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I Abstract |

This study develops and evaluates models for predicting the realized housing supply from apartment
projects permitted in the Seoul Metropolitan Area. Using permit histories from January 2010 to
December 2019 as training data and apartment projects permitted in 2020 as a holdout test set,
the study compares a simple averaging approach, a survival analysis model, and a Light Gradient
Boosting Model (LightGBM) 4-way ensemble model. Whereas the benchmark models rely on static
information available at the time of permit approval (forecasting), the proposed machine learning
model is designed as a conditional short-term prediction (nowcasting) framework that incorporates
dynamically updated administrative information. To isolate the predictive value of administrative
supply data, the explanatory variables are limited to supply pipeline- and schedule-related
information, including stage-specific backlogs and elapsed-time variables, while excluding market,
financial, and spatial variables. The results show that the machine learning-based model,
benefiting from this expanded information set, produces lower prediction errors in monthly
completion forecasts and more accurately tracks cumulative completions than the benchmark
models. These findings suggest that realized housing supply is explained less by aggregate permit
volume than by the dynamically evolving backlog and duration structure embedded in the housing
supply pipeline. Overall, the study demonstrates that a practically useful conditional prediction
framework can be developed using administrative housing supply data alone.

Keywords: Realized housing supply, Completion volume forecasting, Survival analysis, Machine
learning, Light gradient boosting model (LightGBM) ensemble
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(histogram-based binning)?} &2 Eg]

4 | exg | 60 | 90Y
23 ST | MAE® | Ol | O
%) | (&) | OB | (%)

LightGBM &&&° 71.2 | 286 | 87.1 | 94.7

HistGradientBoosting| 25.4 93 53.9 | 63.8

Random Forest 20.3 102 | 49.2 59.8

XGBoost 254 101 | 494 | 621
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SH 4H2 85% 0|440[CH0: 2023'H 32 AH| 2,960A
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2)2F MH| PTC Xf0|2] =i W, 0ff) MAE=28.620]
M, B XOE MA U ot H 0| A2 0S
ol USES 20|tk
3) 9 2 G0 A RHESH D,
4) MAE, mean absolute error; LightGBM, light gradient
boosting model; XGBoost, eXtreme gradient boosting.
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2d 85 MAE(Y) | 43 MAE(Z) | 602! 0|Li(%) | 90 O|LH(%) | 7H=SXI(%)
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3) MAE, mean absolute error.
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any | cxozas |SUL0FE) T
1 100.00 0.00 0.00
12 99.13 0.14 0.87
24 96.34 0.44 3.66
36 74.32 1.41 25.68
48 59.31 0.90 40,69
60 52.91 0.42 47.09
72 47.66 0.21 52.34
84 42.24 0.31 57.76
9% 36.94 0.82 63.06

108 33.47 0.00 66.53
120 31.29 0.31 68.71
132 29.99 0.00 70.01
144 28.75 0.00 7125
156 27.79 0.04 72.21
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(B 8) UHZEZZI BRY 7I9H015, HELH0IS, Machine Learning 05 2t 2 HThAt

zaoy | uNE3y | mawns | szesas | e | ZREL L TR |l mmos
20-06 8

20-07 21

20-08 25

20-09 36

20-10 21 53 26 32 5
20-11 69 24

20-12 164 95 53 69 111
21-01 36 35 52 1 16
21-02 49 124 57 75 8
21-03 86 149 29 63 57
21-04 319 179 76 140 243
21-05 226 241 103 15 123
21-06 180 230 160 50 20
21-07 123 257 194 134 71
21-08 354 204 209 60 145
21-09 251 339 247 88 4
21-10 251 352 286 101 35
21-11 449 366 204 83 245
21-12 399 380 483 19 84
22-01 404 444 226 40 178
22-02 313 321 419 8 106
22-03 347 212 309 135 38
22-04 683 744 536 61 147
22-05 152 984 381 832 229
22-06 417 1,313 510 896 93
22-07 1,241 1,621 1,001 280 240
22-08 2,260 1,644 2,166 616 o4
22-09 1,023 1,822 1,067 799 44
22-10 1,178 5,070 2,100 1,120 3,892 922 58
22-11 593 17,516 2,721 630 16,923 2,128 37
22-12 2,666 12,307 2,633 2,398 9,752 78 157
23-01 2,544 11,049 3,272 2,480 8,505 728 64
23-02 2,562 9,068 3,394 2,171 6,506 832 391
23-03 2,960 12,403 491 2,680 9,443 1,951 280
23-04 8,781 19,705 3,998 8,611 10,924 4,783 270
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(¥ 8) Continued

zaoy | uNE3y | mawns | szesas | e | ZREL L TR |l mmos
23-05 6,577 11,893 4,110 6,211 5,316 2,467 366
23-06 4,534 11,372 3,985 4,447 6,838 549 87
23-07 2,437 16,223 4,102 2,405 13,786 1,665 32
23-08 5,291 12,852 3,745 5,453 7,561 1,546 162
23-09 4,517 38,138 3,825 3,849 33,621 692 668
23-10 6,701 33,082 3,828 6,813 26,381 2,873 12
23-11 948 3,467 983 2,519 35
23-12 8,835 2,748 8,312 6,087 523
24-01 6,605 2,956 7,235 3,649 630
24-02 2,418 2,213 2,571 205 153
24-03 3,435 2,491 2,701 944 734
24-04 1,895 2,253 1,921 358 26
24-05 833 2,046 1,045 1,213 212
24-06 786 2,077 910 1,291 124
24-07 125 1,875 282 1,750 157
24-08 4,998 1,611 4,662 3,387 336
24-09 606 1,993 466 1,387 140
24-10 1,975 1,169 2,055 806 80
24-11 1,658 1,419 1,508 239 150
24-12 3,739 1,356 3,837 2,383 98
25-01 748 1,154 649 406 99
25-02 1,644 1,028 1,263 616 381
25-03 592 1,150 609 558 17
25-04 1,674 1,219 1,563 455 1M1
25-05 697 831 427 134 270
25-06 242 987 407 745 165
25-07 629
25-08 752
25-09 418 123 392 295 26
25-10 426 472 46
25-11 1,003 283 770 720 233
25-12 1,273 142 1,320 1,131 47
A 108,551 210,678 97,326 103,874 159,448 57,135 9,767
B 1,809 16,206 1,453 1,731 12,265 952 166
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