and solves cold start problems. In the
CF(NRCF) + CF(DCCF) model [103], representative and influential neighbours are selected
based on users' valuable comments and consistent ratings. NRCF (Neighbour Constrained
Collaborative Filtering) and DCCF (Dual Candidate Collaborative Filtering) algorithms
support this selection process. Deep learning-based textual review [26], the authors explored
the performance of deep learning networks and transformer models in review-based
recommender systems, aiming to enhance recommendation accuracy by effectively utilising
textual reviews. The Sentiment Analysis System [104] is structured into three distinct stages.
In the initial stage, a web scraping module collects user-generated comments from various
websites and social media platforms. The second stage involves applying sentiment analysis

techniques to classify the collected comments into positive and negative categories. In the
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final stage, collaborative filtering methods generate personalized recommendations based on
the analysed sentiments.

In our case study 2, we used eight different statistical metrics to evaluate the classification
performance of the proposed model: accuracy, precision, recall, F1 score, misclassification
rate (MAE, RMSE), confusion matrix, and generalisation gap. Each experiment was
performed for 100 iterations with 5-fold cross-validation over 20 epochs to obtain consistent
and reliable results. This approach successfully addressed the overfitting problem by
improving both model accuracy and the reliability of the exploratory analyses. In the training
process, 80% of the samples in each dataset were randomly selected for training, while the

remaining 20% were reserved for testing.

A confusion matrix is a detailed table designed to assess the effectiveness of supervised
learning methods, particularly in machine learning and classification tasks. It provides an in-
depth analysis of the classifier's performance by breaking down predictions into various
categories, offering valuable insights into its accuracy and reliability Table 4.6. The
evaluation metrics include the total number of samples (N-Actual), True Negatives (TN),
False Positives (FP), True Positives (TP), and False Negatives (FN). The results demonstrate
that Model Il (Roberta-base) consistently outperforms Model | (BalancedCNN-BiLSTM)
across all datasets, indicating superior classification performance. The results suggest that
Model Il demonstrates superior performance across all datasets by achieving higher TN and
TP rates while maintaining lower FP and FN rates. This comparative analysis highlights the
reliability and robustness of the Roberta-base model for classification tasks, outperforming
the BalancedCNN-BILSTM model across multiple datasets. These findings underscore the
potential of pre-trained transformer-based models in delivering more accurate and efficient

results in text classification tasks.

Table 4.6. Confusion matrix of our framework for each pre-trained model with three datasets

Pre-trained Model Name Dataset | N-Actual TN FP TP FN
Model. 1 DSI 85409 41171 1534 41455 1249
(B(;laené odCNN-BILSTM) DS2 | 326201 | 149004 | 14096 | 154676 | 8425

DS3 66394 31359 1838 31370 1827
DSI 85409 41793 912 42192 513
Model.II Roberta-base DS2 326201 154197 8903 155755 7346
DS3 66394 31456 1741 31991 1206
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In evaluating the performance of deep learning models, particularly in the context of review
classification and recommendation systems, it is essential to assess accuracy and examine
how well the model generalises to unseen data. The generalisation gap, defined as the
difference between training and validation accuracy, is an important gauge for the model's
robustness and susceptibility to overfitting. A small generalisation gap indicates that the
model performs consistently on the training and validation datasets, reflecting its ability to
capture relevant patterns without memorising the data. Conversely, a significant gap may
suggest overfitting, where the model learns noise or dataset-specific characteristics that do
not transfer to new inputs. Therefore, incorporating the generalisation gap into model
evaluation provides deeper insight into model behaviour, reliability, and real-world
applicability, especially vital in recommendation systems where diverse user inputs and
dynamic data patterns are prevalent. Table 4.7. presents a comparative evaluation of the
generalisation gap, accuracy, and loss for two pre-trained deep learning models, Model I
(Balanced CNN-BiLSTM) and Model II (RoBERTa-base), across three different datasets:
DSI1, DS2, and DS3. The generalisation gap is computed as the difference between
validation and training accuracy, indicating the model’s ability to generalise from the

training data to unseen validation data.

Table 4.7. Evaluation of the generalization gap for the proposed model across three datasets

Pre-trained Model Name Dataset Accuracy - Generalization Loss -

Val Train Gap Val Train

Model.| DS1 0.97 0.98 0.01 0.027 | 0.022
(BalancedCNN-BIiLSTM) DS2 0.93 0.95 0.02 0.050 | 0.046
DS3 0.945 0.988 0.043 0.060 | 0.023

Model.ll DS1 0.983 0.986 0.003 0.065 | 0.062
(Roberta-base) DS2 0.95 0.954 0.004 0.114 | 0.110
DS3 0.956 0.962 0.006 0.116 | 0.110

The training, validation accuracy, and loss subgraphs are shown in Figure 4.4. (a-f), Figure
4.5. (g-1), and (See Table 4.7.) were plotted to assess our model performance using two pre-
trained models (Model | and Model I1). The accuracy of DS1's training and validation using
pre-trained Model I is shown in Figure 4.4 (a), which shows that the model could effectively
converge as it rose continuously and plateaued around epoch 20. The training and validation
loss for DS1 using pre-trained Model 1 is displayed in Figure 4.4. (b), The model's ability to
withstand overfitting on this dataset is demonstrated by the small difference between training
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and validation losses. The training and validation accuracy for DS2 utilising pre-trained
Model I is shown in Figure 4.4. (c), where comparable patterns were noted, with limited
divergence and high accuracy. The training and validation loss for DS2 using pre-trained
Model I, which likewise converged with minimum variance, is shown in Figure 4.4. (d).
Using pre-trained Model 1, Figure 4.4. (e) and (f) demonstrate the minimal difference
between training and validation accuracy and loss, which suggests that the model finds a
balance between learning from the training data and generalising to new data. The durability

of the concept is demonstrated by regularity across folds when applied to DS3.
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Figure 4.4. (a-f) Accuracy and loss during training and validation in five-fold cross-
validation. Each row represents our model, tested on pre-trained Model |
(Balanced CNN-BIiLSTM) with the corresponding dataset (DS1, DS2, DS3)
respectively in each left-column subplot (train accuracy vs. validation accuracy)
and each right column (train loss vs. validation loss)
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Training and Validation Accuracy For DS2 per Epoch for 5 Folds
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d. Loss of trained DS2 using pre-trained Model |

Figure 4.4. (continued) (a-f) Accuracy and loss during training and validation in five-fold
cross-validation. Each row represents our model, tested on pre-trained Model 1
(Balanced CNN-BIiLSTM) with the corresponding dataset (DS1, DS2, DS3)
respectively in each left-column subplot (train accuracy vs. validation accuracy)
and each right column (train loss vs. validation loss)
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Training and Validation Accuracy For DS3 per Epoch for 5 Folds
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Figure 4.4. (continued) (a-f) Accuracy and loss during training and validation in five-fold
cross-validation. Each row represents our model, tested on pre-trained Model |
(Balanced CNN-BIiLSTM) with the corresponding dataset (DS1, DS2, DS3)
respectively in each left-column subplot (train accuracy vs. validation accuracy)
and each right column (train loss vs. validation loss)

The training and validation accuracy for DS1 utilising pre-trained Model Il is shown in
Figure 4.5. (g), where high accuracy with minimal (0.003) variance is achieved. DS1's
training and validation loss utilising pre-trained Model Il is displayed in Figure 4.5. (h),
where convergence took place without any indications of overfitting. Figure 4.5. (i)
demonstrates the training and validation accuracy for DS2 using pre-trained Model I,
reflecting consistent and stable performance across folds. Confirming the robustness of the

model, Figure 4.5. (j) shows the training and validation loss for DS2 utilising pre-trained
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Model 1. Accuracy with minimal variation is maintained when training and validating DS3

using pre-trained Model I1, as shown in Figure 4.5. (k). Figure 4.5. (I) highlights the training

and validation loss for DS3 using pre-trained Model Il, which showed similar convergence

patterns to the DS2 datasets.
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Figure 4.5. (g-1) Accuracy and loss during training and validation in five-fold cross-

validation. Each row represents our model, tested on pre-trained Model 1l
(Roberta-base) with the corresponding dataset (DS1, DS2, DS3) respectively in
each left-column subplot (train accuracy vs. validation accuracy) and each right
column (train loss vs. validation loss)
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Training and Validation Accuracy For DS2 per Epoch for 5 Folds
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Figure 4.5. (continued) g-1) Accuracy and loss during training and validation in five-fold
cross-validation. Each row represents our model, tested on pre-trained Model 11
(Roberta-base) with the corresponding dataset (DS1, DS2, DS3) respectively in
each left-column subplot (train accuracy vs. validation accuracy) and each right
column (train loss vs. validation loss)
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Training and Validation Accuracy For DS3 per Epoch for 5 Folds
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Figure 4.5. (continued) (g-1) Accuracy and loss during training and validation in five-fold

cross-validation. Each row represents our model, tested on pre-trained Model 11
(Roberta-base) with the corresponding dataset (DS1, DS2, DS3) respectively in
each left-column subplot (train accuracy vs. validation accuracy) and each right
column (train loss vs. validation loss)

The performance results are shown in Table 4.8. For all three datasets, deep learning models

with review analysis perform better regarding RMSE and MAE than deep learning models

with the Proposed model using the Pre-trained Model. | proposed a model using a Pretrained

Model. I1. The percentage improvements are presented in Bold style and delineated in Fig.

4.6. (a-c). For instance, in Table 4.8. and Figure 4.6. (a-c), respectively, the Mean Absolute
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Error (MAE) and Root Mean Square Error (RMSE) for three models are evaluated on the
Musical Instrument Reviews dataset (DS1). Among the models, the proposed model utilises
a Pre-trained Model.ll demonstrates the best performance, achieving the lowest error rates
with an MAE of 0.016 and an RMSE of 0.129. In comparison, the proposed model employs
a Pre-trained Model. | exhibit slightly higher error values, recording an MAE of 0.032 and
an RMSE of 0.178. Our proposed BHRQUT model in case study 1, while showing moderate
performance, reports an MAE of 0.038 and an RMSE of 0.161. These results highlight the
superior effectiveness of the proposed model compared to the pre-trained model.ll in
minimising predictive errors, making it the most reliable approach among the three. On
analysing MAE and RMSE for three models evaluated on the Clothing, Shoes, and Jewellery
Reviews dataset (DS2). Among the models, the proposed model utilises a Pre-trained
Model.ll demonstrates the best performance, achieving the lowest error rates with an MAE
of 0.049 and an RMSE of 0.223. The proposed model employs a Pre-trained Model. It shows
slightly higher error values, recording an MAE of 0.069 and an RMSE of 0.262. The
BHRQUT model, while performing moderately well, reports an MAE of 0.091 and an
RMSE of 0.225. These results emphasise the superior accuracy of the proposed model using
the Pre-trained Model I, which consistently outperforms the other approaches in minimising

predictive errors.

The MAE and RMSE for four models tested on the Yelp dataset (DS3), comparing the
performance of two proposed models utilising pre-trained architectures against two baseline
methods. Among the models, the proposed model utilises a Pre-trained Model.ll performs
best, achieving the lowest error rates with an MAE of 0.044 and an RMSE of 0.210. The
proposed model employs a Pre-trained Model. | follow with slightly higher error rates,
reporting an MAE of 0.052 and an RMSE of 0.228. In contrast, the baseline models exhibit
significantly higher error rates. The deep learning-based textual review model [26]records
an MAE of 0.755 and an RMSE of 1.025, while the CF(NRCF) + CF(DCCF) model
[103]performs the worst, with an MAE of 0.909 and an RMSE of 1.220. These findings
highlight the effectiveness of the proposed models, particularly the Pre-trained Model.ll,
achieving superior accuracy and minimising predictive errors compared to traditional and

baseline methods for the Yelp dataset.
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Table 4.8. Comprehensive analysis of model performance

Study Dataset | RMSE | MAE | Accuracy | Precision | Recall | Flscore
Differentiated
recommendation DS2 0.8125
framework [23]

+

g?gggg . DS3 122 | 0.909
giffalleferjil:vgv angj’d DS3 1.025 | 0.755
Sentiment analysi
systom [104] ysis DS3 0.73 0.88 0.73
Proposed BHRQUT in DS1 0.161 0.038 0.97 0.962 0.968 0.97
case study 1 DS2 0.225 0.091 0.93 0.92 0.94 0.93
Proposed model in DS1 0.178 | 0.032 0.97 0.962 0.97 0.97
case study 2 using a DS2 0.262 0.069 0.93 0.92 0.95 0.93
Pre-trained Model. I DS3 0228 | 0.052 0.945 0.946 0.944 0.95
Proposed model in DS1 0.129 | 0.016 | 0.983 0.978 0.988 | 0.983
case study 2 using a DS2 0.223 0.049 0.95 0.945 0.955 0.95
Pre-trained Model.II DS3 0210 | 0.044 | 0.956 0.948 0.963 | 0.956
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Proposed our model of case study _ 0,129

2 using Pre-trained Model.1l

0,032
Proposed our model of case study
2 using Pre-trained Model.l
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1
0 0,05 01 0,15 0,2
= MAE ®RMSE

a. Comparison of error metrics for Musical Instrument Reviews (DS1)

Figure 4.6. (a-c) Comparative analysis of error metrics RMSE and MAE across three
datasets DS1, DS2, and DS3
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Clothing, Shoes and Jewelry Reviews (DS2)
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b. Comparison of error metrics for Clothing, Shoes, and Jewelry Reviews dataset(DS2)
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c. Comparison of error metrics for Yelp dataset (DS3)

Figure 4.6. (continued) (a-c) Comparative analysis of error metrics RMSE and MAE across
three datasets DS1, DS2, and DS3

As shown in (See Table 4.8) and Fig. 4.7 (a-c), in three subfigures, the proposed model uses
a Pre-trained Model.ll outperformed other models (Accuracy, Precision, Recall, and F1-
score equal to 98.3%, 97.8%, 98.8%, and 98.3% respectively on Musical Instrument
Reviews (DS1); the Proposed model using a Pre-trained Model. | outperformed our
BHRQUT with Recall (97%, 95%), whereas our BHRQUT model performed somewhat with

Accuracy, Precision, and F1-score equal to the Pre-trained Model. I metrics values on
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Musical Instrument Reviews (DS1) and Clothing, Shoes, and Jewelry Reviews dataset
(DS2). The accuracy, Precision, and Recall of the Sentiment analysis system [104] were
0.73, 0.88, and 0.73, smaller compared to 0.956, 0.948, and 0.963 for the Proposed model
using the Pre-trained Model.ll in the case of the Yelp dataset (DS3). The accuracy of the
Differentiated recommendation framework [23] is 0.8125 smaller than 0.93 for the Proposed
model using the Pre-trained Model.l and for the Proposed model using a Pre-trained Model.11
to 0.95 in the case of the Clothing, Shoes, and Jewelry Reviews dataset (DS2). dataset. When
comparing the performances of the five models on accuracy, precision, recall, and F1-score,
the proposed model uses a pre-trained model.IT > Proposed model using Pre-trained Model. |
> BHRQUT > Differentiated recommendation framework > Sentiment analysis system.

Musical Instrument Reviews (DS1 )

. 0,983
Proposed model using Pre-trained Model.1l 0,978
0,983

I 097

0,97

Proposed model using Pre-trained Model. 0,962
0,97

I 097

. 0,968
our BHRQUT maodel in case study 1 0,962
0,97

0,945 0,95 0,955 0,96 0,965 0,97 0,975 0,98 0,985 0,99

0,988

mFlscore = Recall mPrecision = Accuracy

(a) Evaluation of model performance on DS1 dataset using Accuracy, Precision, Recall,
and F1-Score

Figure 4.7. (a-c) Performance evaluation of the model on three datasets DS1, DS2, and DS3
using Accuracy, Precision, Recall, and F1-Score metrics
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Clothing, Shoes and Jewelry Reviews (DS2)
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(b) Evaluation of model performance on DS2 dataset using Accuracy, Precision, Recall,
and F1-Score
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(c) Evaluation of model performance on DS3 dataset using Accuracy, Precision, Recall,
and F1-Score metrics

Figure 4.7. (continued) (a-c) Performance evaluation of the model on three datasets DS1,
DS2, and DS3 using Accuracy, Precision, Recall, and F1-Score metrics.
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5. DISCUSSION AND CONCLUSION

In this thesis, we propose a new method for classifying user reviews. This method is
important in e-commerce recommendation systems, where it is used to classify user opinions
based on their usefulness or unhelpfulness when making decisions about purchasing goods
online. The method strategy is based on a model from deep learning. In this research, two
novel models, BHRQUT in case study 1 and PRE-DHRRF in case study 2, were proposed
to enhance the analysis of user-generated reviews and support purchasing decisions within
e-commerce platforms. Each model adopts a distinct deep learning strategy to classify the
helpfulness of product reviews and tackle the challenges associated with review sparsity,
imbalance, and contextual understanding. This section offers a comparative discussion of
the key findings, performance insights, and practical implications derived from the

implementation and evaluation of both models.

5.1. Analysis of the BHRQUT Model

The BHRQUT model incorporates a balanced deep learning approach to mitigate issues
related to skewed review distributions. The model emphasizes the integration of user
preferences and rating variations to more effectively classify the helpfulness of reviews.
Utilizing a hybrid CNN-BIiLSTM architecture, the system learns semantic patterns from
textual reviews while simultaneously considering user bias in rating behavior. This dual-
path mechanism enables BHRQUT to generate more accurate and personalized predictions

for review helpfulness, supporting users in making informed purchasing decisions.

Before feeding the review text sequences into the deep learning model, the dataset undergoes
a quantification process using a tendency-based classification method. This approach
predicts user ratings by accounting for diverse opinion patterns, thereby enhancing the
representational quality of the "helpful™ feature and improving model accuracy. To address
class imbalance between helpful and unhelpful reviews, a random oversampling technique,
specifically the (SbURA) algorithm, is applied as a form of data augmentation. In parallel,
natural language processing (NLP) tools are employed to tokenize and analyze the review
summaries. For consistency in input representation, the maximum sentence length is fixed
across all samples in the dataset, ensuring that each review summary is truncated or padded

to a predefined word limit. To ensure robustness and prevent overfitting to specific subsets,
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a 5-fold cross-validation strategy is adopted. In each fold, 80% of the data is used for
training, while the remaining 20% is reserved for testing and validation. This approach
allows for a comprehensive evaluation of the model’s generalisation capabilities. The model
is trained in over 20 epochs in each fold, offering a balanced and efficient framework for

learning and performance assessment across the datasets.

This setup ensured that the model had sufficient training iterations to learn meaningful
patterns while minimizing the risk of overfitting and providing a reliable evaluation of
performance across different data partitions. The tokenized words are then converted into
dense vector representations of fixed dimensions through the embedding layer. In this layer,
semantically similar words are mapped to vectors that are close in the embedding space,
facilitating the model’s ability to capture nuanced relationships between terms. This process
reduces the dimensionality of the input data and enhances computational efficiency,
allowing the model to focus on the most salient features for improved learning and

generalisation.

Subsequently, a Convolutional Neural Network (CNN) is employed to assign varying
weights to different features within the user profile, thereby enabling the model to emphasise
more informative attributes. This is followed by a Bidirectional Long Short-Term Memory
(BILSTM) attention mechanism, which integrates forward and backwards LSTM networks
to capture contextual information from past and future word sequences. Using bidirectional
LSTMs enhances the model’s ability to access a more comprehensive context, improving its
capacity to store and interpret data effectively. This approach significantly contributes to
advancing the performance of valuable review analysis models within the domain of user

review evaluation for product recommendation.

The proposed BHRQUT model was applied to four Amazon review category datasets, and
its performance was evaluated based on key metrics, including RMSE, MSE, MAE,
Accuracy, Recall, Precision, and Fl1-score. The results demonstrate that our model
outperforms the baseline models across all these metrics (See Table 4.3.) and (See Table
4.5.) In four distinct cases, the BHRQUT model demonstrated superior performance, with
RMSE improvements of up to 76.84% compared to the RHRM [9], machine-generated
reviews [78], and DUPIA [101] models. This includes significant performance gains in the
Video Games (C1), Musical Instruments (C2), and Books-5 (C3) categories. Additionally,
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the BHRQUT model exhibited the best performance in terms of MSE and MAE, achieving
improvements of 98.35% and 95.26%, respectively, compared to the RHRM [9], AFRAM
[63], and Deep Feature Extractor [102] models. These improvements were observed across
several categories, including Video Games (C1), Musical Instruments (C2), Books-5 (C3),

and Clothing, Shoes, and Jewelry (C4) reviews.

We selected the maximum input sentence length for the summary review text feature in the
datasets by fixing the number of words in all sentences. The proposed strategy proved to be
more effective for most product categories (See Tables 4.3) and (See Table 4.5), which
illustrate the impact of maximum input text length on model performance. Our findings
indicate that the model performs optimally when the input text length is set to 21 tokens.
Upon comparing the effects of varying sentence lengths across all model configurations, we

observed that reducing the sentence length consistently led to improved accuracy.

Moreover, our proposed BHRQUT model demonstrated greater efficiency with a maximum
text length of 24 tokens for the book category, outperforming the RHRM [9] model (with a
max text length of 2817 tokens) in terms of Precision, Recall, F1-Score, and Accuracy by
9.19%, 6.39%, 7.92%, and 9.12%, respectively. Additionally, the BHRQUT model also
outperformed the SLCABG [84] model (with a max text length of 648 tokens) in the same
metrics, with improvements of 0.54%, 0.64%, 0.75%, and 0.64%, respectively. These results
suggest that shorter sequence lengths contribute to enhanced model performance by reducing
noise, improving accuracy, preventing overfitting, and increasing computational efficiency.
Furthermore, this approach ensures that the model concentrates on the most relevant data,
ultimately leading to better generalization and improved performance in real-world
applications.

In this study, we employed both small and large datasets and evaluated the performance of
our model against other helpfulness analysis models for each dataset size. The results
demonstrate that our model outperforms others in predicting helpful reviews across all four
datasets, particularly in case (1_1). The experimental findings reveal that the classification
performance of the deep learning model (Balanced CNN-BILSTM) in case (1 1) is
significantly superior to all other configurations of our proposed model. However, the
performance of case (1_2) and case (2_2) across all datasets was lower than that of case
(1_1) and case (2_1).
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Additionally, we observed that the Musical Instruments (C2) dataset exhibited the best
performance in both cases (1_1) and case (2_1) for all performance metrics. This indicates
that the ratio based on (avg > 3) or (ACR > 3) outperforms the ratio based on (avg > 4) or
(ACR > 4). The experimental results further suggest that the proposed model is more
effective in predicting reviews that assist in making purchasing decisions when compared to
other competing methodologies. Specifically, the helpfulness ratio, dependent on rating
(star), shows that the SLCABG model performs better than the RHRM model, which predicts
helpfulness based on vote values. This conclusion holds across key evaluation metrics,
including Accuracy, Precision, Recall, and Fl-score (See Table 4.5). Moreover, the
classification performance of the BHRQUT model, enhanced by our comprehensive TCF,
DA, and Balanced CNN-BILSTM approach, achieved an impressive 97% performance,

outperforming commonly used deep learning models.

Furthermore, we investigated the impact of the TCF and DA approaches on the model's
performance under the condition that (avg > 3), as discussed in Section 5.1. The experimental
results from the confusion matrix analysis showed that the proposed model performed better
when classifying helpful reviews. Additionally, it was observed that users' tendencies are
influenced more by subjective factors, such as the quantity of helpfulness ratings in reviews,
rather than by the reviews themselves. This finding highlights the effectiveness of the
balanced CNN-BIiLSTM model in categorizing review helpfulness data, demonstrating its
capacity to account for these nuanced user preferences. Next, we conducted experiments to
evaluate the performance of our proposed model, which demonstrated significant
improvements in classification. The model achieved impressive results, with 97% accuracy,
0.161 RMSE, 0.026 MSE, and 0.038 MAE across all cases of our proposed approach. These
results surpassed those of the models in [9] and [84], which yielded 94% accuracy.
Additionally, our model outperformed the models in [9], [63], [78], [101], and [102] in terms
of RMSE, MSE, and MAE, with values of 0.161, 0.026, and 0.038, respectively. The
experimental results highlight the significant role of user preference assessments in
influencing purchasing behavior, particularly when integrated with informative review data.
This finding reinforces the practical relevance of the proposed recommendation framework
for real-world applications, including platforms such as Amazon, Alibaba, and Netflix.
Additionally, the study provides insights into both the theoretical underpinnings and

practical implications of the proposed models.
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5.2. Analysis of the PRE-DHRRF Model

Building upon the insights from BHRQUT, the second model, PRE-DHRRF, extends the
analytical capabilities by integrating pre-trained deep learning models and auxiliary feature
processing. In this model, review text sequences are input alongside a quantified helpful
feature, generated using the Tendency-based Collaborative Filtering (TCF) algorithm. TCF
predicts user ratings based on varying opinion patterns to improve the representation of

review helpfulness and alleviate information scarcity.

Binary classification is achieved by calculating the average rating from actual and predicted
values, where reviews with an average rating > 3 or above are labelled as helpful, and those
below as unhelpful. The SbURA data augmentation technique addresses class imbalance,
and NLP preprocessing tools are used to tokenise and format the input sequences for training.
Two pre-trained models, Balanced CNN-BILSTM (Model I) and Roberta-base (Model I1),
were used to evaluate classification performance across three datasets (DS1, DS2, and DS3).

(See Table 4.6) presents the key components of the confusion matrix True Negatives (TN),
False Positives (FP), True Positives (TP), and False Negatives (FN) for two pretrained
models: BalancedCNN-BIiLSTM (Model 1) and Roberta-base (Model 1), across three
datasets (DS1, DS2, DS3). These components directly impact crucial evaluation metrics
such as Accuracy and Recall. Specifically, higher True Positives (TP) values increase
accuracy, while lower False Negatives (FN) values enhance recall.

As illustrated in (See Table 4.7), (See Figure 4.4 (a-f), and (See Figure 4.5 (g-i)) the
performance of Model | (Balanced CNN-BIiLSTM) across the three datasets demonstrates
strong generalization capability and effective handling of overfitting. For the DS1 dataset,
the model achieved a validation accuracy of 97% and a training accuracy of 98%, resulting
in a generalization gap of 1% (calculated as |0.97 — 0.98| = 0.01). Similarly, for the DS2
dataset, the validation accuracy was 93% compared to a training accuracy of 95%, producing
a generalization gap of 2%. The largest gap was observed in the DS3 dataset, where the
model achieved 94.5% on validation and 98.8% on training, resulting in a 4.3%
generalization gap. This increase is expected given the more complex nature of longer
sequences in the DS3 dataset. Nevertheless, the loss values across all datasets remain low

(ranging from 0.027 to 0.060), reinforcing the model’s overall robustness. The narrow
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generalization gaps suggest that the Balanced CNN-BIiLSTM model effectively learns from
training data without significant overfitting, supporting its suitability for reliable review
classification tasks. Moreover, Model Il showed strong performance on datasets with longer
and more complex review texts, such as DS3, demonstrating its robustness. These findings
highlight that both models, especially Model 1l, maintain a balanced trade-off between
learning and generalization, ensuring reliable prediction outcomes across different datasets.
Model Il (Roberta-base) demonstrates excellent performance across all three datasets with
very minimal generalization gaps, indicating strong generalization and minimal overfitting.
For the DS1 dataset, the model achieved a validation accuracy of 98.3% and a training
accuracy of 98.6%, resulting in an exceptionally low generalization gap of 0.3% (calculated
as [0.986 — 0.983| = 0.003). Similarly, for the DS2 dataset, the validation and training
accuracies were 95.0% and 95.4%, respectively, with a gap of only 0.4%. For DS3, the model
maintained its robustness with accuracies of 95.6% on validation and 96.2% on training,
yielding a generalization gap of 0.6%. Although the loss values are slightly higher compared
to Model I (ranging from 0.065 to 0.116), the consistently small generalization gaps reflect
the model’s ability to learn complex patterns without overfitting. This performance suggests
that Roberta-base is highly effective, especially on datasets with longer or more complex

text sequences.

The results presented in Table 4.8, Figure 4.6 (a-c), and Figure 4.7 (a-c) comprehensively
compare the proposed approach with various existing methods, demonstrating significant
performance improvements. Notably, the pre-trained Balanced CNN-BiLSTM model
consistently outperforms the Roberta-base model across three datasets (DS1, DS2, and DS3).
The proposed model exhibited remarkable enhancements in several key metrics: Accuracy
reached 98.3% for DS1, 95% for DS2, and 95.6% for DS3. Precision values were 0.978
(DS1), 0.945 (DS2), and 0.948 (DS3), while Recall scores achieved 0.988 (DS1), 0.955
(DS2), and 0.963 (DS3). The F1-score for the proposed model was 0.983 for DS1, 0.950 for
DS2, and 0.956 for DS3, highlighting its superior performance in these domains. These
results demonstrate that the proposed model outperforms existing systems such as our
BHRQUT model, the Differentiated Recommendation Framework [23], deep learning-based
textual review [26], CF(NRCF)+ CF(DCCF) [103], and the Sentiment Analysis System
[104] in terms of these critical evaluation metrics. Moreover, the proposed model exhibited
lower error rates relative to other methods, with RMSE values of 0.129 (DS1), 0.223 (DS2),
and 0.210 (DS3), as well as MAE values of 0.016 (DS1), 0.049 (DS2), and 0.044 (DS3).
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Furthermore, the PRE-DHRRF model showed superior efficiency compared to our previous
work, particularly for the DS1 and DS2 datasets. This is evident in its improved Recall (97%,
95%) and MAE (0.032, 0.069) metrics compared to the Balanced CNN-BiLSTM model from
our prior BHRQUT. Similar performance gains were observed across other metrics,
including accuracy, precision, and F1 score. These findings prove that deep learning-based
approaches align closely with the statistical metrics required for effective review text

classification, particularly when paired with well-prepared datasets.

We conducted the performance of the PRE-DHRRF model, which exploits differences in
users' propensity to evaluate target products and employs data augmentation techniques to
balance imbalanced data. Furthermore, the input data for the two pre-trained models, trained
over 20 epochs with 5-fold cross-validation, are obtained from active text sequences
preprocessed using natural language processing approaches. The proposed framework
achieves impressive results such as 98.3% average accuracy, 97.8% precision, 98.8% recall,
98.8% recall (duplicated), 98.3% F1 score, 1.29% RMSE, and 0.16% MAE when analysing

data from three different review sources.

The findings highlight the substantial potential of the proposed framework to enhance review
and rating recommendation systems significantly, positioning it as an invaluable asset for e-
commerce platforms. Furthermore, the relatively small generalisation gap and the model's
consistently high performance demonstrate the framework'’s robustness and applicability in
real-world contexts. These results indicate that the proposed approach achieves high
accuracy and shows exceptional reliability, marking it as a promising solution for many
practical applications. A critical implication of these findings lies in the potential for
seamless integration into e-commerce platforms. Businesses can prioritise valuable feedback
by automating the identification of helpful reviews, facilitating more informed purchasing
decisions, and improving user satisfaction. Moreover, this framework could be a useful tool
for content moderators, streamlining the review filtering process, reducing manual effort,
and increasing operational efficiency. This would optimise resource allocation and enhance

the digital platform user experience.
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5.3. Comparative Overview of BHRQUT and PRE-DHRRF Models

This section provides a side-by-side comparison of the two proposed deep learning models,
BHRQUT and PRE-DHRREF, as Table 5.1., to highlight their architectural differences, input

data configurations, and relative advantages in review classification tasks. Both models were

developed to analyze user-generated content for improving product recommendation

systems, but they adopt distinct strategies in terms of feature integration, model composition,

and fine-tuning.

Table 5.1. Comparative Overview of BHRQUT vs. PRE-DHRRF

helpful label (0/1)

Aspect BHRQUT PRE-DHRRF
Model Architecture Custom Balanced CNN-BIiLSTM Pre-trained Balanced CNN-BIiLSTM +
RoBERTa backbone
Data Used Amazon Reviews data (C1, C2, C3, and | Amazon Reviews (DS1, DS2) with
C4) with textual reviews (summary), | textual reviews (summary), user-id,
user-id, item-id, and overall ratings | item-id, and overall ratings features,
features and Yelp Dataset (DS3) with user-id,
item-id, full review text, and star ratings
features
Inputs Embedding tokenized sequences + | Embedding tokenized sequences +

helpful label (0/1) in pre-trained
Balanced CNN-BILSTM, and
Positional encoding tokens+helpful

label (0/1) with using ROBERTa model

Network Structure

Custom CNN-BiLSTM + Tuning Layer

All layers of the pre-trained custom
CNN-BIiLSTM model and the pre-
trained RoBERTa-base model,
including the feed-forward network
(FFN) and final classification layer,
were fine-tuned to optimize
performance for the target classification
task

Max Input Lengths

Tested on 21, 22, 23, 24, 25, 30, 38, 44
token sequence lengths

Tested on 21, 24, 690 token sequence
lengths

Performance

Competitive accuracy with lower

computational cost

Higher accuracy and better
generalization, especially for small and
long reviews

Overfitting Handling

Balanced training data + dropout (0.5)

Balanced training data, + pre-trained
knowledge + lower dropout rate (0.1)

augmentation, and NLP techniques with
CNN for feature locality and BiLSTM
for sequential modeling

Advantages -Lightweight -Superior generalization
- Faster training - Stronger semantic understanding
- Customised to task - Scalable
- Success the model with a small review | -Success the model with a small and
length long review length
Innovations Combining the TCF algorithm, data | Combining the TCF algorithm, data

augmentation, and leveraging transfer
learning from a large NLP corpus
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5.4. Implications and Practical Significance

The empirical results underscore the importance of deep learning-based review analysis
frameworks in real-world applications. Both BHRQUT and PRE-DHRRF significantly
contribute to personalised recommendation systems by emphasising informative reviews
and accurately representing user preferences. The small generalisation gap and high
classification performance indicate that the proposed models are not only accurate but also
robust and generalizable across datasets. From a practical standpoint, these models can be
vital in e-commerce environments. By automatically identifying beneficial reviews,
platforms can enhance user trust, lessen cognitive load during decision-making, and boost
overall user satisfaction. Furthermore, these models can aid content moderation efforts by

filtering and prioritizing valuable feedback, thereby streamlining manual review processes.
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6. LIMITATION AND FUTURE WORK

While the proposed models BHRQUT and PRE-DHRRF demonstrate strong performance
in analyzing review helpfulness, several technical and practical limitations must be

acknowledged.

Technical limitations

e OQverfitting on training data

Despite implementing regularization techniques such as dropout and cross-validation, signs
of overfitting were observed, particularly in the Balanced CNN-BILSTM (BHRQUT)
model. This was evident from discrepancies between training and validation performance in
certain folds, suggesting that the model may have memorized training patterns without

generalizing well to unseen data.

e Input length constraints

Both models were constrained by fixed input lengths. Long reviews were truncated,

potentially discarding critical contextual information.

e Data imbalance and bias

Oversampling of minority classes may result in over-representation of specific patterns,
reducing the model's ability to generalize across diverse review structures. The datasets
exhibited skewed distributions in helpful vs. unhelpful labels. Although oversampling
techniques were applied, residual bias may persist, affecting the robustness of predictions

across underrepresented categories this was especially pronounced in BHRQUT.

e Computational complexity

The PRE-DHRRF model, leveraging RoBERTa, required substantial computational
resources due to its large parameter count and self-attention mechanisms. Fine-tuning all

layers further increased training time and resource demands.
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o Interpretability

Deep learning models, especially transformer-based architectures such as ROBERTa, are
often described as "black boxes" because their internal decision-making processes are not
easily understandable to humans. These models learn complex patterns from data using
millions of parameters, but they do not provide transparent reasoning for their outputs. In
real-world applications, particularly in domains like e-commerce or decision support
systems, stakeholders (e.g., consumers, business managers, or regulators) may require
explanations for why a review was classified as helpful or unhelpful. The inability to trace
the model's decision back to interpretable features reduces user trust and makes it difficult

to validate or audit the model's behavior.

Practical limitations

e Real-world deployment challenges

Deploying these models in real-time recommendation systems poses challenges such as
latency, especially with the PRE-DHRRF model due to its high inference time. Lightweight

or distilled models may be needed for practical applications.

e Domain adaptation

While the models performed well on Amazon and Yelp datasets, their effectiveness in other
domains or languages has not been validated. Domain-specific retraining or adaptation may
be necessary for broader applicability.

e Language drift and model degradation

The language used in customer reviews is dynamic and evolves over time. Users frequently
adopt new slang, abbreviations, emojis, or product-specific terminology that may not have
been present in the data used during the initial training phase. As a result, pre-trained models
may struggle to accurately interpret or classify newer reviews containing such evolving
language patterns. This phenomenon, often referred to as language drift, can lead to a decline

in model performance over time. To maintain accuracy and relevance, it is essential to
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implement continual learning strategies or conduct periodic retraining using updated datasets
that reflect current linguistic trends.

The classification approach primarily relies on rating-based indicators to distinguish
between helpful and unhelpful reviews. This reliance may be inadequate in domains

requiring more sophisticated recommendation criteria or contextual understanding.

The model's effectiveness can be constrained by datasets with lengthy review texts. The large
maximum sequence length may hinder the model’s ability to capture finer details, and the
associated preprocessing steps demand substantial memory resources, potentially exceeding
available hardware capacities. Moreover, the feature analysis is narrowly focused on
customer preferences, neglecting other influential aspects such as product imagery,
availability, or manufacturing dates, which could further enrich the understanding of review

helpfulness.

Additionally, the tendency-based collaborative filtering technique, while effective, may
encounter scalability issues in large datasets due to the computational overhead required to
model user-item interactions. Deep learning methods, in general, also require high-
performance hardware, such as GPUs, and large datasets to achieve optimal results. Unlike
traditional machine learning algorithms, deep learning approaches solve problems

holistically rather than modularly, making them more resource-intensive.

Lastly, the BHRQUT model, which combines convolutional layers with bidirectional
LSTMs, exhibited reduced performance when processing reviews of excessive length. Such
lengthy inputs were subject to truncation due to fixed input length constraints, leading to the
loss of potentially valuable contextual information. Moreover, the PRE-DHRRF model,
based on ROBERTa, performs well with longer sequences, particularly in certain categories
within the Yelp dataset. Tokenization-based truncation still affected reviews exceeding the
model’s maximum token limit (typically 512 tokens), excluding potentially relevant
information. Although NLTK provides a robust foundation for natural language processing
tasks, its performance may be suboptimal for large-scale deployments. It lacks native support
for high-performance deep learning applications, requiring integration with frameworks like

TensorFlow or PyTorch to handle complex modeling tasks effectively.
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To address these limitations, several improvements can be proposed. For BHRQUT,
incorporating attention mechanisms or hierarchical LSTM architectures may improve
performance on varied-length reviews. Additionally, dynamically adjusting the input size or

segmenting long reviews could preserve more contextual data

Future research should address these limitations by exploring hybrid classification
approaches that incorporate ratings and voting signals under unified conditions to improve
helpfulness detection accuracy. Integrating additional contextual features such as visual
product attributes, product availability, and manufacturing data may also enhance the

model’s capability to assess the full scope of review usefulness.

Furthermore, future models should consider optimizing tendency-based collaborative
filtering techniques or replacing them with more computationally efficient alternatives to
overcome scalability challenges. Enhancing the memory efficiency of preprocessing and

model training stages would also make these methods more accessible on standard hardware.

Investigating the temporal dynamics of review helpfulness is another promising direction.
Reviews written earlier tend to receive higher engagement, which may introduce a sequential
bias. Future studies should explicitly model review timestamps and evaluate their impact on
helpfulness perception. Moreover, exploring the combination of NLTK with scalable deep
learning libraries could bridge the gap between linguistic analysis and high-performance

computation, facilitating more practical deployment in production environments.

Ultimately, future work should conduct comparative assessments of various deep learning
algorithms to determine their suitability across different e-commerce contexts and refine the

proposed models for broader applicability.
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