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LAMPIRAN
PERHITUNGAN MANUAL

1. Perhitungan manual metode Naive Bayes

DATASET ULASAN ROBLOX — ANALISIS SENTIMEN NAIVE BAYES

Teks Ulasan

1 |roblox seru banyak game menarik Positif
2 |grafik roblox bagus gameplay seru Positif
3 |roblox gratis seru dimainkan Positif
4 |roblox lag server sering down MNegatif
5 |banyak bug roblox mengecewakan MNegatif

INFO |Jumlah data training =5 | Positif=3 | Negatif=2
= Data Uji: "roblox seru tapi lag"

LANGKAH 1 — Prior Probability P(y)

Kelas (y) Jumlah Dokumen Total Dokumen P(y) = Jml/Total
Positif 3 5 0.6000
MNegatif 2 5 0.4000
TOTAL 5 5 1.0000

LANGKAH 2 — Vocabulary & Frekuensi Kata per Kelas

No Kata Frek Positif Frek Negatif
1 roblox 3 2
2 seru 3 0
3 banyak 1 1
4 game 1 0
5 menarik 1 1]
6 grafik 1 0
7 bagus 1 0
8 gameplay 1 0
9 gratis 1 0
10 dimainkan 1 1]
11 lag 0 1
12 server 0 1
13 sering 0 1
14 down 0 1
15 bug 0 1
16 mengecewakan 0 1

TOTAL Total Kata per Kelas 14 9
Vv Total Vocabulary 16




LANGKAH 3 — Likelihood P(xly) dengan Laplace Smoothing

Rumus: Pl | y) = (countfui, y) + 1)/ (Total kaia kelas y + V)
Total Positif (T+) 13 Total Negatif (T-) 8 v 16
Kata (Ui} Frek di + P(xi+) = (frekH)(THV)  Nilai P(xi[#) P(xil-) = (frek+)i(T-+V)  Nilai P(xil-) Catatan
1 roblox 3 0.137931034 0.1379 2 0.125 01250  |Adaditraining
2 Seru 2 0.103448276 0.1034 0 0.041666667 0.0417 Ada ditraining
3 tapi 0 0.034482759 0.0345 0 0.041666667 0.0417 |00V - Laplace =1/{T+V)
4 lag 0 0.034482759 0.0345 1 0.083333333 0.0833  |Adaditraining
LANGKAH 4 — Hitung Posterior Probability
Rumus: P(ylx1.xn) o Py) * P(x1ly) * P(x2|y) * .. % P(xnly)
Komponen Nilai (Positif) Nilai (Negatif) Ref Sheet Keterangan
Ply) — Prior 0.60000 0.40000 Sheet 2 Prior kelas
P(roblox | y) 0.13793 0.12500 Sheet 4 baris 1 Likelihood kata roblox
P(seru | y) 0.10345 0.04167 Sheet 4 baris 2 Likelihood kata seru
P(tapi | y) 0.03448 0.04167 Sheet 4 baris 3 00V > Laplace
Plag | y) 0.03448 0.08333 Sheet 4 baris 4 Likelihood kata lag
[£] SKOR POSITIF = P(+) x [TP(xi|+) 0.0000102 P(+) x P{roblox|+) x P(seru]| +) x P(tapi| +) x P(lag|+)
[i] SKOR NEGATIF = P(-) x [P(xil-) 0.0000072 P(-) x P(roblox|-) x P(seru|-) x P(tapi|-) x P(lag|-}

LANGKAH 5 — HASIL KLASIFIKASI FINAL

Skor Akhir Lebih Besar? Prediksi Interpretasi
Positif 0.0000102 YA POSITIF Skor positif lebih dominan
Negatif | 0.0000072 TIDAK |Kata 'lag' tidak cukup kuat

[ [
Data Uji: "roblox seru tapilag” — Diklasifikasikan sebagai: POSITIF [&

RINGKASAN RUMUS NAIVE BAYES — ANALISIS SENTIMEN

Step Nama Rumus Matematis
1 Prior Probability P(y) = Jumlah dokumen kelas y / Total dokumen 1
I 2 Total Kata Kelas T_y = 2 frekuensi semua kata di kelas y I
I 3 |Vocabulary V = jumlah kata unif di seluruh training i
I 4 |Likelihood (Laplace) P(xily) = (count{xi y)+1) /(T_y + V) |
I 5 |Posterior Score Score(y) = P(y) * MP(xily)
I 6 |Klasifikasi ¥ = argmax Scare(y) 1




2. Perhitungan Manual metode Support Vector Machine

ANALISIS SENTIMEN ROBLOX — SVM (Support Vector Machine)

STEP 1 & 2: Dataset Ulasan & Representasi Vektor Fitur (Bag of Words)

. bagus | membosanka menyenangkan
No Kalimat Ulasan Label (y) | seru [f1] 2] n [f3] lag [f4] 5] Vektor x Kelas
1 |Roblox sangat seru dan menyenangkan +1 1 0 0 0 1 [1,0.0,0.1] POSITIF
2 |Game Roblox bagus dan kreatif Fos 0 1 0 0 0 [0.1.0.0.0] POSITIF
3 |Roblox membosankan dan jelek ra 0 0 1 0 0 [0.0.1,0.0] NEGATIF
4 |Roblox sering lag dan mengecewakan Foa 0 1 0 [0.0,0,1.0] NEGATIF
5 |Roblox cukup menyenangkan ] 0 0 0 0 1 [0.0.0.0.1] POSITIF

STEP 3 : Matriks Kernel Linear K(xi, xj) = xi - xj (Dot Product)
Rumus: K(xi,xj)} = X (xik x xjk) untuk k=1 sampai 5 fitur

x1=[1,0,0,0,1] %2=[0,1,0,0,0] %3=[0,0,1,0,0] %4=[0,0,0,1,0] x5=[0,0,0,0,1] Ket SV

x1=[1.0,0,0.1] 0 0 0 B Support Vector
x2=[0,1,0,0,0] 0 0 0 0 +1
x3=[0,0,1,0,0] 0 0 1 0 0 E Support Vector 8
x4=[0,0,0,1,0] 0 0 0 1 0 1
x6=[0,0,0,0,1] 1 0 0 0 1 +1

STEP 4 : Optimasi Dual SVM - Mencari Nilai Alpha (a) |

Objective: Maximize L{a) = Zai — YeXXaiaj-yi-yj-K(xi,xj) | Constraint: Zai-yi =0, ai =0
Kontribusi K

Data Label yi | Alpha ai ai x yi ;
y P ¥ diagonal
1 x1[1,0,0,0,1] +1 0.50 0.50 1.0000 B SUPPORT VECTOR
2 %2 [0,1,0,0,0] +1 0.00 0.00 0.0000 = Bukan SV (a=0
3 %3 [0,0,1,0,0] -1 0.50 -0.50 0.5000 B SUPPORT VECTOR
4 x4 [0,0,0,1,0] 1 0.00 0.00 0.0000 > Bukan SV (a=0
5 x5 [0.0,0.0.1] +1 0.00 0.00 0.0000 = Bukar (o=
VERIFIKASI CONSTRAINT: E{ai = yi) harus =0
I(ai = yi)= 0.00 B Constraint TERPENUHI — ai valid
CTIVE FUNCTION L{a)
Y2 L
Lai= 1.0000 aiaj-yi-yj 0.3750 |L{a)= 0.6250
K=

STEP 5 & 6 : Perhitungan Bobot w dan Bias b

w=X(ai xyi x xi) | b=yi—wuxi (dihitung dari setiap Support Vector, lalu dirata-rata)

w kontrib f1 w kontrib f2 | w kontrib f3 | w kontrib f4 | w kontrib f5
SV (x1)
SV2 (x3) 0.50 -1 -0.50 0.0000 0.0000 -0.5000 0.0000 0.0000
TOTAL w = 0.5000 0.0000 -0.5000 0.0000 0.5000

PERHITUNGAN BIAS b

y(w-x+b)=1
SV1 (x1=[1,0,0,0,1])
SV2 (x3=[0,0,1,0,01) B -0.5000 -0.5000 -0.5000
RATA-RATA b = -0.2500

RINGKASAN: w = [0.5, 0, 0.5, 0, 0.5] | b = -0.25 | Support Vectors: SV1(x1) dan SV2(x3)
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STEP 7 & 8 : Decision Function f(xd) = £ ai-yi-K(xi,xd) + b — Prediksi Sentimen
Jika f(xd) > 0 — POSITIF | Jika f{xd) <0 — NEGATIF

PARAMETER MODEL (dari Sheet 4_Bobot_Bias)
w_iz w3 ) w_i5
(bagus) | (membosankan) | ™39 | (renvenangkan)

W_T1 (seru) Bias b

DATA UJI & HASIL PREDIKSI

SV1 kontrib SV2 kontrib

Ulasan Uji fseru | f2bagus | f3membosankan | fdlag | 5menyenangkan (@t-y1-K1) (a3y3K3) 1(xd) =E+b Hasil Kelas Sentimen
“Roblox sangat seru” 1 0.5000 0.0000 0.2500 + POSITIF
“Roblox sangat membosankan™ 1 0.0000 -0.5000 -0.7500 - NEGATIF
“Roblox bagus tapi sering lag” 1 1 0.0000 0.0000 -0.2500 - NEGATIF
“Game seru dan menyenangkan” 1 1 1.0000 0.0000 0.7500 + POSITIF
“"Roblox jelek dan membosankan™ 1 0.0000 -0.5000 -0.7500 - NEGATIF

RINGKASAN LENGKAP — SVM ANALISIS SENTIMEN ROBLO

Komponen
STEP 1 |Dataset 5 ulasan Roblox, 3 positif (+1), 2 negatif {-1)
STEP 2 | Ekstraksi Fitur Bag of Words: 5 fitur kata (seru, bagus, membosankan, lag. menyenangkan)
STEP 3 | Kemnel Linear Kixi.xj) = xi-xj = dot product, menghasilkan matriks 5x5
STEP 4 |Optimasi Dual a1=05, a2=0, a3=05, a4=0, a5=0 | Constraint- Zaiyi = 0
STEP 5 | Bobotw w = Zai-yiod = [0.5,0,-05, 0, 0.5]
STEP6 |Biasb b = rata-rata dari setiap SV = (0 + (-0.5))/2=-0.25
STEP 7  |Decision Function fixd) = Z ai-yi-K(xi,xd) + b
STEP 8  Prediksi fxd) > 0 — POSITIF | fixd) < 0 — NEGATIF

HASIL PREDIKSI DATA UJI
f(xd) Prediksi Sentimen

0.2500 POSITIF

Data
"Roblox
sangat seru”
“Roblox
sangat
membosanka
"

"Roblox
bagus tapi -0.2500 NEGATIF
sering lag”
"Game seru
dan
menyenangk
an”

"Roblox
jelek dan
membosanka
"

-0.7500 NEGATIF

0.7500 POSITIF

-0.7500 NEGATIF
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3. Perbandingan Confusion Matrix

Perhitungan Manual Metrik Evaluasi (Naive Bayes) dari Confusion Matrix

Aktual \ Prediksi Total Aktual

Negatif
Netral
Positif

Total Prediksi

Metrik (rumus di Excel)

Rumus (sesuai dokumen)

Komponen (sesuai notasi di dokumen)

True Negative (Aktual Negatif, Prediksi Negatif} Accuracy 79.93% 79.93%
True Netral (Aktual Netral, Prediksi Netral) THt Precision 88.89%

True Positive (Aktual Positif, Prediksi Positif) ™ Recall 35.02%

False Positive (Akual Negatif, Prediksi Positif) FP F1-Score 50.25%

False Positive Netral (Aktual Netral, Prediksi Positif) FPt

False Megative (Aktual Positif, Prediksi Megatif) FN vai dokumen:

False Netral (Akual Posif, Prediksi Neiral) FNE

Total data (jumlah semua sel) Total

Metrik Evaluasi per Kelas (Precision, Recall, F1-Score)

Negatif 120 1075 “ 405 69.24% 98.21% 81.22% 2464 Paling banyak data|
Netral — 0 471 3469 100.00% 0.84% 1.67% 475 Kelas minoritas
Positif 93 653 2846 79.10% 35.02% 48.55% 1005 Kelas target utama
Macro Average 82.78% 44.69% 43.81% 3944 Rata-rata sederhana
Weighted Average 75.46% 70.39% 63.32% 3944 Bobot proporsional
Accuracy (Overall) 70.39% 70.39%

Perhitungan Manual Metrik Evaluasi (SVM) dari Confusion Matrix

Aktual \ Prediksi Negatif Netral Positif Total Aktual

Negatif
Netral
Positif

Total Prediksi

Metrik (rumus di Excel)

Komponen (sesuai notasi di dokumen)

True Negative (Aktual Negatif, Prediksi Negatif) Accuracy 88.32% 88.32%
True Netral (Aktual Netral, Prediksi Netral) TNt Precision 83.60% 83.60%
True Positive (Aktual Positif, Prediksi Positif) TP Recall 72.04% 72.04%
False Positive (Aktual Negalif, Prediksi Positif) FP F1-Score 77.39% 77.39%
False Positive Netral (Aktual Netral, Prediksi Positif) FPt

False Negative (Aktual Positif, Prediksi Negatif) N us sesuai dokumen.

False Netral (Aktual Positif, Prediksi Netral) FNt

Total data (jumlah semua sel) Total

Metrik Evaluasi per Kelas (Precision, Recall, F1-Score)

Negatif 384 200 1096 85.50% 91.88% 88.58% | 2464 | Paiing banyak dats|
Netral 106 264 3363 66.56% 44.42% 53.28% 475 Kelas minoritas
Positif 724 255 281 2664 73.95% 72.04% 72.98% 1005  |Kelas target utama
Macro Average 75.34% 69.45% 71.61% 3944  Rata-rala sederhana
Weighted Average 80.28% 81.11% 80.35% 3944 | Bobot proporsional
Accuracy (Overall) 81.11% 81.11%
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4. Perbandingan Dengan Grafik Tabel

F1-Score per Kelas: Naive Bayes vs SVM
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Precision per Kelas: Naive Bayes vs SVM
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Recall

Recall per Kelas: Naive Bayes vs SVM
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