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Comparison of Performance between MLP and RNN Model to
Predict Purchase Timing for Repurchase Product
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Abstract

Existing studies for recommender have focused on recommending an appropriate item based on the
customer preference. However, it has not yet been studied actively to recommend purchase timing for the
repurchase product despite of its importance. This study aims to propose MLP and RNN models based
on the only simple purchase history data to predict the timing of customer repurchase and compare
performances in the perspective of prediction accuracy and quality. As an experiment result, RNN model
showed outstanding performance compared to MLP model. The proposed model can be used to develop
CRM system which can offer SMS or app based promotion to the customer at the right time. This model
also can be used to increase sales for repurchase product business by balancing the level of order as
well as inducing repurchase of customer.
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<Figure 1> Architecture of Recurrent Neural Network
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Step 1) Input z = [z,, zy, -+ ;]

Step 2) Compute output of each layer(d') include final layer(T) by forward computing
Z;ZZ 1+b] a —U(z) where (layer) = 2, 3, - -, T, o sigmoid i
k

Step 3) Compute error value for final layer(s7)
67 =28_ 28 (.1
oz oa] -

Step 4) Compute error value of each layer by backpropagating final error value(é”)
6l Eu/“&’“ /( ) for eachl= T—1, T—2, -+, 2

Step 5) Compute gradlent by multiplying error value(Step 4) and output value(Step 2)
8E l 14
J 9

jk b’ i

<Figure 2> Procedure of Computing Gradient for Backpropagation Algorithm

Step 1) Input z = [z, 2y, -+, ]

Step 2) Compute output of each layer(s,) include final layer(T) by forward computing
2, = Uz, + Ws,_, sfa( ) for each t =1, 2, -+, T, 0¥ tanh <

)

Step 3) Compute error value for final layer(s”)
5 2B _OE
= -

0zp  0Sp ZT)

Step 4) Compute error value of each layer by backpropagating final error value(é7)
0, = W6z+10 (71)’ for eacht=1,2,---, T—1
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Step 5) Compute gradient by multiplying error value(Step 4) and output value(Step 2) and

aggregating all values

0B 'S B IS
= 0,8, , ——= 6,
w tz:]() T t;) i

<Figure 3> Procedure of Computing Gradient for BPTT Algorithm
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X2 X3 Xg

Term 1

x;: = 1, if purchased
0, if not purchased

Xn—3 Xn—2 Xn_q1 Xn

Term T-1

<Figure 4> Architecture of MLP and Input Data Format
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(Table 1) Definition of Purchase Pattern

NO Patterns NO Patterns

1 0-0-0-0 No purchase 9 1-0-0-0 Weekday meal purchase

2 | 0-0-0-1 Weekend nosh purchase 10 | 1-0-0-1 Weekday meal+Weekend nosh
3 | 0-0-1-0 Weekend meal purchase 11 | 1-0-1-0 Meal purchase

4 | 0-0-1-1 Weekend purchase 12 | 1-0-1-1 Meekday Meal+Weekend

5 | 0-1-0-0 Weekday nosh purchase 13 | 1-1-0-0 Weekday purchase

6 0-1-0-1 Nosh purchase 14 | 1-1-0-1 Weekday+Weekend nosh

7 | 0-1-1-0 Weekday nosh+Weekend meal 15 | 1-1-1-0 Weekday+Weekend meal

8 | 0-1-1-1 Weekday nosh+Weekend 16 | 1-1-1-1 Always purchase
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e - S e
x,: Purchase pattern of term t (1~ 16)
0,: Predicted purchase pattern of term t (Probability)
<Figure 5> Architecture of RNN and Input Data Format
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(Table 2> Generation Types and Generating Methods for Input

Generation TYPE

Customer Type

Generating methods

T1

Rare purchase customer

- Randomly assign 0 or 1 for 32 buckets
- 10% probability for 1

T2

Loyal customer

- Randomly assign 0 or 1 for 32 buckets
- 40% probability for 1

T3

Increasing purchase

- 10% probability of 1 for 1~2 weeks
- 20% probability of 1 for 3~4 weeks
- 30% probability of 1 for 5~6 weeks
- 40% probabhility of 1 for 7~8 weeks

T4

Decreasing purchase

- 40% probability of 1 for 1~2 weeks
- 30% probability of 1 for 3~4 weeks
- 20% probability of 1 for 5~6 weeks
- 10% probability of 1 for 7~8 weeks

TS

Weekday meal purchase

- 40% probability of 1 for (4n+1)th buckets
- 10% probability of 1 for the other buckets

T6

Weekday nosh purchase

- 40% probability of 1 for (4n+2)th buckets
- 10% probability of 1 for the other buckets

Weekend meal purchase

- 40% probability of 1 for (4n+3)th buckets
- 10% probabhility of 1 for the other buckets

T8

Weekend nosh purchase

- 40% probability of 1 for (4n+4)th buckets
- 10% probability of 1 for the other buckets
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(Table 3) MLP-Prediction Accuracy

Total Prediction accuracy by generation type
Models Data 8
Acc T1 T2 T3 T4 T5 T6 T7 T8
1 Hid = 100 Train 0.435 0.667 0.250 0.150 0.583 0.433 0517 0.400 0.483
Epo = 5,000 Test 0.347 0.525 0.100 0.125 0.400 0.375 0.350 0.325 0.575
5 Hid = 100 Train 0.429 0.650 0.267 0.117 0.550 0.433 0.517 0.400 0.500
Epo = 10,000 Test 0.334 0.500 0.100 0.125 0.425 0.350 0.350 0.325 0.500
3 Hid = 100 Train 0.438 0.650 0.333 0.117 0.550 0.433 0.483 0.383 0.550
; Epo = 15,000 Test 0.331 0.500 0.075 0.125 0.425 0.350 0.325 0.350 0.500
4 Hid = 100 Train 0.438 0.583 0.350 0.167 0.533 0.483 0.483 0.383 0.517
Epo = 20,000 Test 0.303 0.500 0.075 0.125 0.375 0.300 0.250 0.425 0.375
5 Hid = 200 Train 0.442 0.617 0.350 0.133 0517 0.467 0.467 0.400 0.583
' Epo = 15,000 Test 0.334 0.525 0.150 0.100 0.350 0.350 0.300 0.400 0.500
6 Hid = 300 Train 0.446 0.550 0.467 0.167 0.550 0.367 0.500 0417 0.550
Epo = 15,000 Test 0.309 0.575 0.075 0.150 0.350 0.350 0.275 0.300 0.400
7 Hid = 500 Train 0.481 0.583 0517 0.167 0.550 0517 0517 0417 0.583
Epo = 15,000 Test 0.331 0.550 0.075 0.125 0.375 0.325 0.375 0.350 0475
g Hid = 800 Train 0.498 0.583 0.550 0.183 0.617 0.517 0.533 0.500 0.500
Epo = 15,000 Test 0.341 0.550 0.125 0.150 0.300 0.375 0.375 0.375 0475
9 Hid = 800 Train 0517 0.517 0.567 0.217 0.600 0.583 0.567 0.600 0.483
Epo = 20,000 Test 0.319 0.500 0.100 0.200 0.250 0.350 0.350 0.425 0.375
(Table 4> RNN-Prediction Accuracy
Total Prediction accuracy by generation type
Models Data N
Acc T1 T2 T3 T4 T5 T6 T7 T8
1 g;)% - i% Train 0.423 0.633 0.283 0.117 0.683 0.367 0.517 0.300 0.483
Trunc = 3 Test 0.400 0.600 0.050 0.125 0.600 0.350 0.400 0.500 0.575
5 %%((i) - i% Train 0.442 0.617 0.317 0.133 0.683 0.400 0.533 0.333 0.517
Trunc = 4 Test 0.394 0.600 0.025 0.150 0.600 0.400 0.400 0.425 0.550
3 %%((i) - %% Train 0.423 0.633 0.250 0.133 0.683 0.367 0.517 0.333 0.467
Trunc = 3 Test 0.406 0.600 0.075 0.125 0.575 0.400 0.400 0.500 0.575
4 II::ILI)C(I) - %% Train 0.444 0.633 0.333 0.167 0.683 0.400 0.517 0.350 0.467
Trunc = 3 Test 0.397 0.575 0.075 0.150 0.575 0.350 0.400 0.450 0.600
5 EIII)% - 27% Train 0.435 0.633 0.283 0.167 0.600 0417 0.517 0.350 0.517
Trunc = 3 Test 0.388 0.600 0.075 0.125 0.575 0.375 0.400 0.375 0.575
6 EIII)% - %% Train 0.496 0.633 0.383 0.317 0.617 0.517 0.517 0.467 0.517
Trunc = 3 Test 0.384 0.600 0.075 0.150 0.550 0.350 0.375 0.450 0.525
7 IEZILI)% - Sé% Train 0.490 0.650 0.400 0.283 0.667 0.450 0.550 0.383 0.533
Trunc = : Test 0.409 0.600 0.100 0.150 0.575 0.400 0.400 0.475 0.575
8 IEZILI)% - %% Train 0475 0.633 0.433 0.183 0.667 0.450 0.517 0.383 0.533
Trunc = 3 Test 0.391 0.600 0.075 0.125 0.575 0.425 0.375 0.425 0.525
9 IEZILI)% - %% Train 0479 0.633 0.383 0.283 0.700 0.433 0.533 0.383 0.483
Trunc = : Test 0.384 0.600 0.050 0.100 0575 0.425 0.375 0.400 0.550
10 I}:j%% - é% Train 0.508 0.600 0.517 0.317 0.667 0.483 0.517 0.500 0.467
Trunc = 4 Test 0.359 0.575 0.100 0.100 0.450 0.400 0.325 0.450 0475
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(Table 5) MLP-Prediction Quality

Total Precision and spam rate by generation type
Models Data
Acc T1 T2 T3 T4 T5 T6 T7 T8
1 Hid = 100 Prec 0.140 0.000 0.250 0.167 0.000 0.400 0.000 0.133 0.000
Epo = 5,000 Spam 0.439 1.000 0.083 0.167 0.800 0.400 0.500 0.533 0.000
5 Hid = 100 Prec 0.160 0.000 0.231 0.143 0.143 0.286 0.000 0.211 0.000
Epo = 10,000 Spam 0.440 1.000 0.077 0.143 0.643 0.429 0.333 0.526 0.600
3 Hid = 100 Prec 0.169 0.143 0.182 0.167 0.133 0.333 0.000 0.211 0.143
' Epo = 15,000 Spam 0434 0.714 0.091 0.167 0.600 0.444 0.333 0.474 0.571
4 Hid = 100 Prec 0.157 0.111 0.125 0.100 0.150 0.200 0.000 0.304 0.133
Epo = 20,000 Spam 0.426 0.556 0.062 0.100 0.600 0.500 0.500 0.391 0.667
5 Hid = 200 Prec 0.189 0.167 0.364 0.091 0.118 0.333 0.000 0.278 0.125
Epo = 15,000 Spam 0.422 0.667 0.000 0.182 0.706 0.444 0.400 0.444 0.500
6 Hid = 300 Prec 0.142 0.250 0.154 0.133 0.111 0.250 0.000 0.143 0.167
Epo = 15000 Spam 0.398 0.375 0.077 0.067 0.667 0.375 0417 0.476 0.556
7 Hid = 500 Prec 0.152 0.167 0.100 0.091 0.133 0.308 0.000 0.182 0.182
Epo = 15000 Spam 0.362 0.500 0.050 0.091 0.733 0.462 0.143 0.409 0.545
8 Hid = 800 Prec 0.162 0.167 0.190 0.077 0.105 0.308 0.000 0.200 0.167
Epo = 15000 Spam 0.333 0.500 0.048 0.000 0.737 0.308 0.143 0.400 0.500
9 Hid = 800 Prec 0.159 0.200 0.083 0.167 0.091 0.308 0.000 0.273 0.158
Epo = 20,000 Spam 0.348 0.600 0.000 0.000 0.727 0.385 0.200 0.364 0.579
(Table 6> RNN-Prediction Quality
Total Precision and spam rate by generation type
Models Data -
Acc T1 T2 T3 T4 T5 T6 T7 T8
1 ggi - i% Prec 0.167 - 0.091 0.000 - 0.000 - 0.667 0.000
Trunc = 3 Spam 0.167 - 0.091 0.000 - 1.000 - 0.333 0.000
5 ggi - i% Prec 0.207 - 0.071 0.250 0.000 1.000 - 0.375 0.000
Trunc = 4 Spam 0.241 - 0.071 0.000 0.000 0.000 - 0.625 1.000
3 ggi - %% Prec 0.250 = 0.182 0.000 0.000 1.000 = 0.667 =
Trunc = 3 Spam 0.150 - 0.091 0.000 0.333 0.000 - 0.333 -
4 II::ILI)% - %% Prec 0.159 0.000 0.14 0.182 0.000 0.167 0.000 0.200 0.333
Trunc = 3 Spam 0.182 1.000 0.077 0.091 0.333 0.333 0.000 0.400 0.000
5 II::ILI)% - 27% Prec 0.167 - 0.125 0.000 0.000 0.286 0.500 0.273 0.000
Trunc = 3 Spam 0.250 - 0.062 0.000 0.333 0.286 0.500 0.636 0.000
6 II::ILI)% - %% Prec 0.140 - 0.133 0.091 0.143 0.167 0.250 0.250 0.000
Trunc = 3 Spam 0.228 - 0.067 0.000 0.429 0.333 0.500 0.375 0.333
7 I}EILI)% - Sé% Prec 0.191 0.000 0.158 0.167 0.000 0.286 0.250 0.400 0.000
Trunc = ¢ Spam 0.128 0.000 0.053 0.000 0.250 0.143 0.250 0.400 0.000
8 I}EILI)% - %% Prec 0.137 - 0.105 0.000 0.000 0.429 0.000 0.222 0.000
Trunc = 3 Spam 0.196 - 0.053 0.000 0.200 0.143 1.000 0.444 1.000
9 I}EILI)% - %% Prec 0.154 - 0.0711 0.000 0.000 0.500 0.250 0.267 0.000
Trunc = ° Spam 0.250 - 0.071 0.091 0.500 0.000 0.500 0.467 0.500
10 I}::IFI)% - é% Prec 0.123 0.000 0.200 0.000 0.000 0.333 0.000 0.308 0.000
Trunc = 4 Spam 0.284 1.000 0.100 0.071 0.462 0.167 0.500 0.385 0.500
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